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Abstract

To address the high dependence on diesel generation, renewable energy variability, and
limited demand-side flexibility of remote islanded microgrids, this study develops a low-
carbon economic dispatch framework for an islanded photovoltaic-wind—-diesel-battery
energy storage system with coordinated demand response. The proposed model minimizes
the operating cost, pollutant treatment cost, and load-loss penalty cost while satisfying
generation-output, battery state-of-charge, charging and discharging, demand-response,
and islanded power-balance constraints. To solve the resulting high-dimensional, nonlinear,
and strongly constrained optimization problem, a rotation quantum particle swarm opti-
mization algorithm (RQPSO) is proposed. In contrast to the conventional velocity—position
update, RQPSO independently encodes each decision variable using a full-dimensional
quantum phase representation and performs the search through a shortest-path rotation-
guided phase-updating mechanism. Adaptive angular mutation, elite local refinement, and
stagnation-aware restart are further incorporated to balance global exploration, local ex-
ploitation, and convergence stability. The algorithm is evaluated using nine 30-dimensional
benchmark functions and representative 24 h forecasted load and renewable-generation
profiles for Island data. Under the reliability-priority scheduling scheme, RQPSO achieves a
total scheduling cost of 69,017.69 CNY, diesel fuel consumption of 6636.20 kg, and estimated
CO, emissions of 18,332.49 kg. Compared with conventional PSO, these three indicators
are reduced by 9.34%, 12.25%, and 12.25%, respectively. RQPSO also reduces the total cost
by 6.16-27.36% relative to six comparison algorithms. The results demonstrate that the
coordination of demand response and battery storage can improve peak-valley regulation,
reduce diesel dependence and emissions, and maintain feasible and economical operation
under different renewable-generation conditions.

Keywords: islanded microgrid; renewable energy; low-carbon economic scheduling;
rotation quantum particle swarm optimization; demand response

1. Introduction

Against the background of the global low-carbon energy transition and the growing
demand for reliable power supply in remote areas, microgrids have become an impor-
tant technical solution for enhancing regional energy self-sufficiency and promoting the
consumption of renewable energy, owing to their ability to integrate distributed gener-
ation, energy storage systems, and flexible load resources. For remote islands, off-grid
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communities, and weak-grid regions, conventional power supply systems still largely rely
on local controllable sources, such as diesel generators. Although these sources can meet
basic load demand to some extent, they are often associated with high fuel transportation
costs, insufficient supply security, and considerable pollutant emissions. In recent years,
power supply systems on remote islands have gradually shifted from diesel-dominated
configurations toward renewable-energy-based hybrid systems with a higher penetration
of clean energy [1]. Therefore, improving renewable energy utilization, reducing diesel
fuel consumption, and enhancing operational economy while maintaining power supply
reliability have become key issues in the optimal operation of islanded microgrids.

Compared with grid-connected microgrids, islanded microgrids cannot rely on the
external main grid for power support. Their power balance, frequency stability, and reserve
regulation must be maintained jointly by local generation units, energy storage systems, and
demand-side resources. Previous studies have developed unified scheduling frameworks
for both grid-connected and islanded operating modes, indicating that islanded systems
should retain sufficient fuel reserves and battery state of charge to enhance operational
resilience under unexpected disturbances [2]. When distributed generators fail, weather
conditions change abruptly, or renewable energy output decreases, islanded microgrids are
more likely to face load curtailment and power interruption risks. Therefore, improving
the energy management and load regulation capabilities of islanded microgrids is of great
significance [3]. In addition, photovoltaic and wind power outputs are affected by solar
irradiance, ambient temperature, and wind speed, and thus exhibit strong randomness,
intermittency, and volatility. For the economic dispatch of islanded microgrids, renewable
energy and load uncertainties have been incorporated into day-ahead scheduling mod-
els, and the results have shown that such uncertainties significantly affect the economic
performance and feasibility of scheduling schemes [4].

Energy storage systems and demand response are important means of improving
the operational flexibility of islanded microgrids. By properly scheduling charging and
discharging power, energy storage systems can absorb surplus electricity during periods of
high renewable generation or low load demand and release electricity during peak load
periods or renewable energy shortages, thereby mitigating the impact of power fluctuations
on system balance. Studies on remote off-grid microgrids have demonstrated that the
rational configuration and coordinated dispatch of energy storage systems can improve
renewable energy utilization, reduce operating costs, and enhance power supply resilience
under extreme conditions [5]. The combination of hybrid renewable energy systems and
energy storage technologies is also considered an effective pathway for achieving low-
carbon and reliable power supply in remote areas [6]. In addition to energy storage, demand
response can modify user-side electricity consumption behaviour through load curtailment,
load shifting, and flexible load regulation, thereby reducing peak demand, improving load
profiles, and alleviating supply pressure during peak periods without increasing generation
capacity. Probability forecasting, robust optimization, energy storage systems, and hybrid
demand response strategies have been introduced into day-ahead microgrid scheduling
models to improve operational economy;, reliability, and flexibility [7-9]. Moreover, price-
based demand response, incentive-based demand response, and flexible load control
strategies have been applied to microgrid energy management, showing positive effects
on reducing operating costs, improving storage operation, and promoting renewable
energy consumption [10,11]. In addition to battery energy storage and demand response,
renewable hydrogen has become an important emerging option for improving the long-
term flexibility of islanded microgrids [12]. Battery storage is effective for short-term power
smoothing and daily peak—valley regulation, whereas hydrogen storage is more suitable
for long-duration or seasonal energy shifting. Recent studies have investigated hybrid
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hydrogen-battery energy storage systems, renewable power-to-hydrogen systems, and
electricity-hydrogen—water integrated systems for remote islands. These studies show
that hydrogen-based configurations can reduce diesel dependence, improve renewable
energy utilization, and support zero- or low-carbon operation [13]. However, hydrogen
systems still face practical barriers, including high investment cost, conversion efficiency
loss, electrolyzer degradation, hydrogen storage infrastructure, and operational complexity.
In recent years, low-carbon economic dispatch has become an important research
direction in microgrid optimization. Conventional economic dispatch models generally
aim to minimize fuel costs, operation and maintenance costs, and electricity purchase
and sale costs, which are more suitable for grid-connected microgrids or systems with
relatively simple structures. However, for islanded microgrids, scheduling models should
also consider load loss penalties and pollutant emissions from diesel generators so as to
more accurately reflect system reliability and environmental impacts. Existing studies
have introduced integrated demand response, stepped carbon trading mechanisms, carbon
capture, energy storage, carbon taxes, and carbon trading policies into multi-energy mi-
crogrid and multi-microgrid dispatch models to coordinate operational economy, carbon
emission constraints, and energy resource allocation [14-17]. Nevertheless, most existing
studies focus on grid-connected or multi-energy interconnected systems, while the cou-
pling relationship among diesel dependence, renewable energy fluctuations, energy storage
regulation, demand response, and loss-of-load risk in remote islanded microgrids still
requires further investigation. The comparison in Table 1 shows that the existing literature
has provided valuable dispatch models for islanded microgrids. Nevertheless, several
gaps remain. First, many studies mainly emphasize uncertainty modelling, resilience
evaluation, or operation-mode coordination, while the integrated low-carbon economic
dispatch of remote islanded microgrids with diesel dependence, pollutant treatment cost,
battery regulation, demand response, and load-loss penalty is still insufficiently explored.
Second, although several metaheuristic algorithms have been applied to microgrid dispatch,
conventional velocity—position-based swarm algorithms may still suffer from premature
convergence and insufficient local exploitation when solving high-dimensional constrained
scheduling problems. Third, the coordination mechanism between demand response and
battery storage in reducing diesel output, improving renewable accommodation, and
maintaining islanded power balance requires further quantitative verification.

Table 1. Comparison of representative islanded microgrid dispatch studies.

Study

Configuration Main Focus Uncertainty Solution Method

Hou et al. [18]

Islanded microgrid with
renewable generation

Data-driven

two-stage day-ahead

Machine learning-based

Renewable and load forecasting + dispatch

uncertainty

and load resources economic dispatch optimization
PV-diesel-battery Islanded resilience,
Wodicker microgrid under Unified dispatch for  fuel reserve, battery .
etal. [19] grid-connected and cost and resilience SOC, unserved MPC-based dispatch
islanded modes energy
. D e . Resource
Hosseina E}gzn%?slcé(\)/g%?{“;fé i{sz;llen:r?;io;ézgted interruptions, load Multi-objective Moth
et al. [20] T Y curtailment, voltage  Flame Algorithm

compensation devices

management

deviation, emissions

In terms of solution methods, microgrid optimal dispatch problems are typically
characterized by high dimensionality, strong constraints, non-convexity, and nonlinearity.
Traditional mathematical programming methods may require considerable model simplifi-
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cation and suffer from increased computational burden when dealing with complex models
and numerous constraints. In contrast, metaheuristic algorithms do not require gradient
information of the objective function and possess strong global search capability; therefore,
they have been widely used in microgrid energy management and economic dispatch prob-
lems [21]. Among them, particle swarm optimization has been extensively applied because
of its simple structure, few control parameters, and fast convergence speed. However, the
conventional velocity—position updating mechanism of particle swarm optimization can
easily lead to premature convergence in complex high-dimensional search spaces due to the
loss of population diversity. To address this issue, improved particle swarm optimization
algorithms and hybrid methods combining chaotic search with particle swarm optimization
have been applied to microgrid dispatch problems involving wind power, photovoltaic
generation, energy storage, and controllable generation units, thereby enhancing global
search and local exploitation capabilities [22,23].

Quantum-behaved particle swarm optimization introduces quantum-state representa-
tion and probabilistic search mechanisms, which can improve search randomness and help
particles escape from local optima. Previous studies have shown that hybrid quantum-
behaved particle swarm optimization can be used to solve non-convex economic load
dispatch problems with multiple fuel types and valve-point effects, demonstrating good
performance in alleviating premature convergence and local optima [24]. Enhanced quan-
tum particle swarm optimization has also been applied to combined economic and emission
dispatch problems, achieving a balance between early-stage global exploration and later-
stage local exploitation [25]. In addition, improved quantum particle swarm optimization
algorithms have been applied to microgrid optimal dispatch, providing new solution ideas
for complex power scheduling problems. However, when dealing with high-dimensional
dispatch variables in islanded microgrids, existing quantum particle swarm optimization al-
gorithms may still suffer from unstable search directions, excessive dependence on penalty
functions for constraint handling, and insufficient local exploitation capability in the later
search stage.

To address the above issues, this study takes the islanded microgrid on San Cristébal
Island, Ecuador, as the research object and establishes a low-carbon economic dispatch
model considering the coordination between demand response and energy storage. The
proposed model comprehensively considers photovoltaic generation, wind power, diesel
generators, energy storage systems, and flexible loads. The total objective includes system
operating cost, pollution treatment cost, and loss-of-load penalty cost. Meanwhile, the
model incorporates the power balance constraint under islanded operation, generation
output constraints, battery state-of-charge constraints, charging and discharging power
constraints, and demand-response constraints. In terms of the solution method, a rotational
quantum particle swarm optimization algorithm is proposed. The traditional velocity—
position updating mechanism is replaced by quantum phase encoding and rotation gate
updating, and quantum NOT-gate perturbation and stagnation-aware reinitialization strate-
gies are introduced to enhance global search capability and population diversity. Finally,
simulations are conducted based on a 24 h typical daily scheduling scenario. The proposed
algorithm is compared with PSO, GWO [26], BWO [27], and SSA [28], and its effectiveness
is verified in terms of total cost, convergence accuracy, and operational stability.

The main contributions of this study are summarized as follows:

(1) A low-carbon economic dispatch framework is formulated for a practical PV-WT-
DE-BESS islanded microgrid with coordinated demand response. Different from
studies that mainly focus on system planning, uncertainty forecasting, or resilience
evaluation, this study emphasizes the joint scheduling of diesel generation, battery
storage, load shedding, and load shifting under an islanded power balance.
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(2) The objective function integrates operating cost, pollutant treatment cost, and load-
loss penalty cost, so that economy, environmental impact, and power supply reliability
can be evaluated within a unified dispatch model. This formulation is used to quantify
how demand response and battery storage reduce diesel dependence and improve
renewable energy accommodation.

(8) Compared with existing quantum-inspired PSO variants, the proposed RQPSO in-
troduces a full-dimensional quantum phase representation, in which each decision
variable is independently encoded by a phase angle. This design preserves the search
freedom of high-dimensional scheduling variables and avoids dimensional compres-
sion. Moreover, a shortest-path rotation-guided updating mechanism is developed to
replace the conventional velocity—position model, while adaptive angular mutation,
elite local refinement, and stagnation-aware restart are integrated to improve the
balance between global exploration, local exploitation, and convergence stability.

2. Microgrid Model

The islanded microgrid studied in this study consists of a photovoltaic (PV) generation
system, a wind turbine (WT) generation system, a diesel engine (DE), a battery energy
storage system (BESS), and electrical loads. PV and WT systems serve as the main renewable
energy generation units, while the DE acts as a controllable supporting power source. The
BESS is used to smooth renewable energy fluctuations and participate in peak—valley
regulation. Demand response resources improve the operational flexibility of the system
through load shedding and load shifting.

2.1. Mathematical Model of PV Arrays

Ppy(t) = npySé (1)

where Ppy (t) denotes the power output of the photovoltaic generation system; #py repre-
sents the conversion efficiency of the PV cells; S is the area of the PV panels; and J denotes
the solar irradiance.

The PV model is used as a dispatch-level representation to estimate the available
PV power at an hourly resolution. The conversion efficiency is treated as an equivalent
efficiency parameter, which can incorporate the average effects of PV cell efficiency, in-
verter efficiency, and other power conversion losses. Detailed temperature-dependent PV
characteristics are not explicitly modelled because the main purpose of the PV model is
to provide the available renewable power boundary for the economic dispatch problem
rather than to perform device-level photovoltaic performance simulation.

2.2. Mathematical Model of the Wind Turbine

0 U < Ve OT U 2= Ugo
Pn(v—vg

Py = ¢ B=ta) 5 <o < oy (2)
Pn Un < U < Uco

where Pyt denotes the output power of the wind turbine; Py represents the rated power
of the wind turbine; and v, vn, and v, denote the cut-in wind speed, rated wind speed,
and cut-out wind speed, respectively.

The WT model adopts a standard piecewise dispatch-level power curve determined
by the cut-in, rated, and cut-out wind speeds. This simplified representation is commonly
used in hourly microgrid scheduling because it captures the main operational relationship
between wind speed and available wind power. Detailed aerodynamic efficiency curves,
pitch-control dynamics, and generator-side losses are not explicitly represented. Their
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average effects are assumed to be reflected in the rated power curve and the forecasted
wind power profile used in the scheduling case.

2.3. Mathematical Model of the Battery Energy Storage System

SOC = % x 100% ©)]

SOC(t—1) + W%PBA(t) Pga <0

SOC(t) = .
SOC(t — 1) +7 PBA(t) Pgp >0

(4)
where C; and C denote the remaining energy and rated capacity of the BESS, respectively;
SOC(t) represents the state of charge of the BESS at time t; Pga(f) denotes the charg-
ing/discharging power of the BESS at time t, where Pga (t) > 0 indicates charging and
Pga(t) < 0 indicates discharging; and 7 and 7~ represent the charging and discharging
efficiencies, respectively.

2.4. Mathematical Model of the Diesel Engine

F(t) = aPpg(t) + bPpeN(t) 5)

where F(t) denotes the fuel consumption; Ppg(t) and Ppgn(t) represent the power output
and rated power of the diesel generator at time t; a and b are the fuel consumption
coefficients.

In summary, the mathematical models of the PV array and wind turbine show that
their output power is highly dependent on natural conditions, including solar irradiance
and wind speed. Consequently, these renewable energy sources exhibit inherent intermit-
tency and variability. To effectively mitigate such fluctuations, a comprehensive energy
management strategy is required. Therefore, in microgrid scheduling, renewable gener-
ation should be coordinated with other distributed generation units and energy storage
devices to smooth power fluctuations and ensure a stable power supply.

3. Optimal Scheduling Model of the Islanded Microgrid
3.1. Modelling Assumptions

To clarify the scope and applicability of the proposed islanded microgrid scheduling
model, the following modelling assumptions are adopted in this study:

(1) Islanded operation assumption. The studied microgrid operates in islanded mode
during the whole scheduling horizon. Therefore, there is no power exchange with
the external main grid, and the active power balance must be maintained by local PV
generation, wind generation, diesel generation, battery energy storage, and demand
response resources.

(2) Scheduling horizon assumption. The scheduling horizon is set to 24 h, and the
scheduling interval is 1 h. The model is therefore a day-ahead dispatch model at the
hourly time scale, rather than a real-time dynamic control model.

(3) Renewable generation assumption. PV and wind power are modelled at the dispatch
level. The forecasted PV and WT outputs are regarded as the available upper limits
of renewable generation in each time interval. Detailed PV temperature dynamics,
inverter efficiency variation, turbine aerodynamic characteristics, and pitch-control
dynamics are not explicitly modelled. Their average effects are assumed to be reflected
in the forecasted renewable generation profiles or equivalent efficiency parameters.

(4) Diesel generator assumption. The diesel generator is regarded as a controllable sup-
porting power source. Its output is constrained by the minimum and maximum
generation limits. Detailed start-up/shut-down processes, minimum on/off time con-
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straints, and transient dynamics are not considered because the focus of this study is
hourly economic dispatch rather than unit commitment or dynamic stability analysis.

(5) Battery energy storage assumption. The BESS is used for peak shaving, valley filling,
and renewable energy smoothing. The charging and discharging efficiencies are
assumed to be constant during the scheduling horizon. The SOC is constrained within
the prescribed lower and upper limits. Detailed battery ageing, thermal dynamics,
and degradation mechanisms are not explicitly modelled; their effects are represented
by the equivalent storage operation and maintenance cost.

(6) Demand response assumption. Demand response consists of curtailable load and
shiftable load. The maximum load curtailment and load shifting ratios are predefined.
Shiftable load must satisfy the energy conservation constraint over the scheduling
horizon. The compensation coefficients for load curtailment and load shifting are
assumed to be fixed.

(7) Power balance assumption. Only the active power balance is considered in the
proposed scheduling model. AC power flow, voltage regulation, reactive power
compensation, and frequency dynamics are not explicitly included. This assumption
is adopted because the purpose of this study is to evaluate the low-carbon economic
dispatch performance at the system scheduling level.

(8) Cost modelling assumption. The objective function includes operating cost, pollutant
treatment cost, and load-loss penalty cost. Renewable curtailment cost, battery degra-
dation cost, and real-time communication cost are not independently formulated
in the base objective function because the required penalty coefficients or physical
degradation parameters are not available in the case data.

(9) Algorithm comparison assumption. All optimization algorithms are evaluated under
the same system parameters, renewable generation profiles, load data, decision-
variable boundaries, and constraint-handling strategy. Therefore, the comparison
focuses on the search capability, convergence stability, and scheduling performance of
different algorithms under identical input conditions.

3.2. Objective Function

The optimal scheduling model of the microgrid established in this study aims to
minimize the comprehensive scheduling cost of the microgrid system. The cost components
mainly include the system operating cost and the pollutant treatment cost. The operating
cost consists of the fuel cost of the diesel generator and the maintenance costs of distributed
generation units. The pollutant treatment cost accounts for the treatment of CO,, SO,, and
NOy emissions. The scheduling horizon is set to 24 h, with a scheduling interval of 1 h.

3.2.1. Operating Cost

C; represents the daily fuel cost of the diesel generator during microgrid operation:
24
Ci = ) yepilt) (6)
t=1

where y denotes the fuel price in CNY; ¢; is the fuel consumption coefficient of the i-th
controllable generation unit; and p;(t) represents the output power of the i-th controllable
generation unit at time ¢.

C, represents the maintenance cost of distributed generation units:

24
Co =Y ripi(t) 7)
=1

where r; denotes the maintenance coefficient of the i-th distributed generation unit.
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Therefore, the total operating cost of the microgrid is expressed as

A=C+C (8)

3.2.2. Pollutant Gas Treatment Cost

To reduce the environmental pollution caused by controllable generation units, the
microgrid adopts treatment measures for pollutant gas emissions. The corresponding
pollutant gas treatment cost is expressed as

24 m

fo=3Y ayiipi(t) )

t=1j=1

where «; denotes the unit treatment cost of pollutant gas j; y;; represents the emission
coefficient of pollutant gas j for the i-th controllable generation unit; and m is the number
of pollutant gas types.

3.2.3. Load-Loss Penalty Cost

f3= Sploss(t) (10)

where € denotes the load-loss penalty coefficient; Py (t) represents the amount of lost load
at time f, which can also reflect the power supply reliability of the microgrid.

3.2.4. Total Operating Cost

Combining Sections 3.2.1-3.2.3, the total operating cost can be expressed as

fomin=fi+ 2+ f3 (11)

3.3. Constraints
3.3.1. Output Constraints of Generation Units

The active power output constraints of distributed generation units, including PV, WT,
and DE, are expressed as
Pi,min < Pi(t) < Pi,max (12)

where P; in and P, i, denote the minimum and maximum output power of the i-th
generation unit.

