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ABSTRACT: The intermittency and volatility of wind and photovoltaic power generation exacerbate issues such as
wind and solar curtailment, hindering the efficient utilization of renewable energy and the low-carbon development
of energy systems. To enhance the consumption capacity of green power, the green power system consumption
optimization scheduling model (GPS-COSM) is proposed, which comprehensively integrates green power system,
electric boiler, combined heat and power unit, thermal energy storage, and electrical energy storage. The optimization
objectives are to minimize operating cost, minimize carbon emission, and maximize the consumption of wind and
solar curtailment. The multi-objective particle swarm optimization algorithm is employed to solve the model, and a
fuzzy membership function is introduced to evaluate the satisfaction level of the Pareto optimal solution set, thereby
selecting the optimal compromise solution to achieve a dynamic balance among economic efficiency, environmental
friendliness, and energy utilization efficiency. Three typical operating modes are designed for comparative analysis. The
results demonstrate that the mode involving the coordinated operation of electric boiler, thermal energy storage, and
electrical energy storage performs the best in terms of economic efficiency, environmental friendliness, and renewable
energy utilization efficiency, achieving the wind and solar curtailment consumption rate of 99.58%. The application of
electric boiler significantly enhances the direct accommodation capacity of the green power system. Thermal energy
storage optimizes intertemporal regulation, while electrical energy storage strengthens the system’s dynamic regulation
capability. The coordinated optimization of multiple devices significantly reduces reliance on fossil fuels.

KEYWORDS: Multi-objective optimization scheduling model; multi-objective particle swarm optimization algorithm;
consumption capacity of green power; wind and solar curtailment; coordinated optimization of multiple devices

1 Introduction

Addressing climate change becomes a core objective of the global energy transition, and reducing
greenhouse gas emissions consequently emerges as a priority in national energy policies. Wind and solar
energy, as primary renewable energy sources, gaining widespread adoption due to their low-carbon and
environmentally friendly characteristics [1]. Unlike traditional fossil fuels, these renewable energy sources
produce almost no harmful emissions during power generation and do not deplete finite natural resources,
earning them the title of “green power energy” [2]. In addition, wind and solar energy show significant
resource complementarity in both time and spatial scales. Solar energy reaches its peak generation during
the day when radiation is strongest, while wind energy typically exhibits greater generation potential under
high wind conditions [3]. Therefore, the combined use of wind and solar power becomes an important
method for optimizing green power system. Effectively utilizing the temporal and spatial complementarity
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between wind and solar energy can significantly alleviate the random fluctuations of renewable energy
production in the entire green electricity system [4]. In remote areas with abundant sunlight and wind, off-
grid hybrid wind-solar-storage power generation systems hold considerable application value. By integrating
green power system with fossil fuels and other energy forms, these systems fully exploit the advantages
of different energy sources, overcoming the limitations of volatility and randomness associated with
single energy sources, and providing solutions for stable energy supply across all weather conditions and
seasons [5]. Despite the significant advantages of hybrid wind-solar-storage power generation systems in
promoting low-carbon energy structures and improving renewable energy utilization efficiency, wind and
solar power generation is still significantly affected by weather conditions, displaying intermittent, random,
and uncertain characteristics [6,7]. Renewable energy technologies, including solar and wind energy, are
pivotal in shaping a sustainable and resilient future power grid [8,9]. As the loads of electric vehicles continue
to rise, grid-connected electric vehicle charging stations (EVCS) powered by solar and wind energy can
further reduce energy costs and mitigate electricity surplus [10]. Meanwhile, due to the significant mismatch
between the temporal and spatial distribution of load demands and the generation capabilities of wind and
solar energy, coordinating the supply and demand of energy becomes difficult, leading to the issue of wind
and solar curtailment [11,12]. In the actual scheduling of green electricity systems, how to reasonably schedule
various devices under the dual constraints of complex load demands and fluctuations in wind and solar
power generation, and efficiently absorb green electricity energy, remains a challenge in the field of energy
optimization [13].

In recent years, both domestic and international scholars conducted research on the scheduling of green
power system from multiple angles and directions, achieving results in areas such as equipment capacity
configuration optimization and algorithm optimization [14-16]. Rational equipment capacity configuration
optimization plays a crucial role in reducing wind and solar curtailment rates [17,18]. To smooth the
fluctuations in green power generation from wind and solar energy and reduce wind and solar curtailment, a
common solution is to utilize energy storage systems to store part of the generated energy [19]. Intermittent
solar and wind power can be harnessed as energy sources for electric vehicle charging stations. Meanwhile,
battery storage technology has enhanced the stability and reliability of power supply from renewable energy
sources [20]. Designing microgrid power supply systems that include solar photovoltaics, wind turbines, and
battery energy storage systems can provide the most stable power output and achieve optimal equipment
configuration solutions in terms of economic benefits and environmental impact [21]. Reference proposes
using numerical weather prediction models to generate photovoltaic power generation forecasts, which
are then integrated into optimal control strategies that include battery storage to maximize the utilization
efficiency of photovoltaic systems [22]. A techno-economic model is developed to determine and optimize
the size and cost of lithium-ion battery storage systems, exploring the commercial feasibility of battery
storage in the field of wind power accommodation [23]. Additionally, a four-step iterative method is
developed to generate the optimal capacity and power configuration for battery energy storage systems,
mitigating the output volatility of photovoltaic power generation, increasing solar power accommodation,
and ensuring stable system operation [24]. However, load demand is complex, and battery energy storage
system only provide short-term solutions. To address winter heating demands and explore more efficient
and sustainable green power accommodation solutions, some researchers incorporate electric heating boilers
into system configurations. A proposed integrated system based on combined heat and compressed air
energy storage, electric boiler, and combined heat and power (CHP) technology can significantly enhance
the operational flexibility of CHP unit, reducing wind curtailment and carbon emissions [25].

In the research focused on optimizing green electricity applications, a wide variety of algorithms
have been employed [26,27], Table 1 showcases the published studies on algorithm applications and their
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corresponding research outcomes, spanning from the non-dominated sorting genetic algorithm to the
simulated annealing algorithm. These achievements illustrate the enhancements made during the algorithm
iteration process, and this diversity serves as a foundation for the refinement and improvement of the
algorithm in this research. The Particle Swarm Optimization (PSO) algorithm is widely applied to solve non-
linear, multi-objective, and constrained optimization problems due to its simplicity, robustness, and strong
global search capabilities [28]. The Multi-Objective Particle Swarm Optimization (MOPSO) algorithm, an
extension of PSO, is specifically designed to address multi-objective optimization problems [29]. MOPSO
updates the positions of the particle swarm globally and constructs a uniformly distributed non-dominated
solution set based on Pareto dominance relationships. Compared to algorithms such as the Non-dominated
Sorting Genetic Algorithm II (NSGA-II) and Genetic Algorithms (GA), MOPSO can effectively balance
conflicts among objectives and converge more quickly to the Pareto front [30]. Leveraging the collaborative
mechanism of the particle swarm, MOPSO performs parallel searches within the swarm, demonstrating
superior global search capabilities compared to simulated annealing algorithms [31]. Additionally, MOPSO
exhibits strong high-dimensional problem-solving capabilities, flexibility, and robustness when dealing with
complex nonlinear coupling relationships of electro-thermal loads and multiple constraints, making it highly
efficient in addressing such issues [32]. Therefore, MOPSO is an effective algorithmic tool for solving
problems involving multi-device coordination and multi-objective optimization. MOPSO is used to explore
the correlation between wind and solar power curtailment rates and the levelized cost of energy [33]. A
dual-layer optimization algorithm based on multi-objective particle swarm optimization and ideal solution
similarity ranking is employed to improve the dynamic behavior and performance of wind power hybrid
systems with CHP units. The proposed optimization scheme, focusing on reducing wind power curtailment,
significantly reduces wind power cutbacks and enhances the operational flexibility of CHP units [34].

Table 1: Comparison of algorithmic application studies

Ref. Year Algorithm tool Research achievements

[26] 2021 GA Consider the optimal scale of wind power plants under multiple load
demands with multiple objectives.

[35] 2015 SA Achieve maximum benefits through the integrated dispatch of
traditional and renewable energy sources.

[4] 2024 PSO Use a bi-level programming model to solve for the optimal ratio and
capacity configuration of complementary wind and solar energy.

[36] 2025 NSGA-II Research the economic and environmental performance of a

multi-energy complementary system of photovoltaic, wind, and biogas
with the introduction of biogas combined heat and power in rural areas
of central China.

[28] 2025 DE Considering the fluctuations of the water storage level, study the
long-term dispatch strategy of the hydropower-wind
power-photovoltaic complementary system.

[30] 2024 ACO The energy balance problem in renewable energy intelligent
micro-grids.
[14] 2024 GWO Optimal equipment capacity configuration of the wind

power-photovoltaic-hydrogen energy storage complementary system.
[37] 2013 ABC Considering the uncertainty of wind power, determine the optimal cost
of the wind power-combined heat and power system.
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In summary, current research on the accommodation of green power systems is encompassed various
aspects, including equipment capacity configuration optimization and algorithm optimization, achieving
rational allocation of resources and energy while improving computational efficiency. These studies provide
important references for optimizing green power system accommodation. However, most research tends to
focus on single-objective optimization, such as economic or environmental optimization, lacking systematic
exploration of coordinated dispatch for wind and solar curtailment. Additionally, the balance among
economic benefits, environmental benefits, and energy utilization efficiency during system operation isn't
adequately considered [38-40]. When addressing multi-objective problems, some studies convert multi-
objective optimization into single-objective optimization by assigning weights. However, this weighting
approach relies on subjective judgment and lacks a scientific trade-off mechanism. The conflicts and complex
trade-off relationships among multiple objectives are not fully incorporated, leading to biased optimization
results [41]. Furthermore, in load optimization, many studies focus solely on meeting either electrical
or heating loads, neglecting the coupling characteristics between electrical and heating loads, as well as
the interactions and coordinated scheduling requirements among energy storage devices, thermal storage
devices, and load demands. This oversight limits the overall dispatch efficiency of the system [42,43].
Furthermore, most static scheduling models find it challenging to address the temporal fluctuations of wind
and solar power generation, as well as the dynamic variations in load demand.

Based on the analysis above and the existing issues in current research, the green power system
consumption optimization scheduling model (GPS-COSM) based on multi-device coordination and multi-
objective optimization is proposed, as shown in Fig. 1. Electric boilers, thermal energy storage, electrical
energy storage, and CHP units are systematically integrated, giving rise to a multi-equipment collaborative
dispatching mechanism featuring cross-period dynamic adjustment. The crucial role of equipment collabo-
ration in enhancing the consumption capacity of renewable energy is thoroughly demonstrated. This model
is solved using the MOPSO algorithm, constructing a multi-objective optimization framework with the goals
of minimizing operational costs, minimizing carbon emissions, and maximizing the consumption of wind
and solar curtailment. This innovation overcomes the constraints of single-objective optimization commonly
seen in traditional studies. MOPSO is employed. By integrating the calculation of crowding distance with
the Pareto dominance relationship, it significantly boosts the efficiency of solving multi-objective high-
dimensional constraint problems. The combination of the MOPSO algorithm and the fuzzy membership
function enables scientific decision-making free from subjective weighting. The fuzzy membership function
is utilized to assess the satisfaction of the Pareto optimal solution set, thereby resolving the issue of subjective
weighting in the intricate trade-offs among multiple objectives. This not only strengthens the algorithm’s
robustness under electro-thermal coupling constraints but also fills the theoretical void in the multi-objective
trade-off mechanism for this type of system. As a result, GPS-COSM achieves a dynamic equilibrium among
the economic viability, environmental sustainability, and energy efficiency of the green power system.



Energy Eng. 2025;122(6) 2261

Load input Wind & solar parameters

E | Wind speed ‘

‘ Electrical load ‘

l Heating load ‘ | Solar radiation intensity |

Equipment modeling

‘ Wind turbine ‘ Thermal storage device

l Photovoltaic power |

generation systems Electrical storage device

| Electric boiler | | Combined heat and

power unit
| Electric power balance | AR energy storage
constraint
Thermal energy storage
‘ Thermal power balance | | : >
‘Wind and solar curtailment
constraints
5 MOPSO
[ Configuration optimization |
‘ ' Transmit data
{ Pareto front
MFS

[ Satisfaction

‘ ' Transmit data

Satisfaction results

Objective function

[ QLohaduli

\, g strategy i

=

Optimal objective

Operating cost | Actual carbon emissions |

Wind and solar curtailment

Figure 1: Architecture diagram of the GPS-COSM

2 Model Configuration and Operation Strategy
2.1 Model Configuration

To address the inherent volatility and intermittency of wind and solar power generation and to
effectively enhance the consumption capacity of renewable energy, the GPS-COSM is established based on
multi-device coordination and multi-objective optimization. The model aims to dynamically balance the
supply and demand of electrical and heating loads, integrating the collaborative operation of various energy
storage devices. While maximizing the consumption of green power, the model optimizes system operating
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costs and carbon emissions, achieving comprehensive improvements in economic benefits, environmental
benefits, and energy utilization efficiency.

A schematic diagram of the model structure is shown in Fig. 2. The core components of the model
include the green power system (GP), electric boiler (EB), thermal energy storage (TES), electrical energy
storage (EES), and CHP unit. The GP consists of wind turbine (WT) and photovoltaic power generation
system (PV), serving as the primary source of electricity supply to meet electrical load demands. However,
its generation capacity is influenced by weather conditions, exhibiting randomness and intermittency, which
can lead to wind and solar curtailment. To maximize the utilization efficiency of the GP, EB is used to convert
excess electrical energy into thermal energy to meet heating load demands, working in coordination with
TES for dynamic regulation of heating load. EES further balances electrical load fluctuations through peak
shaving and valley filling functions. CHP unit, powered by natural gas as an external energy source, serve as
auxiliary energy providers, meeting both electrical and heating load demands and ensuring the reliability of
energy supply under special load conditions.

.............. W.
‘ Solar ‘ PV | | Electrical ]
load :

‘ Wind ‘——»| WT }
............................................ Wind and snlar E é ] ;
curtailment [ EES i

| EB )—» TES :

i Heating
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Natural ; ]
gas CHP unit 3

Figure 2: Schematic diagram of the model structure

2.2 Operation Strategy

To verity the proposed GPS-COSM, three typical operating modes were designed for comparative
analysis, each representing the operational characteristics under different equipment configurations and
dispatching logics.

Operating Mode-1 (OM-1): Traditional Mode (Heat-Determined Electricity Generation)

In this mode, the GP, CHP unit, and EES are configured. The GP primarily meets the electrical load
demand, and the remaining curtailment of wind and solar power is stored by the EES. The heating load
is entirely supplied by the CHP unit, which also synchronize partial electrical load supply through the
“heat-determined electricity generation” dispatching logic. The operational logic at time t is shown in the
following Fig. 3.
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Operating Mode-2 (OM-2): Electric Boiler Mode (Adding EB)

Figure 3: Logical diagram of OM-1

Building on OM-1, EB is added to form a system configuration consisting of the GP, CHP unit, EB, and
EES. GP prioritizes meeting the electrical load demand; the remaining curtailment of wind and solar power
is converted into heat by the EB to meet the heating load. After satisfying the electrical and heating load, the

excess curtailment of wind and solar power is stored in the EES. When the EB cannot fully meet the heating

load, the CHP unit supplements the supply. The operational logic at time ¢ is shown in Fig. 4 below.
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Operating Mode-3 (OM-3): Comprehensive Optimization Mode (GPS-COSM)

Building on OM-2, this mode further incorporates TES, forming the GPS-COSM that includes GP, CHP
unit, EB, EES, and TES. GP prioritizes meeting the electrical load demand, while the remaining curtailment
of wind and solar power is converted into thermal energy by the EB to meet the heating load demand. After
the heating load demand is satisfied, the TES continue to consume the remaining curtailment of wind and
solar power. When the TES reach full capacity, any remaining curtailment of wind and solar power is stored
in EES. CHP unit acts as a supplementary source. The operational logic at time t is illustrated in Fig. 5.
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2.3 Curtailed Wind and Solar Power Scheduling Strategy

To maximize the model’s capacity for consuming green power and reduce energy waste caused by wind
and solar curtailment, the scheduling strategy based on dynamic priority adjustment is designed, as shown
in Fig. 6. By comprehensively analyzing electrical and heating load demands, the variability of wind and
solar power generation, and the status of energy storage devices, the strategy achieves efficient utilization of
the curtailment of wind and solar power. The scheduling priority is dynamically adjusted based on changes
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in the curtailment of wind and solar power and load demands, ensuring optimal energy allocation under
different operating conditions [44,45].
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Figure 6: Scheduling strategy diagram for the curtailment of wind and solar power

Specifically, when the curtailment of wind and solar power is high and the electrical load demand is
low, the system prioritizes electrical storage. At this stage, EES efliciently store excess electricity, providing
flexibility for subsequent electrical load demands. The core objective is to maximize the utilization efficiency
of renewable energy and avoid energy waste caused by power surplus. Conversely, when the curtailment
of wind and solar power is low and the electrical load demand is high, the system prioritizes discharging.
EES quickly release stored electricity to meet load demands, ensuring power supply stability and system
operational reliability.

In terms of thermal energy dispatch, when the curtailment of wind and solar power is high and
the heating load demand is low, the system prioritizes thermal storage. At this stage, TES convert excess
electricity into thermal energy for storage, improving the consumption efficiency of the curtailment of wind
and solar power and providing flexibility for subsequent heating load adjustments. On the other hand, when
the curtailment of wind and solar power is low and the heating load demand is high, the system prioritizes
releasing stored thermal energy to meet heating load demands in a timely manner.

3 Research Methodology
3.1 System Mathematical Model
3.1.1 Green Power System—PV
PV is one of the most important power sources in the GP. It converts solar energy directly into electricity

through the photovoltaic effect [46].

P, (t) :Pepvqpv(t)%tf)[HKT (Te (t) = Trer)] (1)
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where P,,(t) represents the output power of the PV at time t; Pe,, denotes the rated power of the
photovoltaic modules; #7,, is the performance degradation coeflicient of the photovoltaic modules; G (¢) is
the actual solar radiation intensity; G, is the solar radiation intensity under standard conditions; K7 is the
temperature coefficient; T, (t) is the actual operating temperature of the photovoltaic modules; and T, is
the standard test temperature, which is set to 25°C.

T.(t) = T, (t) + oG (t) (2)

where T, (t) represents the actual ambient temperature of PV at time #; o denotes the radiation tempera-
ture coefficient.

3.1.2 Green Power System—W'T

WT is also one of the most important power sources in the GP, converting wind energy into electricity.
Wind speed is the primary factor influencing the amount of wind energy that can be harnessed [47].

0 OSV(t) < Veut—in
3 3
v (t) ~Veut—in
— <= pr Veut—in SV () <v
Pur()={ v, T s o
Plr/\/T Vp SV (t) < Veut—out
0 v (t) > Veut—out

where Py 1 (t) represents the output power of the WT at time t; Py, denotes the rated power of the WT; v,
is the rated wind speed of the WT; v ,;—;, is the cut-in wind speed of the WT; v ,;—o,: is the cut-out wind
speed of the WT; v (t) is the actual wind speed at time ¢.

3.1.3 Electric Boiler

EB converts electrical energy into thermal energy to meet heating load demands [48].

Qep(t) = Pep(t)nEs (4)

where Qgp(t) represents the heat supply power of the EB; Ppg(t) denotes the electrical power consumption
of the EB; ygp is the electrical-to-thermal conversion efficiency of the EB.

3.1.4 Thermal Energy Storage

TES is an important component of the GPS-COSM, serving two primary functions. It efficiently stores
thermal energy and, through its integration with EB, plays a significant role in the consumption of the
curtailment of wind and solar power.

