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Abstract

As a key node of the energy internet, the park-level integrated energy system undertakes
the dual functions of improving energy supply reliability and promoting low-carbon devel-
opment in the transformation of the global energy structure. The need to simultaneously
meet terminal energy demand and market regulation requirements constrains operational
optimization due to factors such as energy price fluctuations. Future research should
focus on supply—demand coordination mechanisms and energy efficiency improvement
strategies to advance the high-quality development of such systems. To this end, this study
constructs a collaborative optimization framework integrating demand response based on
a dual-compensation mechanism and dynamic multi-energy pricing and incorporates it
into a Stackelberg game-based low-carbon economic dispatch model. By incorporating a
dynamic multi-energy pricing mechanism, the model coordinates and optimizes the inter-
ests of the upper-level park integrated energy system operator (PIESO) and the lower-level
park users. On the supply side, the model couples a two-stage power-to-gas (P2G) device
with a stepwise carbon trading mechanism, forming a low-carbon dispatch system enabling
source—grid—load coordination. On the demand side, an integrated demand response
mechanism with dual compensation is introduced to enhance the coupling intensity of
multi-energy flows and the adjustability of price elasticity. The simulation results show
that, compared with traditional models, the proposed optimization framework achieves
improvements in three dimensions: carbon emissions, economic benefits, and user costs.
Specifically, the carbon emission intensity is reduced by 28.04%, the operating income of
the PIESO is increased by 29.53%, and the users’ energy consumption cost is decreased by
13.05%, which verifies the effectiveness and superiority of the proposed model.

Keywords: Stackelberg game; stepwise carbon trading; integrated energy system;
integrated demand response

1. Introduction

According to in-depth research on integrated energy systems (IESs), the internal sub-
ject optimization and external energy interaction elements of the system have become
increasingly complex [1]. This poses new challenges to the development of the system in
the context of energy marketization [2]. Due to its ability to analyze the strategic interac-
tions and balance the interests of multiple subjects, game theory has been deeply integrated
into collaborative decision-making frameworks for IESs. Currently, the international aca-
demic community continues to expand its application research, focusing on the design of
market transaction mechanisms and the construction of dynamic game scenarios involving
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multiple subjects, and has achieved initial results. However, with the further development
of integrated energy systems, the impact of traditional carbon trading mechanisms and
demand response on the low-carbon optimization of system operations has gradually
diminished. Therefore, there is an urgent need to introduce a tiered carbon trading mecha-
nism and a comprehensive demand response mechanism under dual incentives. These new
mechanisms can more flexibly address system carbon emission issues, helping to further
develop integrated energy systems in low-carbon, high-efficiency, and intelligent directions.

The development of IESs often promotes the formation of a multi-energy comple-
mentary subsystem structure within a region [3,4]. A peer-to-peer (P2P) direct transaction
mechanism is adopted between subsystems, which significantly enhances the adjustability
of user-side resources, promotes the local consumption of renewable energy, and reduces
the overall operating cost of the system [5]. Reference [6] proposed a P2P energy trans-
action framework for community microgrids based on a continuous double auction and
multi-stage bidding mechanism. While protecting the privacy of prosumers, it optimizes
economic benefits and realizes decentralized and efficient energy allocation through differ-
entiated modeling and dynamic bidding strategies. When multiple subjects participate in
joint optimization, conflicts of interest among sub-members become more prominent due
to the potential differences in their objectives, and privacy protection also requires special
attention in multi-subject joint optimization [7]. Reference [8] established a Stackelberg
game architecture where the multi-microgrid system serves as the decision-maker and
the load aggregator acts as the responder. Reference [9] proposed a new park-level P2P
electricity—carbon sharing business model and constructed a utility model for park opera-
tors and users considering carbon trading. Reference [10] put forward a distributed energy
transaction framework for multi-microgrids based on a Stackelberg game and established
a local market energy transaction model, which aims to promote the balance between
supply and demand among multiple microgrid systems. In terms of game model solving,
traditional Karush-Kuhn-Tucker (KKT) optimization conditions cannot effectively handle
discrete decision variables, while heuristic algorithms, although offering greater flexibility
in modeling, face the challenge of high computational complexity [11]. This has prompted
researchers to explore optimization algorithms that can handle mixed-integer variables
while achieving high solution efficiency. Research on collaborative operation mechanisms
presents a diversified development trend.

In the operational optimization of IESs, considering the carbon trading mechanism
is a key measure to effectively control carbon emissions and improve the economic op-
eration benefits of the system. By introducing a trading mechanism for carbon emission
allowances, the carbon emission allowances of power generation entities on the energy
supply side can be allocated, thereby optimizing energy production and consumption
while controlling carbon emissions. Reference [12] introduced a carbon trading mecha-
nism and constructed an IES operational optimization model based on carbon trading by
calculating the quantitative carbon trading cost converted from carbon emissions. With
the development of the carbon trading market, the cost no longer solely relies on the
traditional fixed-coefficient calculation; therefore, improved carbon trading mechanisms
can more effectively incentivize enterprises to reduce carbon emissions by introducing
flexible market-oriented means and dynamic pricing [13-15]. Reference [16] proposed an
optimal operation model for an electricity—gas—heat IES by considering stepwise carbon
trading, which effectively improved the economy and low-carbon performance of the sys-
tem. Reference [17] combined a stepwise carbon trading mechanism with demand response
to construct a dispatch optimization model for IES. Reference [18] established a carbon
trading volume allocation model for IES using the gray correlation method and proposed
a seasonal stepwise carbon trading mechanism based on reward and punishment factors.
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Reference [19] designed a dynamic carbon trading reward and punishment mechanism
based on the supply-demand index and proposed a new IES planning and optimization
method using this mechanism.

With the annual increase in energy demand, the diversified demand responses of IESs
have become a key dispatchable resource. The integrated demand response (IDR) mecha-
nism significantly improves the flexibility of the power grid by encouraging consumers
to adjust their energy usage according to market dynamics [20]. This mechanism can
effectively reduce energy load during peak hours and promote energy consumption during
off-peak hours, thereby optimizing the energy consumption pattern. Therefore, the IDR
mechanism plays a crucial role in modern energy systems. It not only improves the stability
and reliability of the energy system but also promotes the efficient utilization of green
energy, providing strong support for the construction of a low-carbon and environmentally
friendly energy system [21].

Reference [22] incorporated the demand response of user loads into the centralized
dispatch model of an electricity-heat IES, treating demand response as an additional
balancing resource. Reference [23] established a load elastic demand response mechanism
combined with time-of-use electricity price information. Through optimal utilization of
this mechanism, the peak—valley difference in the load can be effectively reduced, and
the system’s ability to respond to load fluctuations can be improved [24]. Through this
mechanism, users can adjust their energy consumption behavior according to the electricity
price changes in different time periods, thereby balancing the load demand between peak
and off-peak hours [25].

Given the diversity of the entities involved, a single game-theoretic relationship often
struggles to accurately capture the complex interest dynamics among multiple agents.
Different stakeholders possess distinct objectives, constraints, and interests, making it
difficult for a single game model to fully reflect their interactions and trade-offs. Therefore,
to optimize the operation of a multi-agent system more precisely, it is necessary to adopt
more flexible and sophisticated game models tailored to the specific context or to combine
multiple game strategies. Only in this way can conflicts of interest and opportunities for
cooperation be effectively managed, thereby maximizing the overall benefits of the system.
In summary, to address the difficulty in simultaneously improving the operator’s income,
reducing user costs, and cutting carbon emissions in a single-park integrated energy system,
this study constructs a two-layer optimization model for the system by considering IDR
with dual compensation based on Stackelberg game theory. The model coordinates the
interaction between park operators and users by establishing a dynamic multi-energy
pricing mechanism.

1. On the source side, a two-stage P2G system and a stepwise carbon trading mechanism
are introduced to maximize the reduction in carbon emissions.

2. On the user side, an IDR mechanism with dual compensation based on economic
subsidies is implemented to effectively improve user participation.

3. Simulation results indicate that the proposed method can achieve the collaborative
optimization of increasing the operator’s income, reducing user costs, and cutting
system carbon emissions.

The remainder of this paper is organized as follows: Section 2 presents the park
energy transaction framework. Section 3 formulates the two-layer optimization model.
Section 4 describes the solution methodology. Section 5 provides case studies and sensitivity
analysis. Section 6 concludes the paper.
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2. Park Energy Transaction Framework

Under the power market transaction framework, the PIESO and park users, as market
entities with independent decision-making power, form a typical two-way interaction
relationship. This interaction has the following characteristics: first, there is a temporal
and spatial asynchrony in the decision-making behavior of both parties. The PIESO, as
the price setter, issues energy pricing strategies, and park users then adjust their energy
usage strategies based on price signals. Second, the decision-making process exhibits a
two-way influence: the PIESO’s pricing strategy directly affects users’ energy consumption
costs, while users” load response, in turn, impacts the PIESO’s income level. Third, an
asymmetric game relationship is formed between the two parties in the process of pursuing
their respective maximum interests. These characteristics fully conform to the theoretical
framework of a Stackelberg game. The specific energy transaction framework is shown
in Figure 1.
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Figure 1. Energy transaction framework of a park-level integrated energy system.

3. PIES Dual-Layer Optimization Scheduling Model Based on
Master-Slave Game Theory

The game sides of the park’s integrated energy system are composed of the PIESO
and the park users. The PIESO needs to purchase energy from the superior energy network
and realize energy conversion and utilization through energy conversion equipment. The
equipment managed by the PIESO mainly includes the equipment mentioned in Section 3,
and the user load mainly includes the electrical load, thermal load, and gas load. The
multi-energy flow in the park is shown in Figure 2.
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Figure 2. Energy flow framework of the park-level integrated energy system.

3.1. Park Operator Layer

As the leader of the park’s comprehensive energy system, the PIESO maximizes
revenue by optimizing energy purchase and sales strategies. Its objective function is:

max(Fpigso) = —Fi +F — F (1)

where Frpso is the total income of the PIESO; Fj is the total energy purchase cost from the
superior power grid and natural gas network; F, is the total energy sales revenue of the
PIESO from park users, that is, the energy purchase cost for park users; and F; is the carbon
transaction cost that the PIESO needs to bear.

= &8 ps
b = t);l(}\i,tp b — AsiPer) + t);l ApPos
0< P, <P

— © b,max’

0 < P, Wyl 2
0 < P8y < P¢pay, 0 < PE Wil
0< Wy, +Ws; <1
0< Py, <P

b,max

where Py, is the power purchased by the PIESO from the superior power grid at time t;
P, isthe ,electricity sold by the PIESO to the superior power grid at time t; Phg, ; represents the
natural gas volume purchased by the PIESO from the natural gas network; A} , represents
the power purchase price paid by the PIESO to the superior power grid; A¢; represents
the price of electricity paid by the PIESO to the superior power grid; /\ég, ; is the price at

which the PIESO purchases natural gas from the natural gas network; Py = refers to the

max

upper limit of power purchased by the PIESO from the superior power grid; P,y refers
to the upper limit of the electricity sold by the PIESO to the superior power grid; Wy, ; is
the electricity purchase ID, and Ws, is the electricity sales ID, both of which are 0 and
1 variables; I is a large positive number, such as 10%; and Pf, max refers to the upper limit of

gas purchased by the PIESO from the natural gas network.
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The total energy sales revenue F, of the PIESO from park users is shown as follows:

B =Y [peps 4 ppep + pEops! (3)

M-

where Pesl‘in denotes the electricity sold by the PIESO to park users; P;ff’tu denotes the heat
sold by the PIESO to park users; P;f’tu denotes the gas sold by the PIESO to park users; and
Py, p}tl’s, and p¥”° represent the electricity, heat, and gas prices, respectively, charged by the
PIESO to park users.

The calculation method of carbon transaction cost F; is as follows:

E CEn  Consider the traditional carbon trading mechanism )
3 =
Fco, Consider the stepped carbon trading mechanism

where ( is the cost coefficient of the traditional carbon trading mechanism; E,;, refers to the
carbon emission quota trading volume of CIES; and Fco, is the stepped carbon transaction
cost. Refer to Section 3.1.1 for the detailed process.

3.1.1. Analysis of Carbon Emission Flow and Carbon Trading

Carbon emission flow is defined as a virtual network flow that depends on the active
power flow of the grid. It represents the carbon emissions corresponding to the power
flowing through a branch [26]. Carbon flow-related variables are introduced as constraints
in the PIES optimization research, and the node carbon emission intensity and branch
carbon emission intensity are the two core indicators. In the PIES, CO; is also generated
from the source side, while the ultimate driving force of carbon emissions is at the load side.

Therefore, the carbon emissions of the PIES can be derived from the energy flow
by analogy with the corresponding relationship between each branch flow and carbon
emissions in the power grid.

e  Carbon emission flow
The carbon emission flow Rc represents the carbon emission corresponding to the

energy flow through a node or branch in a unit of time.

dE
Re == (5)

e  Branch carbon emission intensity

The branch carbon emission intensity p represents the energy-side carbon emissions
caused by the unit load of branch transmission; that is, the ratio of branch carbon flow

RpcEpR to energy flow P.
Rpc
0= BPEFR ©6)

e  Node carbon emission intensity

Node carbon emission intensity ¢ represents the energy-side carbon emissions caused
by node consumption per unit load. The node carbon emission intensity ¢; of node i is
equal to the weighted average value of the branch carbon emission intensity of all branches
flowing into the node relative to the energy flow, as follows:

L Pppj
_ jeNt

S
jeN+

)



Technologies 2025, 13, 579

7 of 24

where P; is the energy flow of branch j, p; is the carbon emission intensity of branch j, and
N is the set of all branches that supply power to node i and are connected to node i.

3.1.2. PIES Carbon Emission Flow Calculation

The inputs of the PIES are electricity and natural gas purchased from the distribution
network and natural gas network. According to the definition of carbon emission flow, the
carbon emission at the input end is calculated as:

Eer = Pe,tpe,t (8)

Eg,t = Pg,tPg,t (9)

where E,; and Eg are the carbon emission flows corresponding to the power and gas
purchases in t period, respectively; p.: and pg are the carbon emission intensities of
the external network input corresponding to the power and gas purchases in t period,
respectively; and P+ and Pg are the power and gas purchases in t period, respectively.
The energy coupling devices in the PIES can be divided into single input-single output
devices (such as GB) and single input-multiple output devices (such as CHP).
The carbon emission model of GB is calculated as:

EcBt = p4,GB,tPs,GBt = 01,GB,+Ph,GB ¢ (10)

where Egp s is the amount of CO; produced by GB at time t; and p, g, and pj, g are the
carbon emission intensities at the input and output of GB at time t, respectively.
The carbon emission model of cogeneration is calculated as:

Ecur,t = pcup,tPy,cHp,t = Pe,cHp,tPe,cp,t + On,cHp ¢ PhcHp ¢ (11)

where Ecpp/ is the amount of CO, produced by CHP at time t; and pcpp ¢, Pe,crp,t, and
pn,chp,: are the carbon emission intensities at the input end, power supply end, and heat
supply end of cogeneration at time t, respectively.

According to the above calculation, the actual carbon emission of the system is:

T

Enw =Y (Ect+Eg: + Ege + Ecury — Epag t) (12)
=1

EpaG,t = 9c0o,Aco, Pe MR ¢ (13)

where Epyg ; is the amount of CO, absorbed in the process of hydrogen generation at time ¢.

3.1.3. Ladder Carbon Trading Model

Carbon trading is a quantitative method to reduce carbon emissions, based on the
principle of quotas and trading. It is assumed that the power purchased by the PIES from
the external grid is thermal power. Thus, the carbon emissions considered in this paper
mainly fall into three categories: power purchase, gas-fired boiler units, and cogeneration
units. The baseline method is used to determine the initial carbon emission quota as follows:

Am = A¢ + Acup + Acs (14)
T
Ae =0 Z Pet (15)
=1
T
Acntp = e Y (8enPe,crip s + Phcrivy) (16)

t=1
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T

AGe =01 )_ Prce (17)
=1

where T is the total dispatching period; A, is the total carbon emission quota of the system;
Ae, Achp, and Agp are the carbon emission quotas of the power purchase, CHP, and
GB, respectively; é, and ¢y, are the carbon quota coefficients of the power and heat of the
generator set, respectively; and J,, is the conversion parameter of power and heat.

Through the carbon trading mechanism, the PIES can reduce carbon emissions by
reducing the purchase or sale of carbon emission quotas, thus improving its economy.
The traditional carbon trading mechanism only considers the base price of carbon trading
and lacks flexibility. Therefore, this study uses the reward and punishment ladder carbon
trading model. When the actual carbon emission E,; of the PIES is lower than the initial
carbon emission quota, rewards will be given; otherwise, the carbon quota must be filled.
To further limit carbon emissions, the larger the total amount of carbon emissions, the
higher the cost of carbon trading. The reward and punishment ladder carbon trading
model is as follows:

—c(14+2u) (A —Ep —1) En <Ap—1
—c(1+2u)l —c(1 4+ u)(Am — Em) Apn—1<E, < Ap

Deoss — C(Eps — An) Am < Em < Ay +1 )
cl +c(1+A)(Ep — Ay — 1) Ap+1< Ep < Ay +21
(24 M) +c(1+20) (B — Am—21) Ay +21 < Epy < Ay + 31
c(34+3M)+c(1+3A)(Ey — Ay —31) Ey > Ay +3l

where c is the basic price of carbon trading; y and A are the reward factor and penalty
factor, respectively; and [ is the length of carbon emission interval.
Therefore, the total carbon emission cost of the system is as follows:

T
Fco, = Y Dco, t 19)
=1

The numerical distribution range in Figure 3 reveals the status of the system’s carbon
quota. The positive range indicates that there is a gap in the system’s carbon emission
quota, and the corresponding quota must be purchased through the carbon trading market
to maintain compliance operations. The negative range indicates that the system holds
excess carbon emission quotas and can obtain economic benefits by selling the surplus
quotas in the carbon trading market.

Price A

e(1+34) | S
e(1+22) | S—

A+ )4 —

c 4—

27 =1 [0 T 21 31 4 4o &

- | _C(l"_ﬂ) m m

—c(1+2u)

Figure 3. The relationship between the carbon trading price and carbon emission quota.
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3.2. Park User Layer Objective Function

min(Fysgr) = F, — Ly, (20)

where Fysgr is the comprehensive energy consumption cost for users in the park; F; is the
energy purchase cost for users in the park; and I;, compensates for the demand response
of users in the park.

The energy purchase cost F, for park users is calculated as follows:

T
b b b
K=Y [pfpe;‘y + PPy + PPy (21)
t=1

where P:fy is the power purchased by park users from the PIESO; P; ltly is the quantity of
heat purchased by park users from the PIESO; p¢, pt', and p? are the purchase price, heat
purchase price, and gas purchase price from the PIESO by park users, respectively; and
Pgbllt1y is the gas volume purchased by park users from the PIESO.

Refer to Section 3.2.1 for details of the compensation I;, for the demand response of
park users.

3.2.1. User-Integrated Demand Response Model

In this paper, an incentive electricity—heat-gas comprehensive demand response
mechanism is constructed to enhance the willingness of the park to participate in the
demand response through the combination of economic incentives and optimal scheduling.
The mechanism aims to stimulate the enthusiasm of park users through economic subsidies
and to urge them to adjust the power, heat, and gas loads during the peak period of power
demand. This optimizes the load distribution of the system, relieves energy pressure, and
improves the reliability and efficiency of energy supply.

The power, heat, and gas loads in the demand response can be divided into two cate-
gories: one is the transferable load, which can be flexibly transferred in a specific period
of time; these loads can be adjusted or transferred to other time periods according to the
demand change of the power grid. The other is the reducible load, which is the amount
of usage that can be reduced during the demand response period—usually a part of the
load that can be reduced promptly without affecting the normal operation of the park. To
optimize the dispatch of these loads, we propose a specific mathematical model that aims
to quantify the adjustment and reduction effects of various loads and supports the park in
participating in demand response activities.

The specific mathematical model is as follows:

Pf g = Ply = PG + P
0 < Pt < P,
224; ptran — (22)
o' et
0< | Pgtan| < ptran

e,max

h _pf cut tran
Proqas = Py = By + Py
cut cut
0< Ph,t < Ph,max
24 (23)
tran __
LDt =

0 S ‘ P}tlrtam S Ptran

h,max
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bu bu
e _ y y
0< PLoad,t = P%t < Pet;max
h _ uy uy
0< PLoad,t - P}é,t < P}]:z),max (24)
8 _ uy uy
0< PLoad,t - Pg,t < Pg,max
where P{ ., Pf oad - @nd Pf oad ¢ are the electricity, heat, and gas loads after the user demand

response (i.e., the energy purchased by users in the park), respectively; Pz.f ot Pif . and

Pl{ o ATe the electricity, heat, and gas loads of the park before the user demand response;
Pg‘ft, Pﬁ/‘;t, and Pg}t respectively represent the electrical, thermal, and gas loads that can be
reduced; Py, Pflffm, and P;fm respectively represent the transferable electrical, thermal,
and gas loads; PS5y, Pﬁ‘;; a and ch,untlax respectively represent the maximum values of the

electricity, heat, and gas loads that can be reduced; P/, Pi2% , and PEan, respectively

. . b b
represent the maximum transferable electrical, thermal, and gas loads; and Pe;n};x, p, lgax,

and P; X respectively represent the maximum values of power, heat, and gas purchases
by users in the park.

The optimization of energy use strategy not only affects the operating output of the
PIES equipment but also directly affects the carbon emission level of the system. Based on
the coupling mechanism of electricity, heat, gas, and carbon dioxide, this study introduces
the carbon quota compensation mechanism into the demand response scheme. Specifically,
based on the transferable and reducible compensation mechanism of the conventional
electricity, heat, and gas loads, the dynamic conversion model between load reduction and
carbon quota is established to expand the demand-side response energy compensation to
the carbon quota compensation based on the benchmark carbon price conversion, thus
building a dual-incentive system for energy and carbon emissions [27]. Since the carbon
emissions considered in this paper mainly come from three categories—power purchase,
gas-fired boiler units, and cogeneration units—only carbon quota compensation for the
reduced power and heat loads is considered.

Iy =C+C (25)
24 " 24 24 24 " 24 24
Cr=a“) Pt +a™) PN +a® Y Pt +a’) P +a Yy PN a8 ) P (26)
t=1 t=1 t=1 t=1 t=1
24 24
Co=cbe Y Pyt +céy ) PRy (27)
t=1 t=1

where C; is the compensation income considering the energy price; C, is the compensation
income of the carbon quota; a®, «?", and a8 are the energy compensation coefficients that
can reduce the electricity, heat, and gas loads, respectively; a¢, a', and a'$ are the energy
compensation coefficients of transferable electric, thermal, and gas loads, respectively; c is
the benchmark carbon price; and é, and &, are the quota coefficients of electric and thermal
carbon, respectively.

3.2.2. Energy Pricing Constraints and Power Balance Constraints

The time-sharing energy pricing mechanism implemented by park operators has a
direct impact on their operating income and the energy consumption behavior of users.
Under market-oriented constraints, the comprehensive energy price set by the operator
shall meet the following constraints:
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1T
T Y Pf < Pe,max
17,
ftgl Pt < Ph,max (28)
1T
T )3 Pf < Pgmax
of S P <AL, (29)

15 < Pt <.
{OS_t_06 (30)

0.15 < Pf < 0.6

where pemax, Phmax, @nd Pgmax are the maximum values of the average electricity, heat,
and gas prices, respectively, in the whole dispatching cycle; and A, and A} , are the upper
and lower limits, respectively, of the dynamic electricity price.

See Section 3.2 for equipment operation constraints in the park. It should be noted that
this study does not currently incorporate the current output limitations of the inverter [28],
focusing solely on the power balance constraints for electricity, heat, gas, and hydrogen.

Py + Pwr,i + Pecrpt + Pearc: + Pedist = Plogas + PeLt + Pecnt + Poy 31)

Pyaist + Pucet + Prcrps + Purrc = Plogas + Phon (32)
B bg,t + Pgdis,t + PRt = Plogas + Poent + PoGBt + Po,crpyt (33)
Pr gLt + Prgisy = PrMrt + Prarc: + Prent (34)

3.3. Explanation of the Master—Slave Game Model Based on a Single Park

This section introduces the single-park integrated energy system model based on the
master-slave game in detail and explains the process of proving the existence of equilibrium
in the master-slave game.

3.3.1. Master-Slave Game Model Based on a Single Park

The game process is composed of the PIESO and the park users, in which the PIESO
is the upper leader and the park users are the lower followers. Its internal links are
mainly reflected in the energy price information released by the PIESO to users and the
optimization results within the park. The PIESO, as a leader, first formulates electricity
purchase and sale prices according to market conditions, energy demand, and carbon
emission targets and transmits this price information to lower-level park users. Users in
the park respond to the demand according to the energy price information provided by the
PIESO and then provide feedback on the adjusted energy demand to the PIESO, forming
a two-way interaction. This game interaction process constitutes a master—slave game
framework. This master—slave game model can be expressed as:

c_ {{PIESO, Park users}, { Es, Apieso },

35
{max(FPIESo), min(FUSER) } )

where E; is the energy demand strategy of park users and Apigso refers to the energy price
strategy formulated by the PIESO for the energy demand of users in the park.

During the game between the PIESO and park users, when neither the leader nor the
follower can obtain greater benefits by changing their own strategies, the game has reached
an equilibrium, which is specifically expressed as:

Fpreso (ES, Apieso) = Frieso(ES, Apieso) (36)
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Fuser (Es, Appso) < Fuser (Es, Apreso) (37)

_ ex _hx g%
Apwso = {pi" PP 5} (38)

3.3.2. Proof of Game Equilibrium Solution

Before obtaining the equilibrium solution, it is necessary to prove the existence and
uniqueness of the equilibrium solution through the following three theorems.
1. Proof of the existence of equilibrium solutions

e  The objective function of park operators is a non-empty, continuous function of their
policy set.
The objective function of the park operator is Equation (1), and the strategy set is its
set of energy prices p¢, pi', and p?.
The objective function must also satisfy Equation (3), so the game strategy set is
non-empty and continuous.

e  The objective function of park users is a non-empty, continuous function of their
policy set.
The objective function of the park users is Equation (20), and the strategy set is

the energy demand P PI’foa 44 and Pf

oad,t’ oad,t
must also satisfy Equations (21) and (26), so the game strategy set is non-empty

and continuous.

of the users. The objective function

e  Park operators propose convex game strategy sets.
The second-order partial derivatives of the game strategy sets p§, p?', and p? are
calculated for the objective function Equation (1) of the park operator.

9* FpIEso
om0 (39)
2
”P# =0 (40)
oP]
2
d PPI?SO —0 (41)
op:

Because the second-order partial derivative is 0, the objective function Equation (1) is
a linear function of the game strategy set p¢, p!, and p? of the park operator; therefore, the
objective function is quasi-convex for the game strategy set.

2. Proof of the unique equilibrium solution

e  When the follower’s strategy is given, there exists a unique optimal solution for the
leader’s utility function.
Based on Equations (39)—(41), the objective function Equation (1) is a linear function of
the game strategy set p¢, pt', and p¥; therefore, there exists a unique optimal solution
corresponding to it.

e  When a leader’s strategy is given, there exists a unique optimal solution for the utility
function of followers.
The second-order partial derivatives of the game strategy sets P}, , P{‘O od, o and

Pf oad,¢ are calculated for the objective function Equation (20) of the park users.

9? Fuser
9 IUSER _ g (42)
aPfoad,l‘
9? Fuser

=0 43
P (43)

Load,t
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0’F
gUSER -0 (44)
aPLoad,t

Because the second-order partial derivative is 0, the objective function Equation (20) is

ph and P¢

Load, ¢ Load t7 therefore, there exists a

a linear function of its game strategy set Iy 4 ;/

unique optimal solution corresponding to it.

4. Game-Solving Method

Two-level linear programming problems often manifest as nonlinear optimization chal-
lenges due to hierarchical decision coupling, presenting inherent solution difficulties. The
lower-level model typically exhibits continuity, nonlinearity, and differentiability, providing
a theoretical foundation for finding extremes via KKT conditions and thereby solving the
lower-level model. Considering that the bilinear terms in the objective function exacerbate
the problem’s nonlinearity, this study employs the McCormick method. By introducing
auxiliary variables and additional constraints, the nonlinear problem is transformed into a
solvable linear programming problem [26]. Combining this method with KKT conditions
has been validated as effective for similar optimization problems, ensuring the rigor and
feasibility of the solution. The flowchart of the proposed optimization scheduling method
based on the Stackelberg game is shown in Figure 4.

{ Stackelberg Game Model ]

|

Game Leader : PIESO \

/Game Follower : Park Users:

Energy Purchase
. . and Sale Volume . . Dual
Utility Function Utility Function C .
ompensation
Strategy Strategy Integrated
Space Space Demand
Energy Purchase Response
and Sale Price Mechanism

Energy Price J

Energy Trading
K Scheme

Figure 4. Flowchart of integrated energy systems based on the master—slave game theory.

4.1. The Derivation Process of McCormick’s Method for Handling Bilinear Terms

In the double-layer model, multiple bilinear terms such as prE Y, p{‘P;?y, and

p;gP;};y are present, which are the key factors causing the problem’s nonlinearity. The
McCormick relaxation method employs the “enveloping nonlinear functions with linear
inequalities” approach to transform bilinear terms into linear constraints. The specific steps
are elaborated in conjunction with the model presented in this paper.

4.1.1. General Linearization Procedure for Bilinear Terms

For any bilinear term, the core of McCormick relaxation involves achieving linear
approximation through variable bounds and auxiliary constraints:
Step 1. Determine variable bounds: First, specify the feasible region boundaries for O
and P. N y
{ON <o<o 5)
PY <P<LP

In the formula, OM and ON, and PM and PV are the upper and lower limits of O and
P, respectively.
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Step 2. Introduce auxiliary variables: Let Q denote the substitute auxiliary variable for
O-P.
Q=0P (46)

Step 3. Construct the linear envelope constraints: By combining the upper and lower
bounds of O and P, four linear inequalities are constructed:

Q > ONp+4+ OPN —ONpPN
Q > oMp + opM — oMpM
Q < OMp 4+ OPN — OMPpN
Q <opPM L OoNp—oNpM

(47)

The linear inequality represented by Equation (47) forms a polyhedron that “envelops”
the original nonlinear function, so the original bivariate product term can be solved through
this set of envelope lines.

4.1.2. Specific Treatment of Bilinear Terms in This Model

According to the above steps of the McCormick relaxation method, the detailed
processing of the pr:?y, p};PE ?y, and p‘?P;,ltly bilinear terms is as follows. Adding the

following constraints (48)—(50) to {% = pr:fy, o= p?P}E’?y, and {f = p?P;?y, we obtain:

gt> p PP e pe p

oL p Py + 5P~y By (48)
gb < pe B 4 pepn — per p

o< pePo 4 pe P — pe Y

3> pl Y 4 pEp B

Gz P B Y =t B )
gl < b P - phEPY — g p’

gL < phPP gl B ph' P

ot > p¥ PR 4 pEpY — b

CL > pS" PP 4 pEPE _ B phey” 50
gt < pB" DU g PP pBr phuy’

gL < pEPES 4 B Py _ 8 phuy

4.2. Deduction of KKT Condition and Complementary Relaxation Condition

After completing the linearization of the bilinear terms, the “lower-level optimiza-
tion model” must be transformed into the “constraints for the upper-level model.” This
transformation is achieved using the KKT conditions, with the specific steps outlined below.

4.2.1. Objective Function and Constraints of the Lower-Level Model

We define the lower-level objective function and its corresponding constraints as

shown below:
24 24
buy h pbuy g pbuy ce t ch t
e cu cu
PiPey” + 1l +piPey — (1 t);l Py +a El P
: C, 24 cut te P tran th A tran t P tran
min| ot 3 PR+ o 8P o 1 PR '8 P 1)

24 24
+cd, 21 Pf;ltt + ¢y, 21 sztt)
= =
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To simplify the expression, let % + c¢de = @, ach 4+ oy = @p, and a8 = @g, such that
Equation (51) simplifies to

24
buy | _hpbuy , gpbuy t
PiPer” T PPy + PPy — e El Pioit

: u cut 2 cut te u tran
min o t; Pi,h,t — ¢q tg Pl.,g,t - Py Pl-,e,t (52)

th 1 tran t 2 tran
- El Py — o gt; P

Lower-level constraints include variable upper and lower bounds and equilibrium
constraints, specifically:

0 < P < Pt iy, 0 S PRSC < PR o
0.< PEY < PEt 1™/ ,0 < P < Po: ™/
0< By < B /0,0 < Po < P s it
0 < B+ P, < 2Pk, 700 Pl ety
0 < Pt 4 piran < 2pjran : '™/, P — P — peut 4 plran < Ap
0.< PN 4 PR < 2P : ™0, PUY = ] — P4 PN A

4.2.2. Construction of the Lagrange Function

Based on the KKT conditions, the Lagrange function for the lower-level model must be
constructed. For the objective function in Equation (52) and the constraint in Equation (53),
the Lagrange function is

bu h pbu bu
L= P?Pe,ty + P Ph,ty + P%Pg,ty - ‘Pepec,ltlt - (PhPﬁEt - (ngg,lit
_ ate P;t;an _ ath P]’;f?n _ atg P;tan _ Acte ( P:;‘Y _ Pef, ; + PgC/lilt _ Pgtan

_Ab (P}ﬁy — P[, + Pt — P;lffn) — A8 (Pb‘fy — P/, + Pyt — ngn)

8
PP — gt (Pt — PE) — PPt — i (P, — P) 58
— paut 3 pest. — Pé:};t) e P:?y - (Pte),lgax _ p:ry>
A G R (e )
— " (PEF™ + PESRL) — ™ (PEan — PEF™) — iy ™® (Pffen + Pn )
— " (P = P — 1P (PEE + PER) — iy (Pt — PEE™)

4.2.3. KKT Conditions and Complementary Relaxation Conditions

According to the requirements of the KKT conditions, the derivative of the lower-level
model must be zero at the extremum point. By taking the derivative of the augmented La-
grangian function mentioned above, the KKT constraint conditions are obtained as follows:

oL _ b,  lub _
ap;t\tlt *_(PE_Af_Vt +Vt =0
oL _ h 2,1b 2ub
apﬁutt __q)h_At — My +‘th =0
oL _ g 31b 3ub
pg;t—_q’g_)‘t_.”t +u =0
9L e e 4)b 4ub _ oL _ _h h 51b 5ub _ (55)
apbuy—Pt*/\t*Vt + My —Orapbuy—??t*)‘t*ﬂt +tu =
7 6lb | 6ub "L b 71b | . 7ub
JL g g 2 ub _ e , ub
Sphw P A=+ =0, gpoan — — & A - A =0
&t 4
oL 8b , . 8ub oL 9lb ,  9ub
g = —0 AL = T T = 0, g = AT — g T = 0
, &

Furthermore, complementary relaxation constraints are obtained, as shown in the
following equation:
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oL _ 1,lb lLub _
apectilt__(pe_A?_yt +Vt =0
oL h_ . 2lb 2ub _
ap}f\;t —_(Ph_)‘t _I’lt +]/lt =0
oL — g — A8 _ ‘u3,1b + ‘u?),ub —0
Pcut - t t t -
gt
oL __ 4,Ib 4ub _ oL _ .h h 5,Ib 5ub __ (56)
apbuy—P?_/\f_Vt + My _Olapbuy_pt_At_Vt +u =
et ht
oL 6,Ib 6,ub oL 7]b 7,ub
Py —pE AP+ =0, JpE = 0 G~ " =0
&t 4
oL 8,Ib 8ub __ oL _ 9,Ib 9ub __
apmn =~ A = " = 0, g = S A = T =0
b ks

Therefore, we use the KKT condition to construct an augmented Lagrangian function

for the lower-level park user model. By taking its first-order partial derivative, the lower-

level model can be transformed into the constraint conditions of the upper-level model.

Transforming the original two-layer optimization problem into a balanced constraint, linear

single-layer optimization problem greatly simplifies the optimization process and improves

solving efficiency.

5. Case Analysis

For the calculation examples adopted in this paper, the prices of various energy sources

are shown in Table 1, the parameters of the equipment are presented in Table 2, and the

predicted values of wind power and users’ electricity, heat, and gas loads are shown in

Figure 5. p.+ and pg ¢ are sourced from official data, namely, the State Grid Corporation of

China (SGCC)’s carbon emission statistics and national carbon trading market disclosures.

Table 1. Prices of various energy sources.

Energy Type Time Period Price
1:00-7:00, 22:00-24:00 04
Electricity (CNY/kWh) 8:00-11:00, 15:00-18:00 0.7
12:00-14:00, 19:00-21:00 1.2
Natural gas (CNY/Nm?) / 2.7
Table 2. Various park parameters.
Parameter Value Parameter Value
Pg,GB,max (kW) 600 PEL,max (kW) 900
NGB 0.95 NEL 0.87
Pgps/Pgpy (KW) 240/120 Prr s/ Pern (KW) 160/180
PH,HFC,max (kW) 600 Pg,CHP,max (kW) 600
MhEC 0.35 Nerp 0.35
e 1.78 N pp 1.78
OHFC,max/ @HFC,min 120 Pcup,s/ Pcuap,n (KW) 120
Prrc,s/ Prrc,n (KW) 0.5/2.1 PpMR,max (KW) 300
E.(kWh) 200 1R 0.65
Ne,ch /Ue,dis 0.95 PMR,s /PMR,n (kW) 60/60
Pe,ch,max/Pe,dis,max (kW) 80/100 Se,max/se,min 09/0'2
Ye 0.003 E;, (kWh) 250
Th,ch/ Mh,dis 0.85 Py chmax/ Phdis,max (KW) 120/150
Shmax/ Shmin 0.2/0.9 Vi 0.005
E¢ (kWh) 300 Hg,ch / g dis 0.95
Py ch,max / Pq gis,max (kW) 150/210 S¢max/S ¢min 0.9/0.2
Ep(kWh) 100 N ch/ M i 095
PH,ch,max/PH,dis,max (kW) 50/70 SH,max/SH,min 0'9/0~:2
YH 0.003 c 0.25
Au 0.25/0.2 be/0p 1.08/0.9
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Figure 5. Predicted values of wind power and users’ electricity, heat, and gas loads.

5.1. Comparative Analysis of Different Solutions

To demonstrate the economic efficiency and low-carbon performance of the multi-
agent Stackelberg game optimal scheduling that incorporates integrated demand response
and a stepwise carbon trading mechanism, this section describes the following scenarios
for comparison:

Scenario 1: Considers dynamic pricing of multiple energy sources and the traditional
carbon trading mechanism but excludes demand response.

Scenario 2: Considers dynamic pricing of multiple energy sources and the tiered
carbon trading mechanism but excludes demand response.

Scenario 3: Considers dynamic pricing of multiple energy sources, the stepwise carbon
trading mechanism, and the demand response mechanism for flexible curtailment loads.

Scenario 4: Considers dynamic pricing of multiple energy sources, the stepwise carbon
trading mechanism, and the dual-compensation demand response mechanism.

The operational results under the different scenarios are shown in Table 3.

Table 3. Operational results under the different scenarios.

. Park Users’ Energy Carbon Trading ..
Scenario Number PIESO Revenue (CNY) Purchase Cost (CNY) Cost (CNY) Carbon Emissions (kg)
Scenario 1 8186.16 34,920.48 6533.67 14,519.27
Scenario 2 8751.12 34,915.47 5963.70 14,427.39
Scenario 3 8958.53 33,752.88 5582.23 13,664.46
Scenario 4 10,603.69 30,364.20 3973.81 10,447.61

Based on the results in Table 3, the Stackelberg game model proposed in this section,
which incorporates tiered carbon trading and dual-compensation demand response, can
increase the PIESO revenue, reduce users’ costs, and lower both carbon emissions and
carbon trading costs.

Compared with Scenario 1, Scenario 2 adopts the stepwise carbon trading mechanism.
Compared with the traditional carbon trading mechanism, the stepwise carbon trading
mechanism helps the system reduce carbon trading costs, thereby increasing the PIESO
revenue and ensuring the system’s low-carbon and economic performance.
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Compared with Scenario 2, Scenario 3 includes flexible curtailment loads. After
introducing the demand response mechanism, the park users” energy purchase cost, system
carbon emissions, and carbon trading cost all decrease, further improving the system’s
economic and low-carbon efficiency.

Compared with Scenario 3, Scenario 4 adopts the dual-compensation demand re-
sponse. Compared with the scenario that only considers flexible curtailment loads, Scenario
4 achieves the following: the PIESO revenue increases by CNY 1645.16, carbon emissions
decrease by 3216.85 kg, carbon trading cost reduces by CNY 1608.42, and users’ energy
purchase cost drops by CNY 3388.68. This indicates that integrating the dual-compensation
demand response with the stepwise carbon trading mechanism is beneficial for enhancing
the system’s low-carbon and economic operation.

Based on the above analysis, the method proposed in this section provides good
economic and low-carbon benefits to the park and promotes the park’s economic and
green development.

5.2. Analysis of Electricity Price Optimization Results
e  Comparative Analysis of Dynamic Pricing Between Scenario 3 and Scenario 4

As shown in the simulation results of Figure 6, the introduction of a dual-compensation,
integrated demand response mechanism has fostered stronger synergies between energy
price regulation and user load response. Compared to Scenario 3, which only considers
load-reduction demand response, Scenario 4 exhibits more pronounced time-of-day dif-
ferentiation in dynamic energy pricing: during peak load periods, operators moderately
increase electricity, heating, and gas prices to curb excessive demand; during off-peak
periods, prices are lowered and combined with compensation incentives to guide users in
proactively shifting loads. The resulting price signals better align with system operational
states, making control strategies more targeted and effective.

Time/h
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Figure 6. Comparison of dynamic pricing across different scenarios. (a) Comparison of dynamic
electricity prices. (b) Dynamic heat price comparison. (¢) Dynamic gas price comparison.

Under the dual-compensation mechanism, user enthusiasm for demand response
has significantly increased. Beyond conventional electricity, heat, and gas compensation,
carbon quota compensation strengthens users” willingness to reduce loads during high-
carbon emission periods, enhancing peak shaving and load shifting. Compared to Scenario
3, Scenario 4 shows a more pronounced decline in user loads during high-price periods
and a further upward shift during low-price periods. The overall load curve becomes
smoother, with energy usage behavior better aligned with the system’s low-carbon and
economic objectives.

From a system operation perspective, dynamic energy pricing and user response form
a continuous two-way feedback loop: operators adjust energy prices based on actual system
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conditions, users modify load demand in response to price and compensation signals, load
changes subsequently impact system energy distribution and operating costs, and the
updated system state drives further price strategy adjustments by operators. This iterative
process gradually converges the system toward a stable Stackelberg equilibrium, achieving
a coordinated alignment of interests across supply and demand sides.

Opverall, the introduction of dual-compensation demand response not only optimizes
load distribution and reduces peak-hour purchased energy requirements but also alleviates
operational pressure on CHP and GB equipment during high-load periods. This enhances
overall system energy efficiency and promotes low-carbon operation. Simultaneously,
it further lowers users’ energy procurement costs while ensuring operator profitability,
achieving concurrent improvements in economic viability and environmental benefits. The
results demonstrate that integrated demand response based on the dual-compensation
mechanism significantly enhances the dynamic regulation capabilities of multi-energy
systems, providing practical strategy references for optimizing the operation of integrated
energy systems in industrial parks.

e  Analysis of Dynamic Pricing

To further elucidate the impact of dynamic energy pricing on system operational
characteristics, this section presents Scenario 4 as a representative case and analyzes it in
conjunction with the optimized results for the electricity, heat, and gas prices presented in
Figure 7. Scenario 4 incorporates a dual-compensation demand response mechanism on
top of dynamic pricing, thereby highlighting the interplay between energy prices and user
behavior and enabling a more accurate depiction of the model’s operational mechanisms.

Laa Eﬁz:mic Electricity . 0.709 ... Dynamic Thermal = - - Upper Limit of = - - Lower Limit of 0.709 ... Dynamic Gas — - - Upper Limit of — - - Lower Limit of

— - - Upper Limit of ' | Price Thermal Price Thermal Price Price Gas Price Gas Price
Electricity Price '
= = - Lower Limit of ' 1k .
1.0+ Electricity Price ! e |
|
P
|

0.35 0.35

Electricity Price / (Yuan/kWh)
Electricity Price / (Yuan/kWh)
|
i
i
i
Electricity Price / (Yuan/kWh)

Time/h Time/h Time/h

() (b) ()

Figure 7. Dynamic electricity /heat/gas prices formulated by the PIESO. (a) Electricity. (b) Heat.
(c) Gas.

As shown in Figure 7a, during periods of high power demand, the operator primarily
adjusts prices based on the benchmark rates from the external grid, limiting its pricing
flexibility. However, during periods of low demand, the operator can moderately reduce
electricity sales prices to encourage users to increase consumption during off-peak hours.
This strategy mitigates system load fluctuations and improves the temporal distribution of
electricity supply. This differentiated pricing not only heightens demand-side sensitivity
to price signals but also enables operators to optimize revenue while meeting user needs.
More significantly, load shifting achieved through price adjustments reduces reliance on
external power purchases during peak hours, leading to more pronounced improvements
in the system’s carbon emissions performance.

As shown in Figure 7b, the pattern of thermal price fluctuations indicates that thermal
load variations significantly influence operators’ pricing strategies. During periods of high
thermal load, elevated thermal prices help curb unnecessary heat consumption, preventing
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CHP and GB units from operating in high-load ranges and thereby enhancing overall sys-
tem energy efficiency. During periods of low thermal load, moderately lowering heat prices
increases user utilization of available thermal energy, mitigates energy losses from equip-
ment start—stop cycles, and improves the smoothness of multi-energy flow coordination.
Dynamic heat price adjustments further enhance demand response effectiveness, creating
a complementary coupling between user thermal behavior changes and adjustments in
electricity and gas prices.

As shown in Figure 7c, gas price variations also exhibit highly consistent responsive-
ness to load conditions. During peak load periods, rising gas prices effectively curb natural
gas consumption, mitigating additional carbon emission pressures from CHP systems
operating at high loads. Conversely, lower gas prices during off-peak periods encourage
increased gas usage, thereby effectively distributing thermal and electrical supply pressures
within the multi-energy coupling system. This approach not only optimizes energy flow
distribution across different time periods but also enables operators to achieve a better
balance between gas procurement and energy conversion efficiency.

Overall, the dynamic multi-energy pricing mechanism based on Scenario 4 reflects
the load conditions and operating costs of different energy sources, allowing both supply
and demand sides to adjust in tandem, driven by price signals. Operators gain enhanced
operational flexibility through the adjustment space created by price differentials, while
users proactively participate in load regulation incentivized by compensation mechanisms.
This ultimately achieves reduced energy costs and smoother load profiles. The mecha-
nism demonstrates significant advantages in economic efficiency, low-carbon performance,
and system stability, showcasing the positive interactions and sustainable operational
capabilities of multi-energy coupling systems within a dynamic pricing framework.

5.3. Analysis of Demand Response Results

Under the dual-compensation integrated demand response mechanism, the changes in
electricity, heat, and gas loads before and after response are shown in Figure 8. It can be ob-
served that, driven by compensation incentives, the user side exhibits more proactive peak
shaving and shifting behaviors, significantly altering the temporal distribution of multi-
energy loads. High loads originally concentrated during peak periods are partially reduced
or shifted to off-peak periods with lower prices and reduced demand. This process lowers
the peak values and raises the trough values of the load curve, resulting in a smoother
overall trend. This load redistribution not only improves the energy usage structure but
also significantly reduces the system’s energy supply pressure during peak periods.
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800 1 -1 1600 800 1 -1 1600
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Figure 8. Load curves before and after demand response. (a) Before. (b) After.



Technologies 2025, 13, 579

21 of 24

Within the multi-energy coupling framework, synergistic interactions exist between
electricity, heat, and gas loads. Adjusting one load category often simultaneously improves
the utilization status of other energy sources. Demand response encourages users to
reduce electricity consumption during peak periods, thereby lowering purchased electricity
requirements and alleviating operational pressure on CHP units during high-load intervals.
This approach reduces natural gas consumption and associated carbon emissions. Peak
reductions in thermal and gas loads further decrease the frequency of energy conversion
equipment operating at full or overloaded capacity. This balances the system’s energy flow
and prevents transient stresses caused by cascading load superposition. The synergistic
peak-shaving effect across multiple energy loads significantly enhances the system’s overall
operational safety margin and energy efficiency.

The dual-compensation mechanism plays a particularly critical role in demand re-
sponse. Economic compensation provides users with direct benefits for reducing electricity,
heat, and gas loads, enhancing participation willingness. Carbon quota compensation fur-
ther amplifies user motivation to proactively respond to price signals during high-carbon
emission periods. This combined effect of energy compensation and carbon compensation
ensures that users’ load adjustments are driven not only by economic factors but also align
with the system’s low-carbon operation objectives. The load curve following demand
response more closely aligns with the system’s low-carbon dispatch requirements, pro-
viding more stable external conditions for operators to achieve multi-energy coordination
optimization through dynamic energy pricing.

Overall, the dual-compensation integrated demand response mechanism effectively
achieves peak shaving and valley filling, alleviates operational pressure on the energy
supply side, improves system energy efficiency, and reduces energy consumption dur-
ing high-carbon emission periods through load timing restructuring. This mechanism
demonstrates significant advantages in economic viability, reliability, and low-carbon per-
formance, providing a clear pathway and practical value for the coordinated optimization
of integrated energy systems in industrial parks.

5.4. Sensitivity Analysis

To thoroughly investigate the impact of external input parameters on system operation
sensitivity, we selected the electricity price parameter—which exerts the most significant
influence on the system—for sensitivity analysis. This approach provides an intuitive and
representative exploration of the patterns of impact that electricity price fluctuations exert
on the system. The results are shown in Figure 9.

As shown in Figure 9, as the peak-off-peak electricity price increases from 0.4 CNY/kWh
to 0.8 CNY/kWHh, the PIESO’s revenue exhibits a gradual decline. This occurs because the
PIESO’s revenue primarily stems from users’ energy purchases: the more energy users
buy and the higher the energy price, the greater the PIESO’s revenue becomes. Therefore,
when the peak-off-peak price differential increases, users can shift electricity loads to
off-peak hours through demand response. Purchasing electricity at off-peak rates reduces
procurement costs. Users can also cut electricity loads during peak-rate periods to lower
their electricity expenses.
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Figure 9. Sensitivity of electricity prices to user costs and PIES revenue.

6. Conclusions and Future Prospects
6.1. Conclusions

This study constructed a bilevel optimization framework based on Stackelberg game
theory, which includes two main entities: the PIESO and the users. Through iterative game
optimization, the two parties achieve profit growth for the operating entity and a reduction
in users’ energy procurement costs while ensuring system economy, ultimately reaching an
optimal equilibrium of interest coordination.

1. This framework significantly reduces carbon emissions and effectively improves
the economy of the PIES by jointly optimizing dynamic supply-demand multi-energy
pricing, a tiered carbon trading mechanism, and demand response. The simulation results
indicate that compared with traditional models, the proposed optimization framework
demonstrates improvements across all three dimensions: carbon emissions, economic
benefits, and user costs. Specifically, the carbon emission intensity is reduced by 28.04%,
the PIESO operating revenue is increased by 29.53%, and the users’ energy consumption
cost is decreased by 13.05%. These results verify the effectiveness and superiority of the
proposed model.

2. This study considered a dual-incentive integrated demand response mechanism
and reduced the peak-valley difference in loads during periods of high multi-energy
load demand by curbing and shifting electrical loads, thermal loads, and natural gas
loads. In this way, the load fluctuation of the system becomes more stable, avoiding over-
load during peak periods, thereby achieving a more stable energy supply and optimized
operational efficiency.

3. After balancing the interests of the PIESO and the users, the dynamic supply—
demand multi-energy pricing mechanism tends to increase the PIESO’s revenue while
reducing the users’ energy procurement costs. This balancing mechanism helps to achieve
a mutually beneficial situation between the PIESO and park users, enhancing the economy
and sustainable development of the system.

6.2. Prospects

While this study contributes to the optimal low-carbon dispatch of park-level in-
tegrated energy systems based on game theory, several limitations warranting further
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investigation and refinement remain due to the authors’ capacity and time constraints,
as follows:

1. Balancing Model Complexity and Practical Applicability: Future research can
explore more efficient and stable distributed algorithms or artificial intelligence-assisted
optimization methods to enhance the model’s applicability and real-time performance in
large-scale, high-dimensional practical scenarios.

2. Refined Characterization of Uncertainties: Future work can introduce more ad-
vanced methods, such as robust optimization, distributionally robust optimization, or deep
reinforcement learning, to strengthen the adaptability and resilience of dispatch strategies
when confronting multiple uncertain factors.

3. Multi-Timescale Coordination and Dynamic Coupling of Multi-Energy Flows: The
dispatch model in this study focuses on the day-ahead economic dispatch timescale. Future
research can further investigate intraday rolling optimization, real-time balancing, and
multi-timescale coordination mechanisms. Additionally, a more detailed characterization
of the dynamic characteristics and spatiotemporal coupling relationships of electricity,
heat, gas, and other energy flows during transmission, conversion, and storage processes
is needed.
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