For PV and WT units, the upper output limits are determined by the forecasted avail-
able renewable power at each time interval. Therefore, the scheduled PV and WT outputs
cannot exceed the available renewable generation. If the scheduled renewable output
is lower than the available output, the difference can be regarded as unused renewable
energy. In this study, such unused renewable energy is not penalized by an independent
curtailment cost term; instead, the scheduling model encourages renewable utilization
by reducing diesel generation, pollutant treatment cost, and load-loss risk through the
coordinated operation of BESS and demand response.

3.3.2. Charging and Discharging Constraints of the Battery Energy Storage System
The charging and discharging constraints of the battery energy storage system are

given as

{ SBTmin < SBT(f) < SBTmax (13)

Pgrmin < Pr(f) < PBTmax

where Sprmin and Sprmax are the lower and upper limits of the battery capacity; Pprmin and
PBTmax denote the minimum and maximum output power of the battery, respectively.
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3.3.3. Demand Response Constraints
The actual load after demand response is expressed as
DR
Py = Prt — Peut,t + Popife (14)

where P ; denotes the original load; Pyt + represents the curtailable load; and Py ¢ + denotes

the shiftable load. A positive value of Py indicates that load is shifted into the current

period, whereas a negative value indicates that load is shifted out of the current period.
The load shedding constraint is expressed as

0 S Pcut,t S /\cutPL,t (15)

The load shifting constraint is expressed as
—AsniftPLt < Penitp < AsniftPLt (16)

The load shifting conservation constraint is given by

T

Y Paifrr =0 17)
=1

The lost-load constraint is expressed as

0< Ploss,t < /\lossPL,t (18)

where Acut, Aghift, and Ajpgs denote the maximum load-shedding ratio, maximum load-
shifting ratio, and maximum allowable lost-load ratio, respectively.

4. Improved Particle Swarm Optimization Algorithm
4.1. Particle Swarm Optimization Algorithm

Particle swarm optimization (PSO) is a stochastic optimization method based on
swarm intelligence. Each particle (i) in the swarm is characterized by its position and
velocity in an (N)-dimensional search space, which are denoted as X;=(x;1, xi2, . . ., X;n) and
Vi=(vi1,v2, . .., vin), respectively. PSO searches for the optimal solution by balancing the
individual experience of each particle, represented by its personal historical best position
L; = (Iin, 1i,...,lin), and the collective experience of the swarm, represented by the global
historical best position Ly = (Lg1, Ley, ..., LgN). For a swarm containing M particles, the
update equations of the particles are given as follows:

UZ‘H - wkvfj + 17 (l:‘] — xf]) + H21y; (lgﬁj — xf‘]) (19)

W el ol (=12, Mij=1,2,..,N) (20)
where k denotes the k-th iteration; x;; € [¥min, Xmax| and vjj € [Umin, Vmax] Tepresent the
position and velocity of the i-th particle in the j-th dimension, respectively; w* is the inertia
weight; 171 and 77, are the cognitive and social acceleration coefficients, respectively; and r4;
and r;; are random numbers uniformly distributed in the interval [0,1]. The parameters 7
and 77, determine the tendency of particles to move toward the personal best position and
the global best position, respectively. The inertia weight w* reflects the trade-off between
exploration, namely global search, and exploitation, namely local search. In general,
w* gradually decreases with the number of iterations, so as to enhance the exploitation
capability and improve convergence efficiency when the swarm progressively approaches
the optimal solution. PSO has strong exploration capability in the initial stage; however,
when approaching the optimal solution, it may converge prematurely due to insufficient
population diversity.
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4.2. Rotation Quantum Particle Swarm Optimization Algorithm

The improved Full-Dimensional Rotation Quantum Particle Swarm Optimization
algorithm, abbreviated as RQPSO, is a quantum-inspired swarm intelligence algorithm
for high-dimensional continuous constrained optimization problems. Compared with
conventional particle swarm optimization, RQPSO does not update particles through the
traditional velocity-position mechanism. Instead, each decision variable is represented by
an independent quantum phase angle, and the search process is performed in the phase
space through rotation-guided updating.

The core idea is to establish a one-to-one mapping between quantum phase angles and
decision variables. This full-dimensional encoding avoids the loss of search freedom caused
by low-dimensional quantum compression. At the same time, adaptive rotation, random
angular perturbation, elite local refinement, and stagnation-aware restart are introduced to
improve global exploration, local exploitation, and convergence stability.

4.2.1. Full-Dimensional Quantum Phase Encoding

In RQPSO, each particle is encoded by a full-dimensional phase vector rather than a
direct position vector. For the i-th particle, the phase vector is defined as

0; = [0i1,0i2,-..,0ip] (21)

91‘,]' S [0,27‘[] (22)

Each phase angle corresponds to one decision variable. The decoding from phase
space to decision space is given by

sin(0; ;) +1
xij = b+ (= 1)) i) +1 1’2]) (23)
Therefore, the decoded variable always lies within the feasible boundary:
%ij € [l (24)

This mapping has two advantages. First, it naturally transforms any phase angle into
a feasible variable value. Second, it preserves the dimensional independence of decision
variables, making the method more suitable for high-dimensional search spaces.

4.2.2. Rotation-Guided Phase Updating Mechanism

The search direction in RQPSO is determined by the angular distance between the
current phase, the personal best phase, and the global best phase. To ensure that the particle
rotates along the shortest angular path, the angular difference is defined as

A(a,b) =mod(a—b+m,2m) — 7 (25)

For the i-th particle and the j-th dimension, the angular distances toward the personal
best and global best are expressed as

al; = n(or o) (26)

7 Vi,j
g gbest ¢
a5, = o (05,61 (27)

Let the normalized iteration progress be

t

T =
Tmux

(28)
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where t is the current iteration and T4y is the maximum number of iterations. The cognitive
and social attraction coefficients are adjusted adaptively as

Cl(t) — Cﬁturt _ (Citart _ Ceind),f (29)

Cz(t) — C;tart + (and _ C;tart),[ (30)
The rotation step size is controlled by a decreasing rotation scale:
a(t) =m(l—1)+0.057 (31)
The phase increment is calculated as

w(t
56!, = 7) e (Al + (b)) | + o (e (32)

where 1 and r, are random numbers in [0, 1], € is a standard normally distributed random
variable, and o (t) is a decreasing noise intensity.
The phase angle is then updated as
t+1 t t
61 = mod (91.,]- 450 zﬂ:) (33)

ij7

This mechanism enables the algorithm to conduct large-step exploration in the early
stage and small-step exploitation in the later stage.

4.2.3. Adaptive Angular Mutation

To prevent premature convergence and maintain population diversity, RQPSO intro-
duces an adaptive angular mutation probability:

pun(t) = i — (it — i) o (34)

At each iteration, if a particle satisfies the mutation condition, a subset of dimensions
is randomly selected:
M; C{1,2,...,D} (35)

For each selected dimension j € M;, the phase angle is perturbed by
1 1
011 = mod (61 + 7 (2r — 1),27) (36)

where r; is a random number in [0, 1]. The mutation probability is large in the early stage
and small in the later stage. Thus, the algorithm emphasizes diversity at the beginning and
convergence accuracy near the end.

4.2.4. Greedy Selection and Best Solution Updating

After phase updating and decoding, the new position of the particle is obtained as
Xj ey = Decode (Of“) (37)
The new fitness value is calculated as
Finew = f (Xinew) (38)

A greedy selection strategy is adopted. If the new solution is better than the current
solution, the current solution is replaced:
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X; now, Ei < F!
X§+1 _ z,new L,new It (39)
X;, Fi,new > Fi
The personal best solution is updated according to
best
Xpbest o Xi news Fi,new < Fip (40)
i - best best
Xf , Finew > F iP
The global best solution is updated by
x8best _ argminf (xlpbest) (41)

1

This strategy ensures that the best historical information is retained during the
search process.

4.2.5. Elite Local Refinement

To improve the local exploitation capability, RQPSO performs local refinement around
the global best solution. A local candidate solution is generated as

Xloc = ng“t + W(t) (u - 1) © E' (42)

where u and 1 are the upper and lower boundary vectors, ©® denotes element-wise multipli-
cation, & is a standard normally distributed random vector, and #(f) is a decreasing local
search coefficient:
n(t) =no(1—1) (43)
If the local candidate solution has a better objective value than the current global best
solution, it replaces the global best solution. This refinement helps improve convergence
accuracy without changing the main swarm search structure.

4.2.6. Stagnation-Aware Restart Mechanism

When the global best solution does not improve for several consecutive iterations, the
population may have fallen into a local optimum. RQPSO detects stagnation according to

Fsbest(p) — psbest(p —1)| < ¢ (44)
If this condition holds for S consecutive iterations, the worst pN particles are reinitialized:
07 = 27mr; (45)

where N is the population size, p is the restart ratio, and r; is a random vector in [0, 1]D. The
elite particles are retained, while inferior particles are replaced by new random particles.
This mechanism restores population diversity while preserving useful search information.

4.2.7. Algorithm Workflow

The flowchart of RQPSO is shown in Figure 1, and the detailed procedure is described
as follows:

(1) Set the population size, maximum number of iterations, phase angle range, rota-
tion budget, perturbation probability, and the boundaries of each decision variable.
Initialize the high-dimensional scheduling vector by encoding the diesel generator
output, charging/discharging power of the energy storage system, load shedding
amount, load shifting amount, and lost load amount as particles according to the 24 h
time sequence.
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@

®)
@)
®)
(6)

_D{ 6. Enter main loop: t = 1, 2,..., Thax

Randomly initialize the quantum phase angles of each particle. The scheduling vari-
ables are then obtained through the inherent feasible mapping, and the comprehensive
cost fitness is calculated according to the constraint-handling strategy.

Update the personal best and global best solutions. Then, update the phase angles ac-
cording to the rotation-gate mechanism and perform a quantum NOT-gate perturbation.
If the global best solution does not improve within the preset number of generations,
perform stagnation-aware reinitialization on the inferior particles.

Determine whether the maximum number of iterations has been reached. If not,
return to Step (3); otherwise, output the global optimal scheduling scheme.

Use the global best solution as the initial value for local refinement to obtain the final
scheduling result.

1. Start |

¥
2. Input parameters:
population size N, maximum iteration T),4.,
dimension D, lower bound b, upper bound ub,

objective function f(z)

¥
3. Initialize quantum phase angles
Randomly generate phase angle 6, ; € [0, 2x)
for each particle in D-dimensional space
¥
4. Phase decoding
Map phase angles to decision variables:
x5 = by + (uby — lby) - (sin(0;,;) + 1)/2
and perform boundary check to ensure feasibility
¥
5. Fitness luation and initiali
Calculate fitness f(z;),
initialize personal best pbest;

and global best gbest

L2

L2
7. Update adaptive parameters
Update c, (), cz(t), rot_scale(t), noise_scale(t), pmu(t)
L2
8. Update each particle

Compute shortest angular distances to pbest and gbest:
Ap = wrap(pbest; — 6;), Ag = wrap(gbest — 6;)
(2) Compute rotation increment:

A0 = rot_scale(t) - (¢y(t) - vy - Ap + c2(t) - r2 - Ag) /=
(3) Add Gaussian perturbation:
A0 = A0 + noise_scale(t) - randn(1, D)
Update phase angle:
6; = 6; + A8, 6; € [0, 2x)
(5) Adaptive mutation:

For each dimension, with probability p.:(t),

add random perturbation: 6, ; = 6, ; + 7 + (2 - rand ~ 1)
(6) Decode to decision variables x; and evaluate fitness f(x;)
(7) Update personal best pbest;

L 2

| 9. Update global best gbest

n

-

[C)

=

Yes

10. Is gbest improved?

11. Stagnation check and restart
If no improvement for stagnation_limit generations (e.g., 20):
Preserve elite solutions and reinitialize
the worst restart_ratio proportion of particles

Yes

12. I8t < Tax?

13. Local refinement
Perform local search around gbest
(e.g., perturbation-based local search) to further improve solution
¥
14. Output
Output best solution gbest and its fitness f(gbest)

Figure 1. Flow chart of the RQPSO algorithm.
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5. Algorithm Performance Test
5.1. Test Functions

To verify the optimization performance and stability of the improved optimization
algorithm, five algorithms, namely RQPSO, PSO, GWO, BWO, and SSA, are tested and
compared in this study. Nine standard benchmark functions with 30 dimensions are se-
lected [29] to comprehensively evaluate the performance of the five algorithms on different
test functions. The selected test functions are listed in Table 2.

Table 2. Parameters of the benchmark functions.

Function Expression Dimension Search Range Optimum
F1 fi(x ) 1 X7 30 [-100, 100] 0
F2 fo(x) =Y 1|xl|+]—L 1|§cl\ 30 [—10, 10] 0
F3 fa(x) = X 1(21 1x]-) 30 [—100, 100] 0
F4 fa(x ) max;{|x;|,1 <i < n} 30 [—100, 100] 0
F5 f(x) = X5 [100(x1+1 —x5)2+ (x; — 1)2] 30 [—30, 30] 0
F6 fo(x) = ([xl +0.5])? 30 [—100, 100] 0
F7 f7(x) = 1zx + random][0, 1) 30 [—1.28,1.28] 0
F8 fs(x) =YL 1[x —10cos(27tx) +10] 30 [-5.12,5.12] 0
= —20exp | —0.2 x2> -
F9 St p( =1 30 [-32,30] 0

exp (% " cos(27rxi)) +20+e

5.2. Analysis of Benchmark Function Results

To evaluate the convergence performance of each algorithm, each benchmark function
was independently run 30 times. The population size was set to 30, and the maximum
number of iterations was set to 500. The median and interquartile range (IQR) were adopted
as the main statistical indicators. The median reflects the typical convergence accuracy
of the algorithm and is insensitive to outliers, whereas the IQR describes the dispersion
degree of the middle 50% of the results and is used to evaluate algorithm stability.

As shown in Table 2, for the unimodal benchmark functions F1-F4, the median values
obtained by RQPSO all reach 0, and the corresponding IQR values are also 0. This indicates
that the proposed algorithm can stably converge to the theoretical optimum in continuous
differentiable or approximately unimodal search spaces. In contrast, PSO still exhibits
relatively large residual errors on F1-F4, while the median values of BWO and SSA are
considerably larger, indicating that these algorithms are prone to insufficient convergence
or falling into non-optimal regions in high-dimensional search spaces. GWO also achieves
high accuracy on F1 and F2; however, its results still contain errors of a certain order of
magnitude. By comparison, RQPSO performs better in terms of both convergence accuracy
and stability.

For the F5 benchmark function, RQPSO obtains a median value of 2.87 x 10! and
an IQR of 3.33 x 103, while GWO obtains a median value of 2.76 x 10! and an IQR
of 9.11 x 1071, Tt can be observed that the median value of GWO is slightly lower than
that of RQPSO on this function, indicating that GWO has a slight advantage in typical
optimization accuracy for F5. However, from the perspective of stability, the IQR of
RQPSO is significantly smaller than that of GWO, suggesting that RQPSO produces smaller
fluctuations over 30 independent runs and has stronger repeatability. This result indicates
that RQPSO does not achieve the absolute best median value on all benchmark functions,
but it shows a clear advantage in stability.
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For the F6 benchmark function, both RQPSO and GWO achieve median and IQR values
of 0, indicating that both algorithms can stably converge to the theoretical optimum. In con-
trast, PSO, BWO, and SSA still exhibit relatively large errors, suggesting insufficient search
accuracy on this type of high-dimensional function. For the F7 function, RQPSO obtains a
median value of —3.55 x 10° and an IQR of 3.87 x 10!, outperforming the corresponding
results of PSO, GWO, BWO, and SSA. This demonstrates that RQPSO can maintain good
robustness in benchmark environments involving noise or stochastic perturbations.

For the multimodal benchmark functions F8 and F9, the median values obtained
by RQPSO are 0 and 8.88 x 10716, respectively, and the IQR values are both 0. This
indicates that RQPSO can effectively overcome the interference of local extrema and stably
approach the global optimum across multiple runs. In contrast, PSO, BWO, and SSA
still show obvious residual errors on F8 and F9, indicating insufficient global exploration
capability. Although GWO achieves a small error on F9, its accuracy remains lower than
that of RQPSO.

Overall, the results in Table 3 show that RQPSO achieves the best or near-best median
results on most of the nine benchmark functions, especially demonstrating high conver-
gence accuracy on F1-F4, F6, F8, and F9. Meanwhile, the IQR values of RQPSO are 0 or
close to 0 for most functions, indicating that the results of independent repeated runs are
highly concentrated and that the algorithm has strong stability and robustness. Although
the median value of RQPSO on F5 is slightly higher than that of GWO, its IQR is signifi-
cantly smaller, demonstrating that the proposed algorithm achieves a favourable balance
between accuracy and stability. In general, RQPSO outperforms the comparison algorithms
on both high-dimensional unimodal and multimodal functions, verifying its feasibility and
effectiveness for the subsequent optimal scheduling of islanded microgrids.

Table 3. Test results of different algorithms.

Test Function Index RQPSO PSO GWO BWO SSA
- median values 0.00 x 109 8.25 x 102 483 x 10713 6.59 x 10* 3.35 x 104
IQR 0.00 x 109 4.82 x 10? 1.63 x 10712 1.12 x 10* 1.45 x 10*
- median values 0.00 x 109 1.73 x 10! 338 x 1078 2.26 x 107 1.32 x 10°
IOR 0.00 x 109 593 x 109 331 x 1078 432 x 1019  1.18 x 108
3 median values 0.00 x 109 6.01 x 103 1.52 x 10! 9.68 x 10* 519 x 10%
IQR 0.00 x 109 7.00 x 103 3.77 x 101 2.96 x 10% 1.52 x 10*
- median values 0.00 x 109 1.50 x 10! 595 x 1072  8.86 x 10! 7.64 x 10!
IQR 0.00 x 109 5.94 x 109 730 x 1072 3.83 x 10° 9.74 x 100
- median values 2.87 x 10! 597 x 10* 2.76 x 101 1.69 x 108 7.81 x 107
IQR 333 x 1073 497 x 10* 911 x 1071 1.46 x 108 6.77 x 107
F6 median values 0.00 x 109 1.04 x 103 0.00 x 109 6.59 x 10% 3.40 x 10%
IQR 0.00 x 10° 5.03 x 10? 0.00 x 10° 1.12 x 10* 1.33 x 10*
- median values —3.55 x 100 213 x 100 —294x10° —1.03x10° 9.50 x 10!
IQR 3.87 x 1071 781 x 1071 533x1071 818x 1071 272 x 10!
- median values 0.00 x 109 1.26 x 102 3.41 x 101 3.28 x 102 3.91 x 102
IQR 0.00 x 109 2.22 x 10! 2.02 x 101 541 x 10! 2.45 x 10!
- median values 8.88 x 10716 8.05 x 10 130 x 1077 1.99 x 10! 2.01 x 10!
IQR 0.00 x 109 2.07 x 109 149 x 1077 317 x 1072 576 x 1071
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5.3. Parameter Sensitivity Analysis

The sensitivity results in Table 4 show that excessively small mutation probabilities
weaken the diversity-maintenance ability of RQPSO, increasing the risk of premature
convergence. Conversely, excessively large mutation probabilities introduce excessive
randomness and slow down convergence. A moderate mutation probability provides
a better trade-off between exploration and exploitation. Similarly, a small stagnation
threshold may trigger frequent restarts and disturb convergence, whereas a large thresh-
old delays the escape from local optima. Therefore, the selected parameter values are
adopted because they achieve relatively low mean cost, small standard deviation, and
stable convergence behaviour.

Table 4. Test results of different parameter.

Parameter Value Cost/CNY
Stagnation treshold1 00 72,6825
Stagnation threshold? 150 69,017.69
Stagnation threshold 200 7311404

6. Case Study and Verification
6.1. Basic Data of the Islanded Microgrid

Since clean energy output is characterized by volatility, the forecast data of photo-
voltaic generation, wind power generation, and microgrid load on a typical day of San
Cristébal Island are selected for simulation analysis to design a more reasonable microgrid

scheduling scheme. The scheduling horizon is set to (T = 24) h, and the forecasted load, PV
output, and wind power output are shown in Figure 2.

New Energy Output and Load Curve

2500
—— PV
Wind
20001 —e— Load
< 1500+ \\
<
| =
(O]
2
& 1000+
500
0 ’ : . !
0 5 10 15 20 25

Time/h

Figure 2. Waveform diagram of load and wind-solar output prediction.

The maximum capacity of the battery is set to 2000 kWh. The specific battery parame-
ters are listed in Table 5, the parameters of distributed generation units are given in Table 6,
and the pollutant treatment costs are presented in Table 7.
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Table 5. Parameters of the energy storage device.
Parameter Numerical Value
Maximum state of charge (%) 95
Minimum state of charge (%) 20
Initial state of charge (%) 50
Rated capacity (kWh) 2000
Operation and maintenance unit price 0.026
(CNY/kWh) ’
Charging and discharging efficiency (%) 98
Rated power (kW) 500
Table 6. Distributed power supply parameters.
Parameter DE WT PV
Upper limit of power 1600 800 500
(kw)
Lower power limit 50 0 0
(kw)
Operation and maintenance costs
(CNY/KWh) 0.142 0.0224 0.0096
Table 7. Pollutant treatment costs.
Gas Tvpe Treatment Cost Pollutant Treatment Coefficient
yp (CNY/kg) (kg/kWh)
CO, 0.21 0.65
SO, 14.85 0.0005
NOx 62.53 0.01

6.2. Simulation Results and Analysis
6.2.1. Scenario Analysis Under Renewable Energy Certainty

In this study, the population size of the algorithms is set to 100, and the maximum
number of iterations is set to 500. A mean adaptive method is used to assign weights to the
three objective functions, namely the operating cost, environmental protection cost, and
load-loss penalty cost, whose weights are denoted as w1, wy, and w3, respectively. The
initial weights are all set to 0.33 to achieve a balanced consideration of the three objectives.
However, in practical applications, different scenarios may place different emphases on
microgrid operation. Therefore, the weights are appropriately adjusted on this basis. The
three specific weight configuration schemes are listed in Table 8.

Table 8. Weight coefficient.

Scheme w1 wo w3
Scheme I 0.34 0.33 0.33
Scheme II 0.4 0.3 0.3

Scheme III 0.3 0.3 04

As shown in Table 9, different schemes lead to different comprehensive costs. In
Scheme I, the weight coefficients are allocated in a relatively balanced manner, and its
comprehensive cost is higher than that of Scheme II, but it provides higher reliability. In
Scheme II, a smaller weight coefficient is assigned to the load-loss penalty cost of the
microgrid, resulting in lower reliability and poorer electricity consumption experience. In
Scheme III, a larger weight coefficient is assigned to the load-loss penalty cost. Although its
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comprehensive cost is slightly higher than that of Scheme I and Scheme 1I, it achieves the
lowest load-loss penalty cost and the highest reliability. Considering the high requirement
for power supply reliability in islanded microgrids, Scheme III is selected in the subsequent
analysis as the reliability-priority scenario for algorithm comparison.

Table 9. Different weight scheduling results.

Cost Scheme I Scheme II Scheme III
Ope(réﬁl\?% cost 42,289.29 40,248.12 44,250.83
Enviro(rgrlile;l)tal cost 19,997 40 18,948.19 21,271.55
Punis(}érlr\lﬁgt cost 5585.84 7954.50 3495.31
Comprze&iﬁ)ive cost 67,872.53 67,150.81 69,017.69

In this study, a demand response strategy based on load shedding and load shifting is
established. The compensation for load shedding is set to 0.6 CNY /kWh, while the compen-
sation for load shifting is set to 0.2 CNY /kWh. Figure 3 shows the amounts of load shedding
and load shifting. It can be observed that, based on the proposed demand response strat-
egy, the islanded microgrid achieves a significant peak-shaving and valley-filling effect.
Load shifting is mainly used for valley filling during 03:00-06:00 and 22:00-24:00, and for
peak shaving during 20:00-21:00, effectively alleviating the supply-demand imbalance
during morning and evening peak periods. However, during 07:00-13:00, 16:00-17:00,
and 19:00-20:00, the microgrid still faces relatively large power shortages. Therefore,
load shedding becomes a necessary measure to maintain system power balance during
these periods.

Figure 4 is used to verify the optimization effect of demand response participation in
the optimal scheduling of the islanded microgrid. The actual load curve of the microgrid
exhibits a relatively significant peak—valley regulation characteristic. Different from the
sharp fluctuations of the original load, the optimized load curve reaches a peak of approxi-
mately 2400 kW during the morning peak period from 10:00 to 12:00, while the peak during
the evening peak period from 18:00 to 20:00 is suppressed to approximately 2300 kW. In ad-
dition, the load rapidly decreases to below 1900 kW after 20:00. This indicates that, during
the evening peak period, a large amount of flexible load is shifted to the low-load period
from 22:00 to 24:00 through economic incentives. As a result, the maximum peak—valley
difference in the system is effectively reduced, and the power supply pressure during
extreme periods is alleviated.

The discharging of the energy storage system is mainly concentrated in the morning
peak period from 08:00 to 12:00 and the evening peak period from 18:00 to 20:00. During
the morning peak, when photovoltaic output has not yet fully increased, the energy storage
system assists the diesel generator in maintaining high-load operation. During the evening
peak, when photovoltaic generation gradually exits the power supply system, energy
storage discharging significantly reduces the power supply burden on the diesel generator.
The charging of the energy storage system is mainly concentrated in the low-load period
in the early morning from 02:00 to 04:00 and the period with strong photovoltaic output
in the afternoon from 14:00 to 16:00. This strategy not only absorbs surplus electricity
during low-price or low-load periods, but also avoids possible photovoltaic curtailment at
noon, thereby improving the overall economy of the system and the utilization efficiency
of renewable energy.
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Figure 3. (a) Load reduction and (b) transfer diagram.

6.2.2. Scenario Analysis Under Renewable Energy Uncertainty

To further evaluate the practical applicability of the proposed scheduling method
under renewable energy uncertainty, two additional renewable generation scenarios were
constructed based on the original 24 h scheduling case. The base scenario uses the orig-
inal photovoltaic and wind power forecast data. In the low-renewable scenario, both
photovoltaic and wind power outputs are reduced to 80% of their original values. In
the high-renewable scenario, both photovoltaic and wind power outputs are increased to
120% of their original values. The load profile remains unchanged in all three scenarios,
so that the influence of renewable generation fluctuation on the scheduling cost can be
directly observed.

The scheduling results are shown in Table 10. In the base scenario, the total scheduling
cost is 69,017.70 CNY. When the renewable generation decreases by 20%, the total cost
increases to 75,935.99 CNY, representing an increase of approximately 10.02% compared
with the base scenario. This is because the reduction in photovoltaic and wind power output
increases the dependence of the islanded microgrid on diesel generation and demand-

side regulation, leading to higher fuel consumption, operation cost, and environmental
treatment cost.

https://doi.org/10.3390/pr14142353


https://doi.org/10.3390/pr14142353

Processes 2026, 14, 2353 20 of 25

Isolated Microgrid Power Balance

2500
—— Load
B Diesel generator
2000 W Battery discharge
. PV
B Wind power
; 15001 B Battery charging
<
@ 1000
2
o
8 5001
0
-500 u . . ;
0 5 10 15 20 25
Time/h
(a)
Isolated Microgrid Power Balance Diagram
2500 B Diesel generator
W Battery discharge
20001 - PV
B Wind power
W Battery charging
; 15001 = Actual load
<
@ 1000
=
o
& 500
01
-500 - . : .
5 10 15 20 25

Time/h
(b)
Figure 4. Power balance diagram ((a) no demand response; (b) using demand response).

Table 10. Scheduling cost under different renewable energy scenarios.

Scenario Total Cost (CNY)
Low renewable 75,935.99
High renewable 62,099.29
Base 69,017.69

In contrast, when the renewable generation increases by 20%, the total scheduling
cost decreases to 62,099.29 CNY, which is approximately 10.02% lower than that of the
base scenario. This result indicates that higher renewable energy availability can reduce
the output of diesel generators and improve the economic performance of the islanded
microgrid. Meanwhile, the battery energy storage system can absorb part of the additional
renewable generation and release electricity during high-load periods, which further
improves the coordination between renewable generation and load demand.

Overall, the scenario analysis demonstrates that renewable energy uncertainty has
a significant influence on the low-carbon economic dispatch of islanded microgrids. The
proposed RQPSO-based scheduling method can effectively respond to different renewable
generation levels and provide feasible scheduling schemes under both renewable shortage
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and renewable surplus conditions. Therefore, the additional scenario results improve the
practical relevance of the proposed method.

6.2.3. Results of Different Comparison Algorithms

As can be observed from the convergence curves in Figure 5, RQPSO not only achieves
the lowest final fitness value, but also reaches a stable convergence state within fewer
iterations. This indicates that RQPSO can effectively enhance the global search capabil-
ity and population diversity of the algorithm, thereby reducing the risk of falling into
local optima. Therefore, when solving the low-carbon economic scheduling problem of
islanded microgrids, RQPSO exhibits both high convergence accuracy and favourable
economic performance.

x10*

——ROPSO
——AO0

HO
—GWO
——BWO
——SSA
———PSO

Objective Function Value

6.9

0 100 200 300 400 500 600 700 800
Number of Iterations

Figure 5. Convergence iteration diagram of each algorithm.

As shown in Table 11, RQPSO yielded the lowest total scheduling cost of 69,017.69 CNY.
Compared with GWO, BWO, SSA, PSO, AO, and HO, RQPSO reduced the total cost by
approximately 7.92%, 27.36%, 7.69%, 9.34%, 6.16%, and 7.68%, respectively. These results
indicate that RQPSO consistently identified more economical scheduling solutions under
the same system parameters and constraint-handling strategy.

Table 11. Comparison of the total cost of different algorithms.

Algorithm Total Cost (CNY) Diesel Fuel Consumption (kg) CO; Reduction (kg)
GWO 74,952.32 7362.23 20,388.15
BWO 95,010.61 8523.96 23,547.42
SSA 74,769.46 7631.08 21,081.34
PSO 76,128.71 7562.48 20,891.84
AO 73,546.18 7498.85 20,715.56
HO 74,759.82 7499.27 20,716.72
RQPSO 69,017.69 6636.20 18,332.49

In order to further verify whether the performance improvement is statistically signifi-
cant in the scheduling, based on 30 independent runs, the Wilcoxon signed rank test was
performed at the significance level of 0.05. The null hypothesis is that there is no significant
difference between RQPSO and the comparison algorithms. The results in Table 12 of the
Wilcoxon signed rank test showed that RQPSO was significantly better than GWO, BWO,
SSA, PSO, AO, and HO at a significant level of 0.05.
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Table 12. Wilcoxon signed-rank test results between RQPSO and comparison algorithms. The
differences were calculated as the final cost of RQPSO minus that of the comparison algorithm.
Therefore, a larger W™ indicates that RQPSO obtains lower costs, whereas a larger W indicates that
the comparison algorithm obtains lower costs.

Algorithm p-Value W+ W— Z-Value

GWO 1.825 x 10~° 0 465 —4.771855
BWO 1.825 x 10~° 0 465 —4.771855
SSA 1.825 x 10~° 0 465 —4.771855
PSO 2.02 x 107 1 464 —4.751286
AO 1.825 x 10° 0 465 —4.771855
HO 1.825 x 10~° 0 465 —4.771855

7. Conclusions

This study developed a low-carbon economic dispatch framework for an islanded
microgrid integrating photovoltaic generation, wind power, diesel generation, battery en-
ergy storage, and demand response. The proposed model minimizes the system operating
cost, pollutant-emission treatment cost, and loss-of-load penalty cost while satisfying the
operational constraints of the generation units, BESS, demand-response resources, and
islanded power balance. To solve the resulting high-dimensional, nonlinear, and strongly
constrained optimization problem, a rotation quantum particle swarm optimization algo-
rithm was developed. Based on the benchmark-function tests and the case study of San
Cristébal Island, the following conclusions can be drawn.

(1) The proposed RQPSO improves the search mechanism of conventional PSO by replac-
ing the traditional velocity—position update with full-dimensional quantum phase
encoding and rotation-guided phase updating. Each scheduling variable is inde-
pendently represented in the phase space, thereby preserving the search freedom
of the high-dimensional decision vector. Adaptive angular perturbation, elite local
refinement, and stagnation-aware reinitialization are further incorporated to main-
tain population diversity and improve later-stage exploitation. The results obtained
from nine benchmark functions show that RQPSO achieved the best or near-best
median performance on most of the tested functions and generally produced smaller
interquartile ranges than the comparison algorithms. These results demonstrate that
RQPSO provides a favourable balance between convergence accuracy and run-to-run
stability, although it does not necessarily dominate every comparison algorithm on
every individual function.

(2) The scheduling results demonstrate that coordinated demand response and BESS
operation can effectively improve the flexibility of the islanded microgrid. Flexible
loads are shifted from high-net-load periods to periods with lower net demand or
greater renewable-energy availability, while voluntary load curtailment is activated
when load shifting alone is insufficient to relieve the supply pressure. Meanwhile, the
BESS charges during low-net-load or high-renewable periods and discharges during
high-demand periods. This coordinated operation smooths the net-load profile,
reduces the burden on diesel generation, and improves the utilization of available
renewable energy.

(3) In the San Cristébal Island case study, RQPSO obtained the lowest scheduling cost
among the tested algorithms under the same system parameters, decision-variable
boundaries, and constraint-handling strategy. Its advantage can be interpreted from
both algorithmic and engineering perspectives. From the algorithmic perspective, the
full-dimensional phase representation and rotation-guided search mechanism enable
RQPSO to maintain population diversity while progressively refining promising so-
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lutions. From the engineering perspective, the improved search capability enables
the algorithm to identify more economical coordination among diesel generation, re-
newable generation, BESS operation, load shifting, load curtailment, and involuntary
load loss. Consequently, the operating cost, pollutant-emission treatment cost, and
loss-of-load penalty can be better balanced within the unified dispatch framework.
Therefore, the benefit of RQPSO is reflected not only in its numerical optimization
performance but also in the quality of the scheduling solutions obtained under the
tested islanded-microgrid conditions.

Several limitations should nevertheless be acknowledged. First, renewable-energy
curtailment and battery degradation are not formulated as independent cost terms in the
current objective function. In addition, variations in renewable generation are evaluated
using representative deterministic scenarios rather than a complete stochastic or robust
optimization framework. Future work should therefore incorporate explicit renewable-
curtailment costs, battery degradation models, forecast-error scenarios, and uncertainty-
aware rolling-horizon dispatch strategies.

Second, the PV and WT models used in this study are dispatch-level representations
designed for hourly scheduling analysis. Detailed physical characteristics, including
temperature-dependent PV output, inverter-efficiency variation, nonlinear wind-turbine
power curves, equipment degradation, and short-term dynamic responses, are not explicitly
considered. More detailed renewable-generation and storage models should be introduced
in future studies to improve the physical fidelity of the scheduling framework.

Finally, the present study focuses on active-power scheduling over a 24 h horizon.
Network-level factors such as AC power flow, voltage regulation, reactive-power support,
frequency dynamics, communication delays, and real-time control are outside the current
scope. Future research may extend the proposed framework to multi-timescale rolling
optimization and real-time energy-management applications and validate its effectiveness
using hardware-in-the-loop or practical microgrid platforms.
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