Qout,

Hrgs (t) = (1-rres)Hres i1 (Qin,tAin,t - Aout S At (5)
out,t

where Hrgs (t) represents the thermal storage capacity of the TES; r7gs is the thermal loss coefficient; Q;,,.

and Q,,, denote the heat absorption and heat release power of TES, respectively; A;, ; and A, ; represent

the efficiency of TES during heat absorption and heat release, respectively.
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3.1.5 Combined Heat and Power Unit

CHP unit serve as a supplementary source for meeting both thermal and electrical load demands.
Among them, gas turbines (GT) use natural gas as fuel to provide electricity and heat, achieving the cascaded
utilization of energy [49].

Por(t) = AngrVerL (6)

where P;7(t) represents the electrical power output of GT; A is the unit conversion coefficient; 761 denotes
the power generation efficiency of GT; Vi1 is the natural gas consumption; L; represents the lower heating
value of natural gas.

QGT(t) :[/lrer]rePGT (7)

where Qgr(t) represents the thermal power output; y,, denotes the heat-to-power ratio of the unit; 7,
represents the thermal conversion efficiency.

3.1.6 Electrical Energy Storage

EES is an effective means for the system to consume the curtailment of wind and solar power [50].

EESe (t) = (1 - rgps)EESe (t —1) + 55 PEl < (1) At (8)
EES4 (t) = (1- rgps)BESys (£ — 1) — Pis () At/nfs )

where EES., and EESy; are the energy stored in EES and the energy released by the EES, respectively;
Peh o (t) and P25 () represent the charging and discharging power of EES at time t, respectively; 1% ¢ and
nds, s denote the charging and discharging efficiency of EES, respectively; At is the duration of a time segment;
regs is the energy loss coefficient.

3.2 Objective Function

Based on multi-device coordination and multi-objective optimization, GPS-COSM is established. The
objective functions are to minimize system operating costs, maximize the consumption of wind and solar
curtailment, and minimize the actual carbon emissions of the system. The aim is to balance economic
benefits, renewable energy utilization efficiency, and the low-carbon operation of the system, seeking the
optimal equilibrium among the three to achieve efficient system operation and green development goals.

3.2.1 System Operating Costs

The system operating costs primarily include fuel costs and the costs associated with wind and solar
curtailment. Among these, fuel costs refer to the natural gas expenses required for the operation of CHP
unit in the system. The costs of wind and solar curtailment represent the potential losses due to the
underutilization of green power generation. Introducing the costs of wind and solar curtailment reflects the
system’s capacity to consume green power during operation [44].

24

min M = ; (cgas (1) Var (£)) + Do, 8 (Pyy (£) + Pyg (1)) (10)

where ¢4 (t) represents the natural gas purchase price at time £; V7 () is the natural gas consumption of
GT; & denotes the penalty cost for wind and solar curtailment; P, s (¢) is the curtailed wind power at time t;
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Py, (1) is the curtailed solar power at time ¢.
Pyy (1) = Py (t) = Piyy (1) (1)

where Py 1 (t) represents the power generation of the WT at time t; Pi, - (¢) denotes the power supplied by
the WT to meet the electrical load at time ¢.

Py (1) = Py (1) = Py, (1) (12)

where Py, (t) represents the power generation of PV at time t; P;V (t) denotes the power supplied by the PV
system to meet the electrical load at time ¢.

3.2.2 The Curtailment of Wind and Solar Power

The curtailed wind and solar power in the system is primarily consumed through EB, TES, and EES.
Maximizing the system’s capacity to consume the curtailment of wind and solar power involves optimizing
the coordinated operation of EB, TES, and EES. This ensures that the system achieves the maximum
utilization of green power through rational dispatch [51].

T
max W (1) = S7(PIex 4 pmex (13)
t=1

where Pq”J‘f”‘ represents the maximum curtailment of wind power consumed by the EB, TES, and EES; Pq";“x

denotes the maximum curtailment of solar power consumed by the EB, TES, and EES.

3.2.3 The Actual Carbon Emissions of System

The actual carbon emissions of system originate from the carbon dioxide emissions produced by the
combustion of natural gas during the operation of CHP unit. By rationally optimizing dispatch to reduce the
system’s reliance on CHP unit, the goal of minimizing carbon emissions can be achieved [52].

24 24
Ecup = Pn Y, Qar(t)At + 09, Y Por(t)At (14)
t=1 =1

where Ecpyp represents the actual carbon emissions of the CHP unit; 3, is the values of actual carbon
emissions per unit of heat; 0 represents the carbon emissions corresponding to the unit heat output; ¢, , is
the conversion coeflicient.

3.3 Constraints of the Model
3.3.1 System Energy Balance Constraints

The system operation must satisfy the electrical power balance constraint and the heating power balance
constraint [53,54].

Electrical power balance:
Py (t) + Pwr () + Por (£) + Piyg (£) = Puge (£) + Pep () + Piks (£) (15)

where P, (t) represents the electrical load at time t.

Heating power balance:

Qgz (1) + Qar (£) + Qiny () = QL. () + Qourt (1) (16)
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where Q" , (t) represents the heating load at time t.

use

3.3.2 Wind and Solar Curtailment Constraints

At any time t, ensure that the amount of the curtailment of wind power and the curtailment of solar
power consumed by the system does not exceed the curtailment of wind power and the curtailment of solar
power generated at that time.

PI (1) < Py (1) 17)
PR (1) < Pyg (1) (18)

3.3.3 Electrical Energy Storage Constraints
The operation of EES is subject to constraints on charging and discharging power [55].

The state of charge of EES must satisfy the upper and lower limit requirements:
?EigSEES < EES(t) < 6?5?55]55 (19)
where 877'/% and 875 represent the minimum and maximum limits of the state of charge range, respectively;

Skks is the installed capacity of EES.
The state of charge of EES must satisfy the following constraints.

ds,max
0< ngss(t) < Ugi"s(t)PEES
0< PE%s(t) < Uzcs}}lss(t)PE%smax (20)

Ugps (1) + Ughs (1) <1

where US" (t) and Ug3(t) are binary variables indicating the charging and discharging states of EES at
time ¢, with the value range of 0.1 to 0.9; P¢"** and p? 75 * denote the maximum charging and discharging
power of EES.

3.3.4 Thermal Energy Storage Constraints

TES is subject to constraints on heat charging and discharging power as well as thermal storage capacity,
ensuring efficient storage and release of thermal energy [56].

Capacity Constraints of TES:

HTES, min < HTES,t £ HTES,max (21)

where Hrgs min and Hrgs max represent the minimum and maximum capacity under stable operating
conditions, respectively.

Input and Output Power Constraints of TES:

0< Qin,t < Ain,tHTES,m (22)
0< Qout,t < Aout,tHTES,m (23)

where Hrgs m represents the rated capacity of the TES.

At any given time, TES can only perform either heat storage or heat release activities.

Qin,thut,t =0 (24)
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4 Simulation Algorithm
4.1 Multi-Objective Particle Swarm Optimization

The PSO algorithm was proposed by Kennedy and Eberhart in 1995, inspired by the foraging behavior
of bird flocks and the movement patterns of fish schools. PSO uses position and velocity update mechanisms
to leverage population collaboration in finding the optimal solution to a problem [57]. However, multi-
objective optimization involves finding multiple solutions to describe the Pareto front rather than a single
optimal solution. Since PSO was originally designed for single-objective optimization problems, it cannot
be directly applied to multi-objective optimization [58]. In 2002, Coello and others introduced MOPSO,
extending PSO to the field of multi-objective optimization [59]. Its core concepts are as follows: introducing
the Pareto dominance concept to guide particles in searching the objective space; improving the velocity
and position update rules of particles to meet the requirements of multi-objective optimization; and
designing update strategies (e.g., crowding distance, grid-based distribution methods, clustering techniques)
to maintain solution diversity, enhance diversity control, and avoid falling into local optima [60,61]. The main
mathematical expressions are as follows:

(1)  Particle velocity update formula

best

vi(t+1) = wv;(t) + cin (pi - x,-(t)) + o1 (PZM - xi(t)) (25)

where w is the inertia weight; ¢y, ¢, is the learning factor (acceleration constant); ry, r, is a random number

[0, 1]; pbes! is the historical optimal position of particle i; p;“ ! is the global or leader’s optimal position; x; ()
is the position of particle 7 in the ¢-th generation.

(2) Particle Position Update Formula

(t+1) =x;(t) +vi(t+1) (26)

where v; (t + 1) is the updated velocity of the particle.

(3) Fitness Evaluation

fx) =[x fa(x)s - fm(¥)] (27)
where f(x) is the objective function; m is the number of objective functions.

(4) Pareto Dominance Determination

Vi, f; (A) < fi (B)4)3j, f; (A) < f; (B) (28)

Given two solutions A and B, if A is not inferior to B in all objectives and is superior to B in at least one
objective, then A is said to dominate B, denoted as A < B.

(5) Crowding Distance Calculation

m k(i+1) _ k(i—l)
di = Z max _ fmin (29)
k=1 k k
i+l

where f/*! and f]™' are the objective values of two adjacent solutions on objective k; f{"** and f™™ are the
maximum and minimum values of objective k.
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4.2 Fuzzy Membership Function

Ultimately, the aim of MOPSO is to produce a solution set that encompasses multiple Pareto optimal
solutions. These solutions, taken together, vividly depict the trade-off relationships among diverse objectives.
In the realm of multi-objective optimization, typically, there isn’t one solitary, all-encompassing global
optimal solution [62]. Instead, what exists is a Pareto optimal solution set made up of numerous solutions,
where each solution represents a compromise struck between different goals. During this procedure, to
further refine the decision-making process, the research utilizes the Fuzzy Membership Function (MFS) to
assess the satisfaction level of each solution within the Pareto solution set. By computing the satisfaction
degree of each individual solution, the ultimate compromise solution can be pinpointed and selected [63].

(1)  Design of the Fuzzy Membership Function

Minimization Objectives:

FI' _ Fy (x)
(Fe(x)) = £ ——"2(k=1,3) (30)
H Tk Fk _Fk

Maximization Objective:

Fy(x) - F}''"

Fzmax _ Fzmin (31)

w(Fa(x)) =
where Fj (x) is the actual objective value of solution x or the k-th objective; F,(x) represents the operation
cost; F,(x) represents the curtailment of wind and solar power; F;(x) represents the actual carbon emission;
pr(Fx(x)) represents the membership value of solution x for the k-th objective (dimensionless, range: (0,
1)); F f‘i“ represents the minimum value of the k-th objective in the Pareto solution set (the minimum value of
this objective among all non-dominated solutions); F;"** represents the maximum value of the k-th objective
in the Pareto solution set (the maximum value of this objective among all non-dominated solutions); F;"** —
Fi(x) represents the gap between the current solution and the worst objective value (F;"**); F"* — F"
represents the range of the objective values, used for normalizing them to the interval of [0, 1].

(2) Calculation of Comprehensive Satisfaction Degree

3

Urotal = Z Witk (Fi) = wi- i (Fy) + wa - pa2(Fy) + ws - us(Fs) (32)
k=1

where po1a1 represents the comprehensive satisfaction degree; wy represents the weight of each objective.

Set the value of w; to 0.3, the value of w; to 0.35, and w5 to 0.35, ensuring that the sum of the three weights

equals 1.

(3)  Selection of the Optimal Solution

Z =arg max prota(x) (33)
x€Pareto

where Z represents the optimal solution refers to the solution with the highest comprehensive satisfaction

degree selected from the Pareto set; Pareto represents the Pareto optimal solution set contains all non-

dominated solutions (it is impossible to be better in one objective without sacrificing other objectives).

The above formula calculates the satisfaction degree of each solution by mapping the objective function
values to the range of [0, 1]. A higher satisfaction degree indicates that the solution performs better in the
corresponding objective. By taking the weighted average of all objective functions, the overall satisfaction



Energy Eng. 2025;122(6) 2273

degree of each solution is obtained, to screen out the optimal compromise solution. In this way, we select
the optimal solutions corresponding to the three objective functions. Table 2 shows the definitions of
objective functions.

Table 2: Definitions of objective functions

Objective function Symbol Optimization direction Weight Value
Operation cost F Minimize w1 0.3
The curtailment of wind and solar power F, Maximize Wy 0.35
Actual carbon emission F Minimize w3 0.35

4.3 MOPSO Solution Steps

The solution process for applying the MOPSO algorithm to optimize the scheduling Model is shown
in Fig. 7.

| Start |

Y

Input initial variables such as : i
o ; Fo " | Pareto dominance and crowding
fwind speed, light radiation intensity, > ;
5 calculation

and load, and set parameters

Y h 4
Initialize particle swarm and Satisfaction assessment and MFS

velocity evaluation of three objectives

Determine whether the maximum Oupubdeeics schedpiing sirategy
-« e 3 7 and economic and environmental
A number of iterations has been reached pEe
indicators
Objective function calculation and
scheduling
According to the formula, update Y
Calculate fitness and assign values the position and velocity of | End |
particles at time t+1
h 4 A 4
Particle update and fitness
evaluation, update and select the i t=t+1

pbest for each particle

Y

Calculate density information

Y
Caleulate pbest

based on density information in a
set with rank=1

Figure 7: MOPSO algorithm solution flowchart
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The parameters used in the study for solving the application with the MOPSO algorithm are listed
in Table 3, according to the results presented.

Table 3: Parameters for MOPSO algorithm application

Parameter Numerical value

Max generation 200

Population size 500

Number of repository 50

Inertia weight 0.4
Individual confidence factor 2
Swarm confidence factor 2
Number of grids in each dimension 20
maximum value in percentage 5

Uniform mutation percentage 0.2

5 Case Study Analysis
5.1 Basic Data for the Case Study

To verify the applicability and effectiveness of the GPS-COSM, actual project data from a certain area
in Jinan City is used, and a 24-h operational scenario for a typical winter day is selected for analysis [64]. The
dispatch cycle is set to one hour (At = 1), and the system’s operational characteristics under dynamic load
demand and renewable energy supply variability are simulated on an hourly basis. The wind speed variation
curve for the typical day in the green power system is shown in Fig. 8, illustrating the temporal distribution
characteristics of wind resources. The solar radiation intensity variation is also depicted in Fig. 8, reflecting
the supply variability of photovoltaic power generation. The heating and electrical load demand curves for
the system are shown in Fig. 9, providing foundational data support for the operation of the scheduling
model [65].
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Figure 8: (Contiuned)
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Figure 8: Parameter variation diagram of GP
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Figure 9: Load demand variation diagram

The external energy purchased by the system is natural gas, which is primarily used for the operation
of CHP unit. The natural gas purchase price is set at 3.3 CNY/Nm®. The main calculation parameters related
to each device are listed in Table 4.

Table 4: Calculation parameters of each device

Parameter Numerical value Parameter Numerical value
Npv 0.95 Nout ¢ 0.95
Gref 1 w/m? A 1/3600 kWh/k]
Kr —-0.0035%/°C L; 34,920 kJ/Nm®
o 0.0256 Ure 1.125
NpPGB 0.95 Nre 0.8
rys 0.02 TES 0.01
Aint 0.95 nek 0.95
S 100 nds 0.95
Pe,, 1,000,000 Sks 10,000

(Continued)
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Table 4 (continued)

Parameter Numerical value Parameter Numerical value
Pl,. 1,000,000 Hus,max 1,000,000
Hys,min 500,000

5.2 Comparative Analysis of Case Study Results
5.2.1 Economic and Environmental Benefits Comparison

Table 5 shows the comparison of operating costs and actual carbon emissions for different operating
modes. Through a systematic comparative analysis for the economic and environmental benefits of the three
operating modes, it reveals that OM-3 demonstrates significant advantages in overall performance. First,
in terms of operating costs, OM-1, which adopts the traditional “heat-led electricity” approach, results in
the highest operating costs due to the high-intensity operation of CHP unit, leading to substantial natural
gas consumption. OM-2 introduces electric boilers to enhance the consumption of the curtailment of
wind and solar power, utilizing this excess energy to meet heating load demands, significantly reducing
natural gas consumption and lowering operating costs to 9.55 million CNY, a 91.16% reduction compared to
OM-1. OM-3 further incorporates thermal storage devices, optimizing the cross-temporal utilization of the
curtailment of wind and solar power and improving energy efficiency, reducing operating costs further to
1.23 million CNY, an 87.12% reduction compared to OM-2.

Table 5: Comparison of operating costs and actual carbon emissions for different operating modes

Operation mode Operating Percentage Actual carbon Percentage
Cost/Million Emissions/Ton
CNY
OM-1 108.03 — 10,793.28 —
OM-2 9.55 91.16% 496.55 95.4%
OM-3 1.23 8712% 280.88 43.44%

Second, in terms of carbon emissions, OM-1 has the highest actual carbon emissions at 10,793.28 t,
primarily due to the heavy reliance on natural gas for CHP unit operation, which significantly increases the
system’s carbon intensity. In OM-2, the addition of EB to meet most of the heating load demand reduces
the operational intensity of CHP unit, decreasing carbon emissions to 496.55 t, a 95.2% reduction. OM-3
further incorporates TES, optimizing the utilization efficiency of the curtailment of wind and solar power
over time through coordinated regulation, further reducing the operational load of CHP unit and lowering
carbon emissions to 280.88 t, a 43.3% reduction compared to OM-2. These results indicate that the rational
configuration of EB and TES can significantly enhance the system’s ability to accommodate renewable energy,
minimize the use of fossil fuels, and effectively achieve economical and low-carbon operation of the system.

5.2.2 Comparison of GP Generation and the Curtailment of Wind and Solar Power Consumption

A comparative analysis of the total power generation of GP under the three operating modes is shown
in Fig. 10. In OM-3, the photovoltaic power generation is 1352.82 MWh, and the wind power generation is
1322.83 MWHh, resulting in a total green power system generation of 2675.65 MWh. In comparison, OM-2
achieves photovoltaic power generation of 1328.12 MWh and wind power generation of 762.55 MWh, with
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a total green power system generation of 2090.67 MWh. OM-1 has the lowest total green power system
generation, indicating lower efficiency in renewable energy utilization.
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Figure 10: Comparison of GP: (a) Comparison of green power generation; (b) Comparison of wind power generation;
(c) Comparison of photovoltaic power generation

On this basis, a comparison of the consumption capacity for the curtailment of wind and solar power
under the three operating modes in winter is shown in Fig. 11. While the differences in the total power
generation of the GP among the three operating modes are not significant, there are notable differences in
their ability to consume the curtailment of wind and solar power. OM-1, which only includes EES without
the coordinated support of EB and TES, has a consumption capacity of only 12.33 MWh. OM-2, by adding
EB and coordinating them with EES, significantly enhances the system’s ability to consume the curtailment
of wind and solar power, achieving a consumption capacity of 976.25 MWh and a curtailment consumption
rate of 91.95%. OM-3, building on OM-2, further introduces TES. Through the integrated scheduling of TES,
EB and EES, the final consumption capacity reaches 1586.65 MWh, with a curtailment consumption rate of

99.58%, nearly achieving full consumption of the curtailment of wind and solar power.
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To deeply explore the impact of different operation strategies on the consumption capacity of renewable
energy, a comparison is carried out regarding the consumption capacity for the curtailment of wind and
solar power of the three operation modes during the transitional season, and the results are shown in Fig. 12.
It can be clearly seen from the data in the figure that OM-3 exhibits the most outstanding performance in
the consumption capacity for the curtailment of wind and solar power, and significantly higher than that
of OM-1 and OM-2. The consumption capacity for the curtailment of wind and solar power of OM-2 is
also higher than that of OM-1. From the perspective of load characteristics, the heating load during the
transitional season is significantly lower than that in winter, while the electrical load level shows an upward
trend compared with that in winter. In the accommodation system for curtailment of wind and solar power,
the EB, TES, and EES constitute the core accommodation carriers. Due to the high heating demand in
winter, these devices can more fully participate in the accommodation process of the electrical energy from
curtailed wind and solar power, thus significantly increasing the consumption for the curtailment of wind
and solar power.
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Figure 12: Comparison of consumption of the curtailment wind and solar power for the three operating modes in
transitional season

From a holistic system perspective, OM-3 achieves comprehensive optimization in both green power
system generation and the consumption capacity for the curtailment of wind and solar power, demonstrating
the significant advantages of its multi-device coordinated scheduling strategy. EB efficiently consume the
curtailment of wind and solar power to directly supply the heating load, while TES and EES further enhance
the system’s flexibility and renewable energy utilization efficiency through cross-temporal regulation of the
remaining green power. This approach achieves full consumption of green power resources.

5.2.3 Comparison of Energy Storage Device Operating States

The advantage of OM-3 in consuming the curtailment of wind and solar power is not only reflected in the
absolute value of consumption but also in the significant optimization of the uneven temporal distribution
issue. A comparison of the operating states of EES and TES under the three operating modes is shown
in Fig. 13. In OM-], since the system primarily relies on CHP unit to meet the heating load demand while
simultaneously generating electricity to satisfy the electrical load, the EES quickly reaches full capacity in the
early stages of operation and does not discharge thereafter. This is because the CHP units’ supply of electricity
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demand prevents the electrical energy storage from fully participating in regulation during operation. OM-2
introduces EB to prioritize the consumption of the curtailment of wind and solar power to meet the heating
load demand, significantly reducing the operational intensity of CHP unit. With the participation of EB,
the EES gradually engages in load regulation, enhancing the system’s flexibility by discharging to adjust
load demand. OM-3 further integrates TES, establishing a multi-device coordinated dispatch mechanism
alongside EB and EES. In this mode, TES smooths out the temporal distribution of heating load demand,
while EES achieves precise temporal matching between dynamic load demand and the variability of wind
and solar power generation. Through the coordinated operation of multiple devices, the uneven temporal
distribution of the curtailment of wind and solar power is effectively mitigated, significantly improving the
system’s energy utilization efficiency.
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Figure 13: Comparison of operating states of EES and TES for the three operating modes: (a) Operating states of EES;
(b) Operating states of HES

5.2.4 Comparison of Unit Output

A comparison of the unit output of GP under the three operating modes is shown in Fig. 14.
OM-3 demonstrates the best optimization scheduling results, with the highest output from GP, fully utilizing
renewable energy and achieving efficient consumption of green power resources.

] OM-1

Power (MW)

Time (h)

Figure 14: Comparison of GP output for the three operating modes
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A comparison of the CHP unit output under the three operating modes during winter and the
transitional season is shown in Figs. 15 and 16 below. In OM-3, the CHP unit output is the lowest, as EB
and TES meet most of the heating load demand by consuming the curtailment of wind and solar power,
reducing reliance on fossil fuels. In contrast, OM-1, with its single-device configuration, results in the lowest
output from the green power system. Most of the electrical and heating load demands in the system rely on

CHP unit, leading to the highest CHP unit output and significantly increasing fossil fuel consumption and
carbon emissions.
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Figure 15: Comparison of CHP unit output for the three operating modes in winter
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Figure 16: Comparison of CHP unit output for the three operating modes in transitional season

A comparison of the EB output under OM-2 and OM-3 is shown in Fig. 17. OM-2 significantly enhances
the utilization efficiency of GP by incorporating EB, resulting in higher green power system output compared
to OM-1. However, due to the lack of TES for cross-temporal regulation of the curtailment of wind and solar
power, the output of EB in OM-2 is lower than in OM-3, and some of the heating load still needs to be
supplemented by CHP unit. Compared to OM-3, while EB in OM-2 can consume some of the curtailment of

wind and solar power, there are clear shortcomings in device coordination, limiting the overall scheduling
flexibility of the system.
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Figure 17: Comparison of EB output for the three operating modes

A comparison of the EES output under the three operating modes is shown in Fig. 18. Further analysis
of the output characteristics of EES that OM-1 stores the most electricity but fails to utilize it subsequently,
resulting in the lowest energy consumption efficiency. Although OM-2 stores more electricity than OM-3,
its energy utilization efficiency is still inferior to OM-3 due to the lack of TES for consuming the curtailment
of wind and solar power. In OM-3, while the amount of electricity stored in EES is slightly less than in OM-
1 and 2, the coordinated operation with TES and EB achieves efficient consumption of the curtailment of

wind and solar power. Its primary role is reflected in peak shaving, valley filling, and dynamic regulation of
grid load.
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Figure 18: Comparison of EES output for the three operating modes

A comparison of the TES output under OM-3 is shown in Fig. 19. The consumption of TES significantly
alleviates the uneven temporal distribution of the curtailment of wind and solar power and optimizes the

operation strategy of EB, significantly enhancing the matching between renewable energy consumption
capacity and load demand.
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6 Discussion

The proposed GPS-COSM, based on multi-device coordination and multi-objective optimization,
achieves excellent operational performance through rational device configuration and dynamic optimization
scheduling. In environments with significant variability in wind and solar power generation and dynamic
changes in heating load and electrical load demands, this multi-objective optimization model effectively bal-
ances economic benefits, energy utilization efficiency, and environmental benefits. Through the coordinated
optimization of TES, EES, and EB, the model not only achieves efficient consumption of the curtailment
of wind and solar power, significantly improving renewable energy utilization efficiency, but also reduces
reliance on CHP unit, thereby decreasing fossil fuel consumption.

The study employs the MOPSO algorithm, combining the Pareto dominance principle with fuzzy
membership functions, to address the complex trade-offs among operating costs, carbon emissions, and the
consumption of wind and solar curtailment. Compared to traditional methods that convert multi-objective
problems into single-objective optimization, MOPSO can simultaneously generate multiple Pareto optimal
solution sets, covering trade-off relationships among different objectives and providing more options for
optimization results. By evaluating the satisfaction level of solutions within the Pareto optimal solution
set, the study can select the optimal compromise solution from the non-dominated set, making the result
selection more scientific and rational. This demonstrates the applicability and superiority of the model in
multi-objective optimization.

The proposed GPS-COSM dynamically adjusts scheduling priorities based on load demand, wind and
solar power variability, and the status of energy storage devices. This dynamic scheduling strategy shows
that, in scenarios with significant wind and solar power variability, a well-designed scheduling priority can
maximize the consumption capacity of green power resources while effectively mitigating uneven temporal
distribution issues, thereby improving system flexibility and renewable energy utilization efficiency. From
the case study results, the optimization scheduling strategy of OM-3 performs best in terms of economic
efficiency, environmental benefits, and energy utilization efficiency. Through the cross-temporal regulation
of TES, the flexible response of EB, and the peak shaving and valley filling functions of EES, the model
achieves substantial consumption of green power resources and significantly reduces system operating costs
and carbon emissions.

This study centers on the collaborative optimization scheduling of the EB, TES, and EES. Under winter
operating conditions, the heating load demand is substantial, and the coupling effect among the devices
is intense. Therefore, core calculations are carried out focusing on the operation of the system under
winter operating conditions. To validate the robustness of the algorithm, the transitional season is further
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incorporated into the scope of analysis to examine the consumption of the curtailment of wind and solar
power during this period, and to analyze the operational characteristics of the CHP.

The model proffered in this dissertation is applicable to regional energy systems replete with wind
and solar resources, such as industrial parks and remote microgrids. It achieves the maximization of green
power consumption through coordinated dispatching of multiple devices. The heat storage/electrical storage
coordination mechanism can mitigate the volatility of wind and solar power, proffering a stable energy
supply blueprint for remote regions bereft of grid access, like islands and plateaus. The dynamic priority
adjustment strategy optimizes the load curve by leveraging electrical storage devices, diminishing the peak-
valley disparity of the power grid, rendering it suitable for urban microgrids characterized by substantial
fluctuations in electricity load.

Despite demonstrating effectiveness in boosting green power consumption and overall system per-
formance, the optimization dispatch model has limitations. First, it doesn’t account for equipment initial
investment costs. To address this, future practical applications should optimize the model in tandem with the
levelized cost of energy (LCOE) over its full life cycle. Second, it does not fully account for potential issues
in actual operations, such as heat loss in TES, the dynamic response speed of EB, and the potential impact
of device aging on performance. Therefore, future research could focus on the following improvements:
introducing uncertainty optimization methods and combining deep learning or time-series prediction
techniques to enhance the accuracy of renewable energy output forecasting [66,67]; further investigating the
economic aspects of TES and EES, comprehensively considering device investment and operating costs to
improve the economic feasibility and practical applicability of the optimization model [68]; and considering
the integration of hydrogen storage systems, establishing dynamic prediction models for the system, and
combining them with optimal control theory to optimize the dynamic response of hydrogen systems using
intelligent algorithms, thereby enhancing hydrogen storage capacity to quickly address uncertainties [69].

7 Conclusion

The study utilizes the MOPSO to address the optimization scheduling problem of GP in regional
integrated energy systems with large-scale renewable energy integration, mainly focusing on the situation
in winter. GPS-COSM is constructed with the objectives of minimizing operating costs, minimizing carbon
emissions, and maximizing the consumption of the curtailment of wind and solar power. The model employs
fuzzy membership functions to evaluate the satisfaction level of the Pareto optimal solution set, from which
the optimal compromise solution is selected. By integrating the coordinated configuration of GP, EB, TES,
EES, and CHP unit, three typical operating modes are designed. Through case study analysis, the following
main conclusions are drawn:

(I) OM-3 achieves low-carbon and low-cost system operation. Through multi-device coordinated
scheduling, the reliance on CHP unit is significantly reduced, decreasing the demand for externally
purchased natural gas and effectively lowering operating costs and carbon emissions. The operating
cost of OM-3 is reduced to 1.23 million CNY, a decrease of 98.86% and 8712% compared to OM-1 and
2, respectively. Carbon emissions are reduced to 280.88 t, a decrease of 97.4% and 43.44% compared
to OM-1 and 2, respectively. The results indicate that rational device configuration and coordinated
scheduling can achieve a good balance among economic efficiency, environmental benefits, and
energy efficiency.

(2)  EB plays a key role in the consumption of GP and heating load supply. By consuming the curtailment
of wind and solar power and converting it into thermal energy, EB significantly improve the system’s
energy utilization efficiency. In OM-2, EB increase the consumption of the curtailment of wind and
solar power from 12.33 MWh in OM-1to 976.25 MWh, an increase of 7817.68%. OM-3 further integrates
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TES, achieving a consumption of 1586.65 MWh and a consumption rate of 99.58%. Compared to
OM-1, which relies entirely on CHP unit for heating, EB directly meet most of the heating load demand
by consuming green power, significantly reducing reliance on fossil fuels while enhancing the green
power system’s consumption capacity.

(3) The synergy between TES and EES optimizes system performance. In OM-3, TES optimizes the
temporal distribution of green power resources and their alignment with heatingload demand through
cross-temporal regulation, increasing the consumption of the curtailment of wind and solar power by
62.4% compared to OM-2. EES enhances the system’s ability to adapt to electrical load fluctuations
through peak shaving and valley filling. The coordinated operation of TES and EES not only improves
the system’s efficiency in consuming the curtailment of wind and solar power but also significantly
enhances its adaptability to renewable energy variability. In contrast, OM-1 results in low utilization
of EES and fails to effectively address the uneven temporal distribution of the curtailment of wind
and solar power. OM-2, lacking TES support, exhibits significantly lower overall regulation capability
compared to OM-3.

This research constructs the GPS-COSM, which is predicated on multi-device coordination and multi-
objective optimization. It puts forward solutions to address the severe issues of wind and solar power
curtailment in the context of high-proportion renewable energy integration, as well as the challenges in
synchronizing the economic viability and low-carbon attributes of the system. By devising a multi-objective
optimization framework that aims to minimize operating cost, minimize carbon emission, and maximize the
consumption of wind and solar curtailment, an innovative coordinated dispatching mechanism for EB, TES,
and EES is introduced. MOPSO, in conjunction with a fuzzy membership function, is employed to effectuate
the dynamic balancing of Pareto optimal solutions. It is corroborated that the multi-device coordination
exhibits remarkable capabilities in optimizing the spatial-temporal alignment between the fluctuating nature
of wind and solar power and the load demands. The research findings fill the theoretical lacunae of
subjective weighting methodologies in multi-objective optimization, surmount the technical impediments in
decoupled dispatching of electric and heating loads and cross-period energy storage cooperation, furnishing
a comprehensive solution that combines economic, environmental, and reliability aspects for the low-
carbon transformation of regional integrated energy systems. This holds significant theoretical and practical
engineering value for facilitating the large-scale assimilation of renewable energy.
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Abbreviations

GPS-COSM  The green power system consumption optimization scheduling model

GP Green power system

PV Photovoltaic system
WT Wind turbine

CHP Combined heat and power unit
GT Gas turbine

GB Electric boiler

TES Thermal energy storage
EES Electrical energy storage
OM-1 Operating Mode-1
OM-2 Operating Mode-2
OM-3 Operating Mode-3
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