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ABSTRACT: Traditional demand response (DR) programs for energy-intensive industries (EIIs) primarily rely on
electricity price signals and often overlook carbon emission factors, limiting their effectiveness in supporting low-
carbon transitions. To address this challenge, this paper proposes an electricity–carbon integrated DR strategy based on
a bi-level collaborative optimization framework that coordinates the interaction between the grid and EIIs. At the upper
level, the grid operator minimizes generation and curtailment costs by optimizing unit commitment while determining
real-time electricity prices and dynamic carbon emission factors. At the lower level, EIIs respond to these dual signals
by minimizing their combined electricity and carbon trading costs, considering their participation in medium- and
long-term electricity markets, day-ahead spot markets, and carbon emissions trading schemes. The model accounts
for direct and indirect carbon emissions, distributed photovoltaic (PV) generation, and battery energy storage systems.
This interaction is structured as a Stackelberg game, where the grid acts as the leader and EIIs as followers, enabling
dynamic feedback between pricing signals and load response. Simulation studies on an improved IEEE 30-bus system,
with a cement plant as a representative user form EIIs, show that the proposed strategy reduces user-side carbon
emissions by 7.95% and grid-side generation cost by 4.66%, though the user’s energy cost increases by 7.80% due to
carbon trading. The results confirm that the joint guidance of electricity and carbon prices effectively reshapes user load
profiles, encourages peak shaving, and improves PV utilization. This coordinated approach not only achieves emission
reduction and cost efficiency but also offers a theoretical and practical foundation for integrating carbon pricing into
demand-side energy management in future low-carbon power systems.

KEYWORDS: Carbon-aware demand response; bi-level collaborative optimization; dynamic carbon emission factor;
industrial flexible loads

1 Introduction

1.1 Background and Motivation
With the relocation of energy-intensive industries (EIIs), such as those in the electrolytic aluminum,

polycrystalline silicon, and cement sectors, and the increasing proportion of renewable energy power
generation with strong uncertainty and poor dispatchability, the power system in western China is facing
the challenge of insufficient flexible regulation ability. Hydrogen-based flexibility technologies, such as solid
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oxide fuel cells and liquid organic hydrogen carriers, offer promising pathways for decarbonizing energy-
intensive industries by co-supplying electricity and industrial heat [1–3]. While recent studies highlight their
emission reduction potential and energy autonomy, practical deployment remains limited due to system
costs, design complexity, and integration challenges. Demand response (DR), serving as virtual energy
storage, has thus become vital for enhancing grid flexibility and regulation capabilities. Specifically, guiding
the active regulation of the loads of EIIs not only improves the flexibility of the system, effectively alleviates
the pressure on the power grid, but also enhances the stability and economy of the system operation.
Nevertheless, conventional DR schemes in China primarily depend on electricity price signals to guide the
users’ electricity consumption behavior to achieve the goal of peak load shifting and balance the power supply
and demand [4]. It lacks carbon-aware incentives and does not leverage the critical role of user-side electricity
consumption behavior in system carbon reduction [5]. Hence, it is essential to study the electricity-carbon
integrated DR strategy of EIIs, guide users to optimize their electricity consumption behavior, and realize
the coordination of economic interests and low-carbon objectives.

1.2 Literature Review
Incorporating carbon price signals into DR to achieve electricity-carbon coordination represents both

an objective and an approach for facilitating the low-carbon transition of power systems. The development
of carbon markets and the formation of carbon signals constitute an essential component of this process.

1.2.1 Carbon Trading and Its Impact on Electricity Systems
Carbon trading mechanisms such as the European Union Emissions Trading System (EU ETS) [6]

and the California Cap-and-Trade Program [7] are pivotal tools for steering energy systems toward dual-
carbon goals. These mechanisms influence electricity systems both directly, by affecting power generation
dispatch decisions, and indirectly, by altering price signals that guide energy consumption behaviors. In
mature markets like the EU ETS, the increasing share of auction-based carbon allowance allocation has
enhanced the responsiveness of high-emission sectors to carbon price fluctuations [8]. While China’s carbon
market remains in an early developmental stage, it currently covers only the power generation sector. This
limited coverage and the relative uniformity of market participants reduce the effectiveness of carbon pricing
in encouraging emission reductions across other EIIs [9]. As carbon markets evolve, their interaction with
electricity trading mechanisms becomes increasingly important for integrated electricity–carbon scheduling
and user-side cost responses.

1.2.2 Demand Response under Electricity-Carbon Integrated Signals
Traditional demand response (DR) mechanisms have largely focused on electricity prices, incentivizing

users to shift or reduce loads based on time-of-use or real-time tariff structures [10–13]. In recent years,
scholars have increasingly attached importance to the key role of the load side in the low-carbon process
of the power system and have attempted to incorporate the carbon emission signal into the DR framework.
Reference [14] incorporates the CO2 intensity signal into demand response programs, providing electricity
consumers with additional environmental incentives to shift or reduce loads during peak periods. Refer-
ence [15] proposes a carbon-reduction-oriented demand response approach based on the generalized nodal
carbon flow theory, in which a matrix-based method is employed to solve the carbon flow and derive the
corresponding guidance signals. Furthermore, the demand response driven by both electrical signals and
carbon signals has been proposed and used to optimize the energy consumption mode of EIIs [16]. In
this context of electricity-carbon integration, the carbon emission factor plays a significant role as a signal
in carbon accounting. However, in China, its limited temporal and spatial resolution poses a challenge.
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Specifically, carbon emission factors are typically updated on an annual basis and calculated at the provincial
level, which restricts the potential for carbon reduction in electricity-carbon coupled demand response
programs [17].

1.2.3 Optimization Models for Electricity–Carbon Integrated Systems
To capture the complex interaction between electricity markets, carbon trading markets, and user-

side behavior, diverse optimization frameworks have been proposed, such as two-stage multi-objective
distributionally robust optimization [18], Single-layer multi-objective optimization [19], multi-objective
bi-level optimization [20], and Stackelberg game models [21]. Among these, bi-level optimization and
Stackelberg game models prove particularly adept at modeling hierarchical decision structures, such as grid
operators acting as leaders and industrial users as followers. These models allow for coordinated decision-
making while accounting for conflicting objectives, such as cost minimization and emission reduction. In the
context of electricity-carbon integration, these methods provide a framework for computational calculations
between economic benefits and benefits from carbon reduction, and between multiple interests.

1.3 Research Gaps and Contributions
At present, the calculation method of electric carbon emission factor used in China’s power industry

has obvious limitations. it merely represents the annual average of regional carbon emissions, and the time
resolution is insufficient, which fails to effectively support the low-carbon operation optimization require-
ments of the power system. In addition, this calculation method cannot enable users to intuitively perceive
the impact of electricity consumption behavior on carbon emissions in different time periods, resulting in
limited motivation to achieve carbon reduction goals through adjusting electricity consumption patterns.

Therefore, this paper proposes an electricity-carbon integrated DR strategy for EIIs. The main contri-
butions of this paper are as follows:

(1) A dynamic carbon emission factor is introduced and set to be updated hourly to address the issue of
coarse temporal resolution;

(2) A user-side response model in demand response based on dynamic carbon emission factor and
dynamic electricity price is developed that incorporates electricity and carbon emission costs;

(3) A collaborative electricity–carbon integrated demand response strategy is proposed, formulated as
a bi-level Stackelberg game optimization model. The strategy optimizes production and energy
usage planning for EIIs, achieving coordinated improvements in both economic performance and
carbon reduction.

Through the analysis of an improved IEEE 30-node system incorporating a representative cement
production load and comparison with existing methods, the proposed approach demonstrates a favorable
trade-off between economic efficiency and carbon emission reduction, and provides a novel pathway for
source–load collaborative low-carbon optimization.

1.4 Paper Organization
The remainder of this paper is structured as follows. The next section introduces the methodology for

acquiring real-time electricity–carbon signals. This is followed by the development of a user-side integrated
demand response model. Subsequently, a bi-level optimization framework is established for the low-carbon
scheduling of energy-intensive users. A case study is then presented to validate the proposed strategy, and
finally, conclusions and future research directions are discussed.
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2 Electricity-Carbon Signal Calculation Methodology

2.1 Grid Dynamic Carbon Emission Factor
The carbon emissions corresponding to unit power consumption are typically characterized by the

carbon emission factor. To accurately reflect the time-varying carbon intensity of electricity, this paper
introduces a dynamic carbon emission factor. Unlike conventional average emission factor, which is based
on annual statistics and provides coarse resolution, the dynamic factor captures real-time variations in the
power generation mix. It enables the system to allocate carbon emission responsibility more precisely to
electricity consumers and enhances the effectiveness of carbon-aware demand response. The formulation
is based on the instantaneous output and carbon characteristics of various generation units-thermal units,
renewable sources, grid-side storage, and external tie-lines-as detailed below:

EFt =

I
∑
i=1

Pf , i ,t rf , i ,t +
J
∑
j=1

Pg, j ,t rg, j ,t + Pn,t rn,t + Pw,t rw,t + Ppv,t rpv,t + Ph,t rh,t + Ps,t rs,t + Pl,t rl,t

I
∑
i=1

Pf , i ,t +
J
∑
j=1

Pg, j ,t + Pn,t + Pw,t + Ppv,t + Ph,t + Ps,t + Pl,t

(1)

where: P denotes the power output of each generator units, and r represents associated carbon emission
intensity. Their subscripts denote specific unit types as summarized in Table 1. Specifically, I and J denote
the sets of coal-fired and gas power units, respectively. Ps,t > 0 indicates discharging of the grid-side energy
storage system, while Ps,t < 0 represents charging. Similarly, Pl,t > 0 and Pl,t < 0 denote power received from
and sent to external tie-lines, respectively.

Table 1: Meanings of Subscript in Eq. (1)

Subscript Meaning
f Coal-fired generation
g Gas-fired generation
n Nuclear power
w Wind turbine generation
pv Photovoltaic (pv) power generation
h Hydropower generation
s Grid-side energy storage system
l External tie-lines with neighboring grids
i Index of coal-fired unit
j Index of gas-fired unit
t Time index (e.g., hour or time slot t)

Unlike the conventional average carbon emission factor, which lacks temporal granularity, the proposed
dynamic factor is derived from hourly real-time data on generation output and carbon intensity of various
power sources. This time-sensitive signal can be transmitted to end-users to guide electricity consumption
behavior and support collaborative emission reduction.

2.2 Dynamic Tariffs
The development of a dispatch scheme for generating units needs to take into account both eco-

nomic and policy considerations. System operation should prioritize the consumption of renewable energy
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generation and strictly control the wind and solar power curtailment rate. Therefore, the generation-side
output plan should incorporate the cost of wind and solar power curtailment of the renewable energy grid
connection. For conventional thermal units, the primary cost arises from fuel consumption. Based on this,
the comprehensive cost model for the generation side is defined as follows:

min C = Cf + Cw + Cpv + Caw + Capv (2)

Cf =
I
∑
i=1

ai P2
f , i + bi Pf , i + ci (3)

Cw = εwPw (4)
Cpv = εpvPpv (5)
Caw = νw (Pmax

w − Pw) (6)
Capv = νpv (Pmax

pv − Ppv) (7)

where: C is the total cost of the generation side during the scheduling period; Cf is the fuel cost of the thermal
power unit during the scheduling period; ai , bi and ci are the consumption characteristic parameters of
thermal power unit i; Cw and Cpv are the operating cost of wind power and pv power generation during
the scheduling period, respectively; εw and εpv are the operating cost per unit capacity of wind power and
pv power generation units, respectively; Caw and Capv are the cost of wind and pv curtailment during the
scheduling period; νw and νpv are the unit cost of wind and pv curtailment penalties, respectively; Pmax

w and
Pmax

pv are the upper limit of wind and pv power generation during the scheduling period, respectively.
Additionally, the generation side must satisfy constraints such as power balance and unit operational

limits. Further, system network topology constraints and tidal flow constraints are introduced and solved to
obtain the optimized unit output scheme. Based on this, assuming negligible network losses and congestion,
the system’s marginal electricity cost can be further derived, and the specific calculation process is as follows:

λt =maxi∈G {λi
t}

λi
t =

∂Ci

∂Pi
∣Pi=P∗i ,t

(8)

where: λt is the marginal tariff cost of the system in the current time period; λi
t is the marginal cost of

generation unit i; P∗i ,t is the optimized unit output; G is the set of operating units in the current time period.
Real-time electricity prices depend on hourly supply-demand conditions, especially the adequacy and

cost of power generation, the adequacy and loss of transmission and distribution network, and the load [22].
This paper appropriately simplifies the more complex clearing mechanism of the electricity spot market by
defining the system’s real-time dynamic tariff as the sum of the system marginal tariff cost and the grid
operator’s transmission access charges for the current time period. The system real-time dynamic tariff βt is
calculated as:

βt = λt + δ (9)

where: δ is the transmission access charges.
To simplify the analytical derivation of electricity prices, this model assumes negligible network losses

and congestion. Although this assumption improves tractability, it may slightly underestimate marginal
electricity prices under real grid conditions. In practical implementations, such simplifications can be
corrected using post-optimization power flow calculations.
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3 Modeling of Integrated Electricity-Carbon DR on the User Side
Integrated DR is a demand-side management method where the grid provides users with dynamic tariffs

and carbon emission factors for different periods. Users adjust their electricity consumption based on both
electricity and carbon costs. Traditional DR mainly relies on peak-valley tariff differences, with little user
awareness of carbon emissions. Under integrated DR, customers prioritize load shifting to periods with lower
tariffs and carbon factors, balancing economic and carbon reduction goals. As shown in Fig. 1, user-side
carbon cost regulation includes participation in the carbon quota market and China’s Certified Voluntary
Emission Reductions, guiding customers to reduce emissions proactively.

Figure 1: Schematic diagram of electricity-carbon integrated DR

In actual production, EIIs are more sensitive to the predictability of electricity costs. Meanwhile, the
frequency of intraday real-time spot market tariff updates is too frequent for EIIs to have such a fast
response. Additionally, the relevant policies show that EIIs are about to be included in the carbon emissions
trading market. Based on the above characteristics, this paper makes the following assumptions about the
participation of EIIs in the integrated electricity-carbon DR process as shown in Fig. 2:

1) EIIs participate in medium- and long-term electricity trading;
2) EIIs participate in the day-ahead electricity spot market but not in the intraday real-time spot market;
3) Carbon quotas are allocated evenly across each day, necessitating daily trading of carbon emis-

sion rights.
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Figure 2: Participation of EIIs in the electricity-carbon market process

3.1 Modeling the Cost of Electricity to the User
Due to large electricity consumption and relatively fixed production processes, EIIs have stable electric-

ity demands. Under the current integration of medium- and long-term electricity markets with spot markets,
they prioritize the predictability of electricity costs. They tend to secure long-term contracts based on the
stability of mid- and long-term market prices while utilizing the flexibility of the day-ahead spot market
for optimization. Since the intraday real-time spot market requires rapid responses, which fundamentally
conflicts with the continuous production processes of EIIs, they do not participate in the intraday spot
market. Under this model, users can ensure reliable base load supply and optimize electricity plans in the
day-ahead market stage. Therefore, their electricity costs mainly consist of settlements from medium- and
long-term markets and day-ahead spot markets, as well as deviation penalties.

3.1.1 Medium- and Long-Term Market Energy Settlements
According to the “Guangdong Electricity Market Operation Rules” issued by the Chinese authorities,

EIIs are eligible to participate in medium- and long-term electricity transactions directly or through
electricity retailers. They sign contracts to determine the medium- and long-term transaction curves and
key elements such as electricity quantities and time-of-use prices.

To mitigate electricity price volatility, EIIs are assumed to sign monthly contracts with electricity
retailers, involving monthly settlements based on contracted and actual electricity consumption, as well as
corresponding deviation penalties. The settlement formula for the medium- and long-term market is as
follows:

FML,t =min{Pact,t , PML,t} ⋅ Δt ⋅ λML,t (10)
⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

PML,t =
QML

Σ
DΔt

⋅ ρt

∑
t

ρt = 1
(11)
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where: QML
Σ is the monthly contracted power; D is the total number of days in the month in which it is

located; Δt is the length of a single dispatch period; ρt is the scaling factor of a typical daily load profile; Pact,t
is the actual power utilized; PML,t is the contracted power; and λML,t is the contracted tariff of the period.

3.1.2 Settlement on the Spot Market a Few Days Ago
In the day-ahead electricity spot market, EIIs need to declare their electricity consumption curves for

the next day, which are divided into 24 hourly periods. Based on this, the settlement cost formula for the
day-ahead spot market is as follows:

{ Fspot,t = λspot,t (Pact,t − PML,t)Δt = λspot,t Pspot,t Δt
Pact,t > PML,t

(12)

where: λspot,t is the day-ahead spot market electricity price; Pspot,t is the day-ahead spot market pur-
chased power.

3.1.3 Deviation Assessment Costs
When there is a deviation between EIIs’ actual electricity consumption and the time-of-use electricity

volume stipulated in the medium- and long-term contract, EIIs must bear the corresponding deviation
assessment fee. The calculation formula is as follows:

Fex,t = ∣Pact,t − PML,t ∣ ⋅ Δt ⋅ λex (13)

where: λex is the cost corresponding to the unit electric energy assessment deviation.

3.2 Modeling the Cost of User Carbon Emissions
Within the framework of carbon responsibility allocation, user-associated carbon emissions can be

classified into two distinct categories: direct emissions, principally originating from stationary combustion
processes in industrial kilns and chemical decomposition of raw materials, and indirect emissions, predomi-
nantly attributable to upstream embodied carbon intensities embedded within procured electricity supplies.
As one of the first key industries (excluding power generation) included in China’s national carbon emissions
trading market, the cement industry holds strong representativeness. This paper takes cement plants as the
EIIs representative.

3.2.1 Direct Carbon Emissions
Comprehensive carbon emission factor accounting systems have been established for the mining

activities of the primary mineral raw materials utilized in the cement industry [23]. The corresponding
parameters are detailed in Table 2. In the raw material production stage, carbon emissions are calculated
based on output quality, as follows:

Eraw,t = ∑
r

mr ,t fr (14)

where: Eraw,t is the total carbon emissions from raw material extraction and production at time t; mr ,t is
the mass of raw material r after extraction and crushing at time t; fr is the carbon emission factor for raw
material r during extraction and crushing.



Energy Eng. 2025;122(9) 3875

Table 2: Carbon emission factor for raw material production

Type of raw materials Raw material type carbon emission factor/(tCO2/t)
Limestone 1.72 × 10−2

Sandstone 1.42 × 10−2

Clay 2.91 × 10−2

Gypsum 1.38 × 10−2

Cement raw materials are homogenized and pre-decomposed before entering the rotary kiln calcination
stage. During calcination, direct carbon emissions mainly come from the combustion of fossil fuels such as
coal. In practice, a flue gas continuous monitoring system is usually installed at the exhaust outlet of this
stage to obtain real-time carbon emission data. And the electric power of the kiln is a key parameter that
can be observed. Based on historical monitoring data, a neural network is employed to establish a data-
driven correlation between real-time kiln power consumption and CO2 emissions profiles, coupling carbon
emissions with equipment energy consumption. The fitted mathematical expression is as follows:

⎧⎪⎪⎪⎨⎪⎪⎪⎩

Ecli,t = −0.32tansig (2.9605Pcli,t − 6.4621)+
328.7tansig (0.3429Pcli,t + 0.2668) − 64.98

tansig (x) = 2
1+e−2x − 1

(15)

where: Pcli,t is the kiln electrical power; tansig is the activation function fitted to the neural network.

3.2.2 Indirect Carbon Emissions
Indirect carbon emissions are mainly generated by users’ electricity consumption in the production

process, which can be calculated based on the data of users’ electricity consumption in the time period and
the dynamic carbon emission factor of the power grid in the corresponding time period. The calculation of
indirect carbon emissions is as follows:

Ee,t = EFt (Praw,t + Pcli,t + Pce,t) (16)

where: Praw,t is the power of raw material grinding at time t; Pce,t is the power of clinker grinding at time t.
In the calculation of users’ indirect carbon emissions, the grid carbon factor and user-side load are

dynamically coupled. The grid carbon emission factor is affected by the power source mix, while user load
fluctuations alter the unit commitment strategy of the regional grid, which subsequently affects the dynamic
carbon emission factor applied in the cost calculation. This interaction makes traditional static grid carbon
factors inaccurate for capturing electricity carbon footprints. Therefore, a dynamic framework that integrates
supply-side carbon intensity updates and demand-side load control is needed. A two-way coupling model
between grid carbon flow and user-side power flow can support integrated carbon and production scheduling
decisions for EIIs.

3.2.3 Carbon Emissions Trading Mechanism
In this paper, the carbon emission trading mechanism is set as follows: the combination of government

quota allocation and market trading is adopted, and the emission control enterprises can realize the
performance of carbon quota according to the actual emissions. At the same time, the China Certified
Emission Reduction (CCER) mechanism is introduced to allow enterprises to obtain carbon credits through
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renewable energy projects to offset emissions of no more than 5% [24,25]. The research assumes that EIIs can
participate in carbon quota trading, and the CCER generated by their distributed renewable energy projects
can be used for partial emission offset.

4 Integrated DR Model for Electric Carbon with Two-Tier Co-Optimization
Based on the source-load coordinated dispatch mechanism, this paper constructs a bi-level optimization

dispatch model for EIIs considering the integrated electricity and carbon response on the demand side.
Dynamic electricity prices, dynamic carbon emission factors, and DR quantities are adjusted through the
game between supply and demand to promote source-load coordination. The upper-level grid aims to
minimize the comprehensive power generation cost, optimizing unit commitment and calculating dynamic
electricity prices and carbon emission factors. The lower-level EIIs, based on dynamic electricity prices and
carbon emission factors, carry out integrated electricity and carbon DR, participate in medium- and long-
term electricity markets, day-ahead spot markets, and carbon emission trading markets, with the goal of
minimizing energy use costs and carbon trading costs. Therefore, this architecture inherently constitutes
a Stackelberg leader-follower game model [21], where bidirectional feedback between the leader’s (grid
operator) pricing/carbon pricing strategies and the followers’ (EIIs) integrated electricity-carbon demand
response endogenously drives the synergistic optimization of economic and low-carbon performance in the
source-load system.

4.1 Upper Level Grid Optimization Model
4.1.1 Objective Function

Assuming sufficient carbon quotas for all generating units in the grid, the carbon trading costs can be
neglected. The upper-level grid’s optimization objective is to minimize the generation cost and curtailment
costs of wind and solar power while meeting load demands and unit operation constraints. The optimization
objective expression is as follows:

min CY = Cf + Cg + Ccur (17)

Cf =
Nf

∑
m=1

T
∑
t=1

am P2
f ,m ,t + bmPf ,m ,t + cm (18)

Cg =
Ng

∑
k=1

T
∑
t=1

ϑk Pg,k ,t (19)

Ccur =
Nren

∑
l=1

T
∑
t=1

� (Pmax
ren, l ,t − Pren, l ,t) (20)

where: Nf , Ng and Nren are the numbers of coal-fired, gas-fired, and renewable energy units, respectively;
am , bm and cm are the operating cost coefficients for coal-fired unit m; ϑk is the operating cost coefficient
for gas-fired unit k; � is the penalty cost coefficient for wind and solar curtailment; Pmax

ren,t is the maximum
output of renewable energy units at time t; Pren,t is the actual output of renewable energy units at time t.

Although the carbon trading cost of power generators is not explicitly included in the upper-level objec-
tive function, its influence is implicitly reflected through the dynamic carbon emission factors embedded
in electricity prices. These factors capture the carbon intensity of marginal generation, thereby transmitting
carbon cost signals to users via the price mechanism.
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4.1.2 Constraints
The constraints of the upper-level model mainly include power balance constraints, unit output and

ramp-up constraints, unit start-up and shut-down time constraints, and power flow constraints.
1) Power balance constraints (using the DC power flow model, ignoring network losses)

Pload,t =
Nf

∑
m=1

Pf ,m ,t +
Ng

∑
k=1

Pg,k ,t +
Nren

∑
l=1

Pren, l ,t (21)

2) Thermal unit output and ramp-up constraints

{ Pmin
f ,m ≤ Pf ,m ,t ≤ Pmax

f ,m
−Rdown

f ,m Δt ≤ Pf ,m ,t − Pf ,m ,t−1 ≤ Rup
f ,m Δt (22)

where: Pmax
f ,m and Pmin

f ,m are the maximum and minimum technical output of thermal unit m; Rup
f ,m and Rdown

f ,m
are the upward and downward ramping rates of thermal unit m, respectively. By analogy, a gas-fired unit
should also satisfy the unit output and ramp-up constraints shown in Eq. (22).

3) Thermal unit start/stop time constraints

{ (Uf ,m ,t−1 −Uf ,m ,t) (Ton
f ,m ,t−1 − Ton,min

f m ) ≥ 0
(Uf ,m ,t −Uf ,m ,t−1) (Toff

f ,m ,t−1 − Toff ,min
f m ) ≥ 0 (23)

where: Uf ,m ,t is the start-stop state of unit m in time period t; Ton
f ,m ,t−1 and Toff

f ,m ,t−1 are the continuous
operation and continuous shutdown time of unit m in time period t–1, respectively; Ton,min

f m and Toff ,min
f m are

the minimum continuous operation time and minimum shutdown time of unit m, respectively.
4) Renewable energy generation capacity constraints

0 ≤ Pren, l ,t ≤ Pmax
ren, l ,t (24)

5) Power network constraints

fij ,t = (θi ,t − θ j ,t) /xij (25)
− f max

ij ≤ fij ,t ≤ f max
ij (26)

θref = 0 (27)
− θi ,max ≤ θi ,t ≤ θi ,max (28)

where: fi j ,t is the transmitted power between node i and node j at moment t; θi ,t and θ j ,t are the phase angles
of node i and node j at moment t, respectively; xi j is the reactance value between node i and node j; f max

i j is
the upper limit of the transmitted power of line ij; θref is the phase angle of the equilibrium node; θi ,max is
the maximum value of node i phase angle.

The results obtained from the optimized solution of the upper model can be utilized to further calculate
the dynamic tariffs and dynamic carbon emission factors, as detailed in Section 2 of this paper.
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4.2 Lower Level Demand Side Optimization Model
4.2.1 Objective Function

The lower-level objective function is to minimize the costs of energy use and carbon emissions of EIIs,
as detailed below:

min FU =
T
∑
t=1
(FML,t + Fspot,t + Fex,t) + FCET (29)

FCET = λCET (EU − Ea − ECCER) (30)

ECCER =min{μEa,
T
∑
t=1

EFt ⋅ PDG,t} (31)

EU =
T
∑
t=1

Eraw,t + Ecli,t + Ee,t (32)

where: The calculation of FML,t and Fspot,t refers to Eqs. (10)–(12); the specific formula for Fex,t is Eq. (13);
FCET represents the carbon trading cost of EIIs; λCET is the carbon trading price, which is assumed to be fixed
due to minimal short-term price fluctuations in the carbon market; EU is the total carbon emissions of the
user within the scheduling period; Ea is the allocated carbon quota for the user; ECCER is the carbon emissions
offset by the user through CCER projects, with μ being the maximum proportion of carbon emissions that
can be offset by CCER projects, set at μ = 5%; the calculation formulas for Eraw,t , Ecli,t and Ee,t are given
in Eqs. (14)–(16).

4.2.2 Constraints
In the integrated electricity and carbon DR, users have upper limits on the amount of electricity

purchased from the power market and the carbon emissions offset through CCER in the carbon trading
market. Additionally, considering that users have configured a certain capacity of commercial and industrial
energy storage, the operation must also satisfy the energy storage constraints.

1) Power purchase constraints

{ Pmin ≤ Pact,t ≤ Pmax
Pact,t = PML,t + Pspot,t

(33)

2) CCER creditable carbon emissions constraints power purchase constraints

ECCER ≤ μEa (34)

3) Energy storage operational constraints

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0 ≤ Pcha,t ≤ Icha,t PB
0 ≤ Pdis,t ≤ Idis,t PB

SOCt = SOCt−1 + 1
EB
(ηIcha,t Pcha,t Δt − 1

η Idis,t Pdis,t Δt)
SOCmin ≤ SOCt ≤ SOCmax
SOCtstart = SOCtend

0 ≤ Icha,t + Idis,t ≤ 1

(35)
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where: Pcha,t and Pdis,t are the charging and discharging powers of the energy storage battery at time t; PB is
the maximum charging and discharging power of the energy storage system; SOCt is the state of charge of
the energy storage system at time t; EB is the rated capacity of the energy storage system; η is the charging
and discharging efficiency of the energy storage system; Icha,t and Idis,t are the charging and discharging state
variables of the energy storage system; SOCmin and SOCmax are the lower and upper limits of the state of
charge of the energy storage system; SOCtstart and SOCtend are the state of charge of the energy storage system
at the beginning and end of a single complete production cycle.

4) End-user internal power balance

Pact,t + PDG,t + Pout
cli,t + Idis,t Pdis,t = Prow,t + Pcli,t + Pce,t + Icha,t Pcha,t (36)

where: PDG,t is the power generated by the internal distributed power supply of the user at moment t; Pout
cli,t

is the power generated by the waste heat of the exhaust gas produced in the clinker calcination process.

4.3 Stackelberg Game Model
The upper-level grid first sets the electricity prices and carbon emission factors for each period of the

day. The lower user side then optimizes and adjusts its energy demand based on these price and carbon
signals. Based on the adjusted energy demand, the upper-level grid re-formulates the unit output plan,
determines the dynamic electricity prices, and calculates the dynamic carbon emission factors. This paper
establishes a Stackelberg game model shown in Fig. 3, with the upper-level grid as the leader and the user
side as the follower.

The model includes three elements: players, strategies, and payoffs, which are specifically represented
as follows.

GM = {H, UY, MU, CY, FU} (37)

For the first element, the players, the grid (supply side), and the user side are the two participants in the
game, represented by the set H = {grid, EIE}.

For the second element, strategies, the leader (the grid) decides the dynamic electricity prices, dynamic
carbon emission factors, and unit outputs for 24 h. And the follower (the user side) decides the load at each
time period. Decision variables can be represented as the set UY = {λspot,t , EFt , Pf ,m ,t , Pg,k ,t , Pren, l ,t} and the
set MU = {Praw,t , Pcli,t , Pce,t}.

For the third element, payoffs, the objective function of the grid side is shown in Eq. (17), and the
objective function of the user side is shown in Eq. (29).



3880 Energy Eng. 2025;122(9)

Figure 3: Decision-tree style diagram of the Stackelberg game-based bi-level optimization framework

4.4 Solution Method and Procedure
The upper-level model determines dynamic electricity prices and calculates the dynamic carbon emis-

sion factors by formulating an optimal unit commitment plan, which is a large-scale nonlinear optimization
problem. The lower-level optimal integrated electricity and carbon DR strategy is a mixed-integer linear
optimization problem. Due to the complexity of the upper-level problem, it cannot be directly solved
quickly using commercial solvers. This paper employs the Genetic Algorithm (GA), which has strong global
optimization capabilities. The lower-level problem is solved using the Yalmip toolbox on the Matlab platform,
combined with the efficient Gurobi solver. The solution framework is shown in Fig. 4.



Energy Eng. 2025;122(9) 3881

Start

Read system parameters, user parameters and other related 
information

Users report their energy plans in advance

Initializing grid dynamic tariffs, dynamic carbon emission 
factors; d=1

Users receive information from the grid to solve the optimal 
electric carbon integrated demand response program

Returning optimized and adjusted energy demand to the 
upper grid

Solve to obtain the optimal grid-side scheduling strategy and 
the integrated cost

Whether the convