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Abstract

To improve the operational efficiency of the park source-load-storage system and reduce
operation costs and the wind-solar curtailment rate, this paper establishes a Park Integrated
Energy System (PIES) model with multiple energy storage and vehicle-to-grid (V2G) com-
ponents and proposes an adaptive comprehensive fitness multi-objective particle swarm
optimization algorithm. First, each component of the PIES is modeled. Second, electric
vehicle (EV) scheduling boundaries, determined by wind and PV output, as well as a
dynamic charging-discharging incentive mechanism, are designed to enhance renewable
energy accommodation. Finally, an adaptive comprehensive fitness index is defined, and
convergence and particle-update strategies are improved to achieve better scheduling
performance. Simulation results verify that the proposed PIES model achieves optimal per-
formance in terms of carbon-emission cost, total operation cost, and wind-solar curtailment
rate. Meanwhile, the improved algorithm also outperforms traditional multi-objective
methods in PIES scheduling.

Keywords: low-carbon optimal scheduling; multi-objective particle swarm optimization
algorithm; park integrated energy system; wind-solar-electric vehicle coupling model

1. Introduction
Faced with the increasingly severe challenges of global climate change and fossil

energy depletion, the transition to a low-carbon, efficient, and sustainable energy system
has become a global consensus and an inevitable trend of world energy development. As
a key carrier of urban energy transition, the Park Integrated Energy System integrates
electricity, heat, gas, and other energy forms to realize coordinated complementation and
cascade utilization of various energies, playing an irreplaceable role in improving energy
efficiency, promoting renewable energy consumption, and reducing carbon emissions [1].

With the rapid development of renewable energy technologies and the large-scale pop-
ularization of electric vehicles, integrating wind power (WP), photovoltaic (PV) power, and
EVs into PIES has become an important development direction. As clean and renewable
energy sources, wind and PV power have been widely used in PIES due to their environ-
mental friendliness and abundant resources, effectively reducing the system’s dependence
on fossil fuels and carbon emissions [2]. However, the inherent intermittency, randomness,
and volatility of wind and solar output pose great challenges to the stable operation and
optimal scheduling of PIES. With the increase in their penetration rate, renewable energy
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curtailment and low energy efficiency often occur [3]. Meanwhile, as flexible mobile en-
ergy storage units, EVs not only increase charging demand and the uncertainty of system
load, but also can realize bidirectional energy interaction with the power grid through
vehicle-to-grid technology, providing potential flexibility support for the optimal operation
of PIES [4,5].

Optimal scheduling is the core technology to achieve safe, efficient, and low-carbon
operation of the wind-solar-EV coupled system. In recent years, scholars have conducted
relevant studies on the optimal scheduling of PIES. Ref. [6] proposed a bi-level optimization
model based on multi-agent game theory, but ignored environmental benefits and the
uncertainty of renewable energy. Ref. [7] incorporated carbon emission reduction targets
into the scheduling model, but failed to fully consider the flexible regulation potential of
EVs. Ref. [8] constructed an integrated energy system model of hydrogen storage and
power generation considering alkaline electrolyzers and multiple operation modes, but did
not involve EVs to enhance scheduling flexibility. Ref. [9] proposed a grid-independent
park-level integrated energy system with hydrogen storage, using wind, solar, and natural
gas as main energy supplies to replace fossil fuels, but did not consider the coupling
characteristics between wind-solar energy and EVs. Ref. [10] established an optimal
operation model of PIES based on a robust algorithm and adaptive genetic algorithm,
but did not consider multi-objective collaborative optimization. Ref. [11] studied a wind-
solar-gas complementary integrated energy system for combined cooling, heating, and
power supply in an agricultural park, but did not consider the coordination of multiple
energy storage. Ref. [12] combined electricity and carbon quota trading to establish a
direct electricity-carbon trading mechanism for high-economic-efficiency IES (integrated
energy system) operation, yet the multi-energy complementation mechanism still needs
improvement. Ref. [13] proposed a grid-connected IES considering the complementation
of geothermal and solar energy with thermal storage, but did not exploit the scheduling
potential of EVs. Ref. [14] established a Stackelberg game model between the integrated
energy system operator and IES, but there is still room for improvement in renewable
energy accommodation.

In addition, existing multi-objective scheduling models often have defects in balancing
conflicting objectives, and solution methods struggle to obtain uniformly distributed Pareto
optimal solutions, which cannot fully meet the actual operation requirements of PIES under
wind-solar-EV coupling [15,16]. Ref. [17] established an improved IES scheduling optimiza-
tion model based on modified particle swarm optimization, but only took daily operating
cost as the objective function without multi-objective coordination. Ref. [18] combined
non-dominated sorting genetic algorithm II (NSGA-II) and beluga whale optimization
(BWO) to solve the model optimization problem, but did not achieve a collaborative
multi-objective optimum.

In summary, existing studies have achieved abundant results but still have deficiencies:
most studies fail to effectively couple wind-solar output with the charging-discharging
behavior of electric vehicles, lacking dynamic coupling and incentive mechanisms, so the
scheduling potential needs to be improved; existing scheduling algorithms struggle to
coordinate objectives such as low-carbon performance, economic efficiency and wind-solar
curtailment rate, making multi-objective scheduling difficult and leading to increased
operating costs or higher carbon emission costs. To address the above problems, this
study proposes a multi-objective collaborative optimization method for PIES based on the
Adaptive Weight Comprehensive Fitness Multi-Objective Particle Swarm Optimization
(AWCF-MOPSO) algorithm, constructs a PIES model coupled with wind power, photo-
voltaic power, and electric vehicles, and verifies the effectiveness of the method through
multi-scheme comparative simulation experiments.
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2. Modeling of Wind-Solar-EV Coupled PIES
The PIES operation framework constructed in this paper is shown in Figure 1, which

mainly consists of an energy supply unit, an energy coupling unit, an energy storage
unit, and an energy consumption unit. The energy supply unit includes on-site wind
power, on-site photovoltaic power, the utility grid, utility gas network and natural gas; the
energy coupling unit includes combined heat and power (CHP) units, gas turbines (GT),
gas boilers (GB), electrical boilers (EB), electrolyzers (EL) and hydrogen fuel cells (HFC);
the energy storage unit includes electrical energy storage (EES), thermal energy storage
(TES) and electric vehicles; and the energy consumption unit includes electric loads and
thermal loads.

Figure 1. Structure of the integrated energy system.

2.1. Basic Equipment Model of PIES
2.1.1. CHP

The mathematical model of CHP is expressed as follows:
PCHP(t) = ηCHP,e · FCHP(t) · LHVgas

HCHP(t) = ηCHP,h · FCHP(t) · LHVgas

ICHP(t)Fmin
CHP ≤ FCHP(t) ≤ ICHP(t)Fmax

CHP
−ψmin

CHP ≤ PCHP(t + 1)− PCHP(t) ≤ ψmax
CHP

(1)

where PCHP(t) is the electric power output by CHP at time t; ηCHP,e is the power generation
efficiency of CHP; FCHP(t) is the natural gas consumption of CHP at time t; LHVgas is the
low calorific value of natural gas; HCHP(t) is the thermal power output by CHP at time t;
ηCHP,h is the heat production efficiency of CHP; ICHP(t) is a 0–1 variable indicating whether
CHP operates at time t (0 = OFF, 1 = ON); Fmin

CHP and Fmax
CHP are the lower and upper limits

of natural gas input to CHP, respectively; ψmin
CHP and ψmax

CHP are the lower and upper ramp
limits of CHP, respectively.
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2.1.2. GT

The mathematical model of GT can be expressed as follows:
PGT(t) = ηGT,e · FGT(t) · LHVgas

IGT(t) · Fmin
GT ≤ FGT(t) ≤ IGT(t) · Fmax

GT
−ψmin

GT ≤ PGT(t)− PGT(t − 1) ≤ ψmax
GT

(2)

where PGT(t) is the electric power output by GT at time t; ηGT,e is the power generation effi-
ciency of GT; FGT(t) is the natural gas consumption of GT at time t; IGT(t) is a 0–1 variable
indicating whether GT operates at time t; Fmin

GT and Fmax
GT are the lower and upper limits of

natural gas input to GT, respectively; ψmin
GT and ψmax

GT are the lower and upper ramp limits
of GT, respectively.

2.1.3. GB

The mathematical model of GB can be expressed as follows:{
HGB(t) = ηGB,h · FGB(t) · LHVgas

IGB(t) · Fmin
GB ≤ FGB(t) ≤ IGB(t) · Fmax

GB
(3)

where HGB(t) is the thermal power output by GB at time t; ηGB,h is the heat production effi-
ciency of GB; FGB(t) is the natural gas consumption of GB at time t; IGB(t) is a 0–1 variable
indicating the operation status of GB at time t; Fmin

GB and Fmax
GB are the lower and upper

limits of natural gas input to GB, respectively.

2.1.4. EB

The mathematical model of EB can be expressed as follows:{
HEB(t) = ηEB,h · PEB(t)
IEB(t) · Pmin

EB ≤ PEB(t) ≤ IEB(t) · Pmax
EB

(4)

where HEB(t) is the thermal power output by EB at time t; ηEB,h is the heat production
efficiency of EB; PEB(t) is the electric power consumption of EB at time t; IEB(t) is a
0–1 variable indicating the operation status of EB at time t; Pmin

EB and Pmax
EB are the lower

and upper limits of electric power input to EB, respectively.

2.1.5. EES

The mathematical model of EES can be expressed as follows:

EEES(t) = EEES(t − 1) · (1 − σEES) +

(
PEES,ch(t) · ηch

EES −
PEES,dis(t)

ηdis
EES

)
· ∆t

0 ≤ PEES,ch(t) ≤ IEES,ch(t) · Pmax
EES,ch

0 ≤ PEES,dis(t) ≤ IEES,dis(t) · Pmax
EES,dis

IEES,ch(t) + IEES,dis(t) ≤ 1
Emin

EES ≤ EEES(t) ≤ Emax
EES

(5)

where EEES(t) is the stored energy of EES at time t; σEES is the self-discharge rate of
EES; PEES,ch(t) and PEES,dis(t) are the charging and discharging power of EES at time t,
respectively; ηch

EES and ηdis
EES are the charging and discharging efficiency of EES, respectively;

∆t is the time interval; IEES,ch(t) and IEES,dis(t) are 0–1 variables indicating the charging
and discharging status of EES, respectively; Pmax

EES,ch and Pmax
EES,dis are the peak charging and

discharging power of EES, respectively; Emin
EES and Emax

EES are the lower and upper capacity
limits of EES, respectively.
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2.1.6. TES

The mathematical model of TES can be expressed as follows:

HTES(t) = HTES(t − 1) · (1 − σTES) +

(
Hch(t) · ηch

TES −
Hdis(t)
ηdis

TES

)
· ∆t

0 ≤ HTES,ch(t) ≤ ITES,ch(t) · Hmax
ch

0 ≤ HTES,dis(t) ≤ ITES,dis(t) · Hmax
dis

ITES,ch(t) + ITES,dis(t) ≤ 1
Φmin

TES ≤ HTES(t) ≤ Φmax
TES

(6)

where HTES(t) is the stored heat of TES at time t; σTES is the self-heat release rate of TES;
Hch(t) and Hdis(t) are the heat storage and release rate of TES at time t, respectively;
ηch

TES and ηdis
TES are the heat storage and release efficiency of TES, respectively; ITES,ch(t)

and ITES,dis(t) are 0–1 variables indicating the heat storage and release status of TES,
respectively; Hmax

ch and Hmax
dis are the peak heat storage and release rate of TES, respectively;

Φmin
TES and Φmax

TES are the lower and upper heat storage capacity limits of TES, respectively.

2.1.7. EL

The mathematical model of EL can be expressed as follows:
MH2(t) = ηEL · PEL(t)

LHVH2

IEL(t)Pmin
EL ≤ PEL(t) ≤ IEL(t)Pmax

EL
−ψmin

EL ≤ PEL(t + 1)− PEL(t) ≤ ψmax
EL

(7)

where MH2(t) is the hydrogen production mass flow rate of EL at time t; ηEL is the power
generation efficiency of EL; PEL(t) is the electric power consumption of EL at time t; LHVH2

is the low calorific value of hydrogen; IEL(t) is a 0–1 variable indicating whether EL
operates at time t; Pmin

EL and Pmax
EL are the lower and upper limits of electric power input to

EL, respectively; ψmin
EL and ψmax

EL are the lower and upper ramp limits of EL, respectively.

2.1.8. HFC

The mathematical model of HFC can be expressed as follows:
PHFC(t) = ηHFC,e · MH2(t) · LHVH2

HHFC(t) = PHFC(t) ·
1−ηHFC,e

ηHFC,e
ηrec

0 ≤ PHFC(t) ≤ Pmax
HFC(t)

(8)

where PHFC(t) is the power generation of HFC; ηHFC,e is the power generation efficiency
coefficient of HFC; HHFC(t) is the recovered heat of HFC; ηrec is the waste heat recovery
coefficient of HFC; Pmax

HFC(t) is the maximum power generation of HFC.

2.2. Wind-Solar-EV Coupling Model

The charging-discharging behavior of EV can be expressed as:
PEV,i(t) = IEV,ch(t) · PEV,ch,i(t)− IEV,dis(t) · PEV,dis,i(t)
0 ≤ PEV,ch,i(t) ≤ Pmax

EV,ch,i
0 ≤ PEV,dis,i(t) ≤ Pmax

EV,dis,i
0 ≤ IEV,ch(t) + IEV,dis(t) ≤ 1

(9)

where PEV,i(t) is the power of the i-th EV; PEV,ch,i(t) and PEV,dis,i(t) are the charging and
discharging power of the i-th EV, respectively; IEV,ch(t) and IEV,dis(t) are 0–1 variables
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indicating the charging and discharging status of EV, respectively; Pmax
EV,ch,i and Pmax

EV,dis,i are
the allowable maximum charging and discharging power of the i-th EV, respectively.

The battery state of charge (SOC) model of EV is as follows:

SOCi(t + 1) = SOCi(t) +
ηEV,ch · Pch,i(t) · ∆t

Ei
−

Pdis,i(t) · ∆t
ηEV,dis · Ei

(10)

where SOCi(t) is the state of charge of the i-th EV; ηEV,ch and ηEV,dis are the charging and
discharging efficiency of EV, respectively; Ei is the battery capacity of the i-th EV.

Since vehicles are only included in the total power when connected to the grid, for a
cluster of N electric vehicles, its model is:

PEV,total(t) =
N
∑

i=1
PEV,i(t)

−Pdis
EV,total ≤ PEV,total(t) ≤ Pch

EV,total
PEV,i(t) = 0, t /∈ [tarr, tdep]

(11)

where PEV,i(t) is the total power of the electric vehicle cluster; Pdis
EV,total and Pch

EV,total are the
charging-discharging power limits of the charging pile cluster; tarr and tdep are the access
and departure times of the i-th EV, respectively.

The probability density function of vehicle access time is as follows:
farr(tarr) =

1
σarr

√
2π

exp
[
− (tarr−µarr)

2

2σ2
arr

]
0 ≤ tarr ≤ 24

fdep

(
tdep

)
= 1

σdep
√

2π
exp

[
− (tdep−µdep)

2

2σ2
dep

]
0 ≤ tdep ≤ 24

(12)

where σarr and µarr are the standard deviation and expectation of EV access time, re-
spectively; σdep and µdep are the standard deviation and expectation of EV departure
time, respectively.

To prevent battery life damage caused by excessive pursuit of accommodation and
user travel failure due to excessive scheduling, the following constraints are added to the
EV SOC: {

SOCmin ≤ SOCi(t) ≤ SOCmax

SOCreq
i ≤ SOCi(tdep,i)

(13)

where SOCmin is the minimum allowable SOC of EV; SOCmax is the maximum allow-
able SOC of an electric vehicle; SOCreq

i is the minimum SOC required for the i-th
EV when leaving.

The coupled charging-discharging power scheduling model is as follows:

ω(t) = PWT(t)+PPV(t)
Pre f

WT(t)+Pre f
PV (t)

ξ(t) =
PEV,total(t)+Pdis

EV,total
Pdis

EV,total+Pch
EV,total

0 ≤ Pmax
EV,ch,i ≤ min(

ω·Pmax,re f
EV,ch,i
ξ , Pmax,re f

EV,ch,i )

0 ≤ Pmax
EV,dis,i ≤ min(

ξ·Pmax,re f
EV,dis,i
ω , Pmax,re f

EV,dis,i )

(14)

where PWT(t) and PPV(t) are the wind power and photovoltaic output, respectively; Pre f
WT(t)

and Pre f
PV (t) are the installed capacities of wind power and photovoltaic, respectively; ω(t)

is the system wind-solar adequacy coefficient; ξ(t) is the EV power consumption coefficient;
Pmax,re f

EV,ch,i and Pmax,re f
EV,dis,i are the rated upper and lower limits of charging-discharging power

of the i-th EV, respectively.
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In this study, the output data of wind turbines and photovoltaic units are treated as
known conditions, which are derived from the wind generators and photovoltaic panels
installed within an industrial park in China. The upper limit of EV charging-discharging
power is determined by wind-solar output data and the current total power of the EV
cluster, realizing the scheduling logic that the greater the wind-solar output, the higher
the charging priority. The wind-solar adequacy coefficient and EV power consumption
coefficient are defined to adjust the allowable charging-discharging power of a single EV.
When the wind-solar adequacy coefficient ω(t) is larger and the EV power consumption
coefficient ξ(t) is smaller, the allowable maximum charging power of EV will be relaxed,
while the allowable maximum discharging power of EV will be narrowed; on the contrary,
when the wind-solar adequacy coefficient ω(t) is smaller and the EV power consumption
coefficient ξ(t) is larger, the allowable maximum charging power of EV will be narrowed,
while the allowable maximum discharging power of EV will be relaxed.

To solve the problems of low willingness of EV V2G discharging and insufficient
initiative to respond to scheduling, a differentiated discharging incentive model coupled
with wind-solar output deficit is constructed. Based on time-of-use (TOU) electricity
price, wind-solar deficit coefficient, and EV power consumption coefficient, the real-time
discharging incentive unit price is determined to ensure that the incentive unit price
is higher than the conventional charging electricity price and lower than the grid TOU
power purchase price, balancing the park’s economic cost and EV owner benefits. The
mathematical expression is:

CEV,dis(t) =

ω
ξ · Cgrid(t) · k ω

ξ ≥ δ

0 ω
ξ < δ

(15)

where CEV,dis(t) is the discharging incentive unit price of the electric vehicle at time t;
Cgrid(t) is the grid TOU power purchase price at time t; k is the incentive adjustment
coefficient; δ is the incentive trigger coefficient.

To ensure that the incentive mechanism is compliant and in line with engineering
practice, the following incentive constraints are set to avoid excessive incentive cost or
disordered discharging and limit the incentive price:

cEV,dis(t) ≤ cmax
grid (16)

where cmax
grid is the grid peak electricity price.

3. Improved Design of AWCF-MOPSO Algorithm
3.1. Multi-Objective Particle Swarm Optimization Algorithm

The core feature of a multi-objective optimization problem (MOP) is that there are
multiple conflicting objective functions, and there is no unique global optimal solution, but
only a set of non-dominated solutions (Pareto optimal solutions); that is, it is impossible
to improve the performance of one objective without reducing the performance of other
objectives. The low-carbon optimal scheduling of PIES involves multiple objectives, such
as carbon emissions and operation cost, so the multi-objective particle swarm optimization
(MOPSO) algorithm needs to be introduced. Based on the traditional PSO, the MOPSO
algorithm extends to the field of multi-objective optimization by introducing mechanisms
such as non-dominated sorting and external archive. Its core is to search for a uniform,
diverse Pareto-optimal solution set through particle iteration.

https://doi.org/10.3390/pr14091464
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Firstly, the multi-objective optimization problem of PIES low-carbon optimal schedul-
ing can be uniformly described as:

minF(X) = [ f1(X), f2(X), . . . , fm(X)]T

s.t. gj(X) ≤ 0, j = 1, 2, . . . , k
hl(X) = 0, l = 1, 2, . . . , p
Xmin ≤ X ≤ Xmax

(17)

where X is the decision variable vector; F(X) is the multi-objective function vector;
f1(X)∼ fm(X) are each independent objective function; gj(X) is the j-th inequality con-
straint; hl(X) is the l-th equality constraint; Xmin and Xmax are the lower and upper limits
of the decision variable, respectively.

For the above multi-objective optimization problem, non-dominated solutions and a
Pareto-optimal solution set are defined.

Non-dominated solution: For two feasible solutions Xa and Xb, if “for all objective
functions, fk(Xa) ≤ fk(Xb)(k = 1, 2, . . ., m), and there is at least one objective function such
that fk(Xa) < fk(Xb)”, then Xa dominates Xb; if no feasible solution can dominate Xa, then
Xa is a non-dominated solution.

Pareto optimal solution set: The set of all non-dominated solutions, denoted as
P∗ = {X ∈ Ω|∄X′ ∈ Ω, X′ ≻ X} where X is the feasible solution space; the set of objective
function values corresponding to the Pareto-optimal solution set is called the Pareto front.

An external archive A is set to store all non-dominated solutions generated during
the iteration and eliminate dominated particles. When the capacity of the external archive
exceeds the preset value, particles with smaller crowding distances are sorted out to
maintain particle diversity and avoid local concentration of the Pareto front. The crowding
distance cdi of the i-th particle is calculated as follows:

cdi =
m

∑
k=1

fk(i + 1)− fk(i − 1)
fk,max − fk,min

(18)

where fk(i + 1) and fk(i − 1) are the values of the (i + 1)-th and (i − 1)-th particles on the
m-th objective function (sorted in ascending order of the objective function value); fk,max

and fk,min are the maximum and minimum values of the m-th objective function in the
external archive, respectively.

3.2. Setting of Low-Carbon Preference Optimal Scheduling Objective Function

In multi-objective optimization, the traditional single-objective fitness cannot balance
the trade-off relationship between multiple objectives, and the fitness calculation relies
on fixed weights, making it difficult to achieve dynamic adjustment. Unlike traditional
MOPSO with fixed weights, we design a low-carbon preference adaptive weight adjustment
strategy that dynamically updates the weights of carbon emission cost, operation cost, and
wind-solar curtailment rate according to real-time system status, solving the problem of
unbalanced multi-objective coordination.

3.2.1. Low-Carbon Objective: Minimizing Total System Carbon Emissions

The total system carbon emissions mainly come from fossil energy power generation
and from carbon emissions of energy conversion equipment. The carbon emission coeffi-

https://doi.org/10.3390/pr14091464
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cient is introduced to quantify carbon emissions into carbon cost. The objective function
expression is:

f1(X) =
T

∑
t=1

Nfos

∑
i=1

µCO2,i · Pfos,i(t) · ∆t +
T

∑
t=1

Nconv

∑
j=1

µCO2,j · Pconv,j(t) · ∆t (19)

where f1(X) is the total system carbon emissions; T is the scheduling period; Nfos is the
number of fossil energy power generation equipment; µCO2,i is the carbon emission cost
coefficient of the i-th fossil energy power generation equipment; Pfos,i(t) is the output
of the i-th fossil energy power generation equipment at time t; Nconv is the number of
energy conversion equipment; µCO2,j is the carbon emission cost coefficient of the j-th
energy conversion equipment; Pconv,j(t) is the input power of the j-th energy conversion
equipment at time t.

3.2.2. Economic Objective: Minimizing Total System Operation Cost

The total system operation cost includes fossil energy procurement costs, renewable
energy curtailment loss, energy storage equipment operation and maintenance (O&M)
costs, and grid interaction costs. The objective function expression is:

f2(X) =
T
∑

t=1

Nfos
∑

i=1
Cfos,i · Pfos,i(t) · ∆t +

T
∑

t=1

Nren
∑

k=1
Cren,k · Pcur,k(t) · ∆t+

T
∑

t=1

Nsto
∑

l=1
Csto,l · |Psto,l(t)| · ∆t +

T
∑

t=1
Cgrid(t) · Pgrid(t) · ∆t

(20)

where f2(X) is the total system operation cost; Cfos,i is the energy procurement cost co-
efficient of the i-th fossil energy power generation equipment; Cren,k is the curtailment
loss coefficient of the k-th renewable energy power generation equipment; Pcur,k(t) is the
curtailment power of the k-th renewable energy power generation equipment at time t;
Nsto is the number of energy storage equipment; Csto,l is the O&M cost coefficient of the
l-th energy storage equipment; Psto,l(t) is the charging-discharging power of the l-th energy
storage equipment at time t; Pgrid(t) is the grid interaction power at time t.

3.2.3. Efficiency Objective: Minimizing System Wind-Solar Curtailment Rate

The wind-solar curtailment rate is a core indicator measuring the renewable energy
accommodation efficiency. Minimizing the wind-solar curtailment rate can improve energy
utilization efficiency. The objective function expression is:

f3(X) =

T
∑

t=1

Nren
∑

k=1
Pcur,k(t) · ∆t

T
∑

t=1

Nren
∑

k=1
Pren,k(t) · ∆t

× 100% (21)

where f3(X) is the system wind-solar curtailment rate, the wind-solar curtailment rate is
the ratio of unaccommodated wind-solar power to total wind-solar generation; Pcur,k(t) is
the predicted output of the k-th renewable energy power generation equipment at time t.

3.2.4. Adaptive Weight Comprehensive Fitness Design

The Adaptive Weight Comprehensive Fitness index is introduced as the criterion for
judging the quality of particles. The personal best is updated if the comprehensive fitness
of the current particle is better than that of its individual best particle, or if they have the
same non-dominated rank but the current particle yields higher comprehensive fitness.
Moreover, comprehensive fitness can assist in the selection of the global best particle. The
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particle with the optimal comprehensive fitness is selected from the external archive as the
global best particle, guiding the whole particle swarm to iterate toward the multi-objective
collaborative optimum and ensuring that the optimization results match the low-carbon
preference and the system operating status.

As the three objective functions have different dimensions, direct weight assignment is
not applicable. Therefore, the objective functions need to be standardized first and mapped
to the interval [0, 1] to eliminate dimensional influences. A linear standardization method
is adopted, and the standardization formula is given as follows:

fk,norm(X) =
fk(X)− fk,min

fk,max − fk,min
(22)

where fk,norm(X)k is the normalized value of the k-th objective function; fk,min is the
minimum value of the k-th objective function; fk,max is the maximum value of the k-th
objective function.

The weight calculation method for the three objective functions is as follows:

ω1(t) = λ ·
(

1 + f2,norm(X)+ f3,norm(X)
2

)
ω2(t) = (1 − λ) · 1− f2,norm(X)

(1− f2,norm(X))+(1− f3,norm(X))

ω3(t) = (1 − λ) · 1− f3,norm(X)
(1− f2,norm(X))+(1− f3,norm(X))

(23)

where ω1(t), ω2(t), and ω3(t) are the weights of the three objective functions, respec-
tively; λ is the low-carbon preference coefficient, which is set to 0.5 in this paper;
f2,norm(X) and f3,norm(X) are the normalized values of the economic objective and ef-
ficiency objective, respectively.

When the system carbon emission is excessively high, ω1(t) is increased while ω2(t)
and ω3(t) are decreased, giving priority to the low-carbon objective. When the system
operation cost is excessively high, ω2(t) is increased and ω1(t) is moderately reduced.
When the wind-solar curtailment rate of the system is excessively high, ω3(t) is increased
and ω1(t) is moderately reduced, prioritizing the improvements of renewable energy
accommodation efficiency. When the system operates in a stable state, the weights remain
stable to achieve multi-objective collaborative optimization.

Combined with the standardized objective function values, the adaptive weight com-
prehensive fitness of each particle is obtained via weighted summation, and the formula is
given as follows:

Fiti =
3

∑
k=1

ωk(t) · fk,norm (24)

where Fiti represents the comprehensive fitness of the i-th particle.

3.3. Improvement of Convergence Performance and Particle Update

We replace the fixed inertia weight with a linearly decreasing inertia weight combined
with random disturbance, which balances the global search ability in the early iteration
and local convergence ability in the late iteration, effectively avoiding falling into a local
optimum. The formula is:

Fiti =
3

∑
k=1

ωk(t) · fk,norm (25)

where ω(t) is the inertia weight of the t-th iteration; ωmax and ωmin are the maximum and
minimum inertia weight, set to 0.9 and 0.4 in this study; Tmax is the maximum number of
iterations, set to 150 in this study; δω is the random disturbance coefficient, set to 0.01 in
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this study; r1 is a random number in the interval [0, 1], used to increase the randomness of
inertia weight and avoid the algorithm falling into local optimum.

To further improve the diversity and optimality of the Pareto-optimal solution set, a
particle update strategy combining elite retention and random mutation is introduced.

1. Elite retention: After each iteration, the top 20% elite particles with the largest crowd-
ing distance in the external archive are directly retained for the next iteration to ensure
that high-quality solutions are not lost.

2. Random mutation: Random mutation is performed on particles trapped in a local
optimum (particles with no position change for 5 consecutive iterations in this study).
The mutation formula is:

X′
i(t) = Xi(t) + η · (Xmax − Xmin) · r2 (26)

where η is the mutation coefficient, set to 0.01; r2 is a random number in the interval [0, 1].

4. Discussion
To verify the rationality of the optimal scheduling model for the wind-solar-EV cou-

pled PIES under weather impacts constructed in this paper, as well as the solving perfor-
mance of the proposed improved multi-objective particle swarm optimization algorithm,
this section carries out a multi-scenario simulation analysis based on the system math-
ematical model, the improved multi-objective optimization algorithm, and the various
constraints mentioned above, using a typical operation scenario of a PIES in China.

4.1. Establishment of Objective Functions
4.1.1. Carbon Emission Cost

In the park-integrated energy system presented in this paper, the carbon-emission ac-
counting boundary includes direct and indirect carbon emissions. Direct carbon emissions
come from the power generation and energy conversion processes of CHP, GT, GB and
other equipment, which need to be calculated according to fuel consumption (converted
into electric and thermal power for easy calculation). Indirect carbon emissions come
from the carbon emissions of purchased electricity and heat, which need to be calculated
according to the amount of energy purchased from the power grid and heat grid. The
carbon emission cost objective function is as follows:

min f1(X) = min
T
∑

t=1
[µCHP · PCHP(t) + µGT · PGT(t) + µGB · PGB(t)+

µe
buy · Pbuy(t) + µh

buy · Hbuy(t)] · ∆t
(27)

where µCHP, µGT , µGB, µe
buy and µh

buy are the carbon emission cost factors of CHP, GT,
GB, purchased electricity, and purchased heat, respectively; Pbuy(t) and Hbuy(t) are the
electricity and heat purchased from the grid side at time t, respectively.

4.1.2. Total System Operation Cost

The total operation cost generated during the operation of the PIES system in this
paper includes grid power purchase cost, fossil energy procurement cost, heat purchase cost,
renewable energy curtailment cost, energy storage equipment O&M cost, EV discharging
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cost, EV discharging incentive, and EV charging revenue is considered. The objective
function is as follows:

min f2(X) = min
T
∑

t=1
[ωbuy,e · Pbuy(t) + ωbuy,g · Fbuy(t) + ωbuy,h · Hbuy(t)+

ωcur,WT · PWT,a(t) + ωcur,PV · PPV,a(t) + Kom,EES · Emax
EES+

Kom,TES · Φmax
TES +

NEV
∑

i=1
CEV,dis(t)PEV,dis,i(t) + csu,i Ii(t)

NEV
∑

i=1
ωdis,EV PEV,dis,i(t)−

NEV
∑

i=1
ωch,EV PEV,ch,i(t)] · ∆t

(28)

where ωbuy,e, ωbuy,g, ωbuy,h, ωcur,WT , ωcur,PV , ωdis,EV and ωch,EV are the grid power pur-
chase cost coefficient (TOU price), fossil energy procurement cost coefficient, heat purchase
cost coefficient, wind curtailment cost coefficient, photovoltaic curtailment cost coefficient,
EV discharging cost coefficient, and EV charging revenue coefficient, respectively; Pbuy(t),
Fbuy(t) and Hbuy(t) are the electric power, natural gas, and thermal power purchased by
the park at time t, respectively; Kom,EES and Kom,TES are the O&M cost coefficients of EES
and TES, respectively; csu,i is the start-stop cost of the i-th equipment; Ii(t) is the start-stop
status of the i-th equipment.

4.1.3. System Wind-Solar Curtailment Rate

The system wind-solar curtailment rate is a core indicator measuring the level of
renewable energy accommodation. The calculation formula is as follows:

min f3(X) = min

T
∑

t=1
[PWT,a(t) + PPV,a(t)] · ∆t

T
∑

t=1
PRE(t) · ∆t

× 100% (29)

where PWT,a(t) and PPV,a(t) represent the curtailed power of wind power and photovoltaic
systems at time t, respectively; PRE(t) is the total wind-solar output power at time t, which
equals the sum of PWT(t) and PPV(t).

4.2. Establishment of Constraints

The constraints in this paper include the electric power supply-demand balance
constraint, thermal power supply-demand balance constraint, natural gas supply-demand
balance constraint, etc.

4.2.1. Electric Power Balance Constraint

PCHP(t) + PGT(t) + PEES,dis(t) + PHFC(t) + PRE(t) + Pbuy(t) =
PEB(t) + PEES,ch(t) + PEL(t) + PEV,total(t) + Pload(t)

(30)

where Pload(t) is the park electric load.

4.2.2. Thermal Power Supply Demand Balance Constraint

HTES,ch(t) + Hload(t) = HCHP(t) + HGB(t)+
HEB(t) + HTES,dis(t) + HHFC(t) + Hbuy(t)

(31)

where Hload(t) is the park thermal load.
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4.2.3. Natural Gas Supply Demand Balance Constraint

FCHP(t) + FGT(t) + FGB(t) = Fbuy(t) (32)

4.3. Experimental Parameter Setting

To verify the effectiveness of the proposed low-carbon optimization solution method,
three schemes are designed for the comparative simulation of intra-day rolling optimal
scheduling. Scheme 1: Only the electric vehicle charging model is considered. Scheme 2:
The electric vehicle charging and discharging model is considered. Scheme 3: The wind-
solar and electric vehicle coupling model is considered. There are 100 electric vehicles in
total, with a maximum total charging power of 30 MW and a maximum total discharging
power of 10 MW. The remaining parameter configurations are listed in the Appendix A.

4.4. Scheduling Result Analysis

The comparative analysis results for the three optimal scheduling schemes show that
Scheme 3 has the best comprehensive performance, Scheme 2 is the second, and Scheme 1
has the worst effect, as shown in Figures 2–4. In all figures, energy sources are plotted on
the positive y-axis, and loads are plotted on the negative y-axis. When the energy storage
is on the positive y-axis, it indicates that it is in the energy release state; when it is on the
negative y-axis, it indicates that it is in the energy storage state.

(a)  (b) 

Figure 2. (a) Electric Power Balance of Scheme 1; (b) Thermal Power Balance of Scheme 1.

(a)  (b) 

Figure 3. (a) Electric Power Balance of Scheme 2; (b) Thermal Power Balance of Scheme 2.
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(a)  (b) 

Figure 4. (a) Electric Power Balance of Scheme 3; (b) Thermal Power Balance of Scheme 3.

The optimal scheduling results of the three schemes are analyzed and compared by
dividing the entire day into four periods, in combination with the electric–thermal load
balance diagrams, electricity price profiles, and thermal load characteristics.

The period of 1–6 h is the valley-load stage with an initially rising wind and pho-
tovoltaic output. During this interval, the electric load ranges from 8.6 MW to 14.7 MW,
and the thermal load is 13.2–16.0 MW. There is no photovoltaic output, while wind power
output climbs gradually from 11.1 MW to 37.4 MW. On the power side, Scheme 3 prioritizes
wind power accommodation with energy storage and residual loads: the electric boiler
operates steadily at 2.3–3.5 MW, the electric energy storage is fully charged, the electric
load remains at 1.1–2.0 MW, and the purchased power is the lowest during this period.
Scheme 2 realizes regulation through the charging and discharging of electric vehicles, with
lower purchased power and wind-photovoltaic curtailment than Scheme 1. However, it
fails to consider the coupling between electric vehicles and wind-photovoltaic resources,
so its wind and photovoltaic curtailment remains higher than that of Scheme 3 in the
absence of charging and discharging incentives. In Scheme 1, electric vehicles only operate
in the charging mode without discharge support, resulting in insufficient utilization of
energy storage and adjustable equipment, as well as the highest purchased power and
wind curtailment. On the thermal side, the three schemes exhibit a consistent changing
trend, focusing on thermal energy storage reserve and cost control. The combined heat
and power unit produces heat at 4.8–9.0 MW; the gas boiler supplies energy at 2.5–3.5 MW,
thermal storage is charged at 1.0–2.5 MW; and the purchased heat is merely 0.02–0.11 MW.
Economic logic: Grid electricity prices are at the valley level, and wind power has a surplus.
Physical mechanism: EVs and EES are charged preferentially to store surplus wind energy,
reducing wind curtailment and avoiding high-cost peak electricity purchase later.

The period of 7–12 h witnesses continuous load growth and the peak of wind and
photovoltaic output. The electric load rises from 9.6 MW to 69.6 MW, the thermal load
varies between 15.0 MW and 23.0 MW, the maximum photovoltaic output reaches 67.0 MW,
and wind power maintains its peak level. On the power side, Scheme 3 achieves full ac-
commodation of wind and photovoltaic power to the maximum extent. The electric boiler
works at high power, the electric load undergoes continuous dynamic adjustment, and
electric vehicles actively consume surplus power via high-power charging. The combined
heat and power unit maintains a stable output to guarantee a reliable heat supply; the gas
turbine shuts down at the peak photovoltaic output to coordinate local energy consumption,
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electric energy storage, and the hydrogen fuel cell operates with full-capacity discharging,
and the wind-photovoltaic curtailment is the lowest. Scheme 2 supports bidirectional
charging and discharging of electric vehicles but has limited capacity for wind and photo-
voltaic power consumption, causing certain wind and photovoltaic curtailment during this
period. In Scheme 1, electric vehicles can only be charged without reverse power-supply
capability, making it difficult to absorb excess electricity and leading to substantial wind
and photovoltaic curtailment. On the thermal side, all three schemes supplement peak heat
demand through thermal storage discharging; the heat production of combined heat and
power units ranges from 6.9 to 15.5 MW, gas boilers and electric boilers maintain stable
output, and purchased heat remains low. Physical mechanism: Photovoltaic output reaches
its peak, and the system has a large surplus of clean energy. Economic logic: EB and EL
operate at full load to convert excess electricity into thermal energy and hydrogen energy
for storage, which is more economical than curtailing renewable energy or selling electricity
to the grid at low prices.

The period of 13–18 h corresponds to the second load peak and the gradual decline of
wind and photovoltaic output. The electric load is 62.4–79.7 MW, and the thermal load is
18.1–19.9 MW. Photovoltaic output drops sharply from 71.4 MW to 1.9 MW, while wind
power output rebounds gradually. On the power side, Scheme 3 preferentially makes up
for the power shortage caused by reduced wind and photovoltaic output through gas
turbine power generation and energy storage discharging. The electric boiler runs at a low
power of 0.5–1.1 MW, electric energy storage is charged at 1.5–2.0 MW, and the purchased
power is minimized. Scheme 2 relies on the coordination of electric vehicle discharging and
generating units, resulting in a smaller power shortage compared with Scheme 1. Lacking
discharge support from electric vehicles, Scheme 1 has to depend on purchased power and
full-load operation of generating units, resulting in significantly higher purchased power
and electricity curtailment. On the thermal side, all schemes adopt collaborative operation
of all equipment to ensure heat supply: the combined heat and power unit operates at
full heat production capacity, gas boilers conduct dynamic output regulation, and the heat
released from thermal storage equipment gradually exits. Economic logic: Grid electricity
price enters the peak period. Physical mechanism: EES and EVs discharge to supply power
loads, reducing grid electricity purchase and peak load pressure.

The period of 19–24 h is the stage of load reduction and system resetting. The electric
load drops from 89.9 MW to 24.8 MW; the thermal load decreases from 22.9 MW to 15.8 MW;
photovoltaic output completely disappears; and wind power output first increases and
then decreases. On the power side, the operating output of various equipment in Scheme 3
gradually drops to a low level, and energy storage equipment is gradually shut down to
reduce operational losses. As most electric vehicles leave the comprehensive energy park,
the electric vehicle cluster operates in a low-power state, and both purchased power and
wind-photovoltaic curtailment are nearly zero. There is still a small amount of purchased
power and abandoned wind and solar power in Scheme 2, while Scheme 1 has the largest
amount of purchased electricity and curtailment due to the unregulated charging-only
operation of electric vehicles. On the thermal side, all three schemes start the thermal
storage charging process, the output of combined heat and power units and gas boilers
decreases, and redundant heat is stored by thermal storage devices. The purchased heat is
reduced to a minimum, and the entire system gradually returns to its initial operating state.
Physical mechanism: Wind power rebounds, and load demand decreases. Economic logic:
EVs and energy storage devices are charged to restore their initial state, preparing for the
next day’s operation.

In conclusion, Scheme 3 yields the optimal electric–thermal scheduling performance
in all periods, followed by Scheme 2, and Scheme 1 is the least effective.
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4.5. Scheme Index Comparison

The comparison of carbon emission cost, total system operation cost, and wind-solar
curtailment rate of the three schemes is shown in Table 1. The Renminbi (RMB) is the official
currency of China. To verify the performance difference in the algorithms is statistically
significant, the Wilcoxon rank-sum test is carried out at a significance level of α = 0.05. All
p-values are less than 0.05, indicating that the performance improvement of the proposed
AWCF-MOPSO is statistically significant compared with the traditional MOPSO and NSGA-
II in the scenario of this study.

Table 1. Comparison of indexes of three schemes.

Scheme Carbon Emission
Cost/RMB

Total System Operation
Cost/RMB

Wind-Solar Curtailment
Rate/%

Scheme 1 11,944.94 148,841.87 12.71
Scheme 2 10,789.94 125,534.96 9.37
Scheme 3 8392.12 95,723.57 2.84

Scheme 1 has the worst indices, Scheme 2 is moderate, and Scheme 3 has the best
performance. In terms of carbon emission cost, Scheme 1 has the highest cost because it
allows only one-way charging of electric vehicles and relies on high-carbon energy and
purchased electricity. Scheme 2 reduces the carbon-emission cost through EV charging-
discharging. Scheme 3 maximizes the accommodation of clean energy through the wind-
solar-EV coupling mechanism, with a carbon emission cost reduction of 29.74% compared
with Scheme 1 and of 22.22% compared with Scheme 2, showing the most prominent low-
carbon benefits. In terms of total system operation cost, Scheme 1 has high costs, including
curtailment and purchased electricity; Scheme 2 has reduced costs through EV regulation;
and Scheme 3 optimizes equipment strategies through collaborative scheduling, with a total
cost of only 95,723.57 Yuan, a significant decrease. In terms of wind-solar curtailment rate,
Scheme 1 is as high as 12.71%, Scheme 2 drops to 9.37% with still curtailment, and Scheme
3 constructs a multi-dimensional accommodation system to realize efficient wind-solar
accommodation, with a wind-solar curtailment rate of only 2.84%, greatly improving the
level of new energy utilization.

4.6. Algorithm Performance Analysis

To clearly verify the superiority of the optimal scheduling algorithm proposed in this
paper, the Pareto fronts of traditional NSGA-II, MOPSO, and AWCF-MOPSO on the plane
of total operation cost and wind-solar curtailment rate are compared, as shown in Figure 5.

Figure 5. Comparison of Pareto-Optimal Fronts for Different Algorithms.
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All compared algorithms are implemented under the same population size, maximum
number of iterations, and hardware/software environment, and each algorithm is executed
independently 30 times to eliminate randomness. The Pareto front of the AWCF-MOPSO
algorithm is generally lower than that of NSGA-II and the traditional MOPSO algorithm,
indicating that under the conditions set in this study, AWCF-MOPSO can better balance
multiple objectives and achieve optimal optimization results. For example, when all three
algorithms achieve a wind-solar curtailment rate of 2.84%, the total system operation
cost obtained by the AWCF-MOPSO algorithm is 95,723.57 RMB, while the total system
operation costs obtained by the NSGA-II and MOPSO algorithms are 134,448.33 RMB and
117,877.67 RMB, respectively.

5. Conclusions
In this study, a PIES model is first constructed, with a wind-solar and EV coupling

mechanism and an EV charging-discharging incentive mechanism designed to improve
renewable energy utilization, reduce carbon emissions, and mitigate wind-photovoltaic
curtailment. Subsequently, an improved MOPSO algorithm (AWCF-MOPSO) with adaptive
weight comprehensive fitness is proposed, which realizes the collaborative optimization of
PIES’ low-carbon, economic, and efficiency objectives by reconstructing the multi-objective
function, designing a dynamic weight-adjustment mechanism, and optimizing inertia
weight and particle-update strategy. Finally, three schemes are set up for simulation
verification, and the main conclusions are as follows:

(1) Scheme 1 loses bidirectional flexible regulation capability, relying heavily on CHP
units, gas turbines, and purchased energy to maintain power balance, resulting in high
wind-solar curtailment, high energy purchase ratio, and the worst performance. Scheme 2
(unrestricted EV charging-discharging) reduces the curtailment rate to ~9% through peak
discharging, but lacks deep coupling between EV scheduling and wind-solar characteristics,
failing to maximize clean energy utilization and leaving room for optimization in economy
and environmental protection.

(2) Scheme 3 achieves the optimal comprehensive performance. It realizes collab-
orative scheduling of EV charging for wind-solar absorption and discharging for peak
compensation, reducing the wind-solar curtailment rate to less than 3%, ensuring real-time
electric-thermal load balance, improving clean energy accommodation, reducing opera-
tion costs, and smoothing the load peak-valley difference through multi-equipment and
multi-energy collaboration.

(3) Within the setting and conditions of this study, the proposed AWCF-MOPSO algo-
rithm effectively addresses the deficiencies of conventional multi-objective optimization
algorithms. Its Pareto front is consistently located below that of NSGA-II and traditional
MOPSO, which means the proposed method can achieve higher renewable energy accom-
modation with lower system cost under the constraints of this paper, thereby offering
reliable algorithmic support for the low-carbon optimal scheduling of park-integrated
energy systems.

The above results indicate that this study promotes renewable energy accommodation
by constructing a mathematical model of wind power, photovoltaic, and EV coupling, and
introducing an incentive mechanism to guide users’ charging and discharging behaviors. By
improving the fitness and convergence performance of the multi-objective particle swarm
optimization algorithm, its performance in the low-carbon optimal scheduling of the PIES
is enhanced, realizing the multi-objective collaborative optimization of carbon emission
cost, total system operation cost, and wind-photovoltaic curtailment rate, which provides
a theoretical reference and engineering practice basis for the low-carbon optimization of
park integrated energy.
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Abbreviations
The following abbreviations are used in this manuscript:

PIES Park integrated energy system
IES Integrated energy system
EV Electric vehicle
V2G Vehicle to grid
WP Wind power
PV Photovoltaic
NSGA-II Non-dominated sorting genetic algorithm II
BWO Beluga whale optimization

AWCF-MOPSO
Adaptive weight comprehensive fitness multi-objective particle
swarm optimization

CHP Combined heat and power
GT Gas turbines
GB Gas boilers
EB Electrical boilers
EL Electrolyzers
HFC Hydrogen fuel cells
EES Electrical energy storage
TES Thermal energy storage
TOU Time-of-use
MOP Multi-objective optimization problem
MOPSO Multi-objective particle swarm optimization

Appendix A

Table A1. Equipment parameters.

Appliances Total Capacity (MW) Efficiency

CHP 14 (power)/16 (heat) 0.48 (power)/0.55 (heat)
GT 10 0.38
GB 10 0.8
EB 5 0.8
EL 2 0.85

HFC 2 0.85 (power)/0.4 (heat)
EES 2 0.9 (charge)/0.85 (discharge)
TES 3 0.85 (charge)/0.65 (discharge)
EVs 30 (charge)/10 (discharge) 0.95 (charge)/0.95 (discharge)
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Table A2. Other necessary parameters.

Parameters Value

ψmin
CHP/ψmax

CHP (MW) 10/10
Fmin

CHP/Fmin
CHP (m3/h) 0/10,000

Fmin
GB /Fmax

GB (m3/h) 0/10,000
σ

re f
EES/σ

re f
TES

0.001/0.15
Φmin

TES/Φmax
TES (MWh) 0.2/1.2

Pmax,re f
EV,ch,i /Pmax,re f

EV,dis,i (MW) 0.15/0.05
Ei (MWh) 0.1

NEV/NPSO (unit) 100/60
k/δ 30/10

T/∆t (h) 24/1
η 0.1

cmax
grid (RMB/MWh) 900

µCHP/µGT/µGB/µe
buy/µh

buy (RMB/MWh) 13/14/14/35/15
ωbuy,h/ωcur,WT/ωcur,PV/ωdis,EV/

ωch,EV (RMB/MWh)
300/200/200/600/

400
ωbuy,g (RMB/m3) 2.5

Kom,EES/Kom,TES (RMB/MWh) 20/10
csu,i (RMB/time) 100

 

Figure A1. Flowchart of the proposed AWCF-MOPSO algorithm.
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Figure A2. Probability Distribution of EV Access and Departure.

(a)  (b) 

Figure A3. (a) Grid Time-of-Use Electricity Price; (b) Wind and Photovoltaic Power Output.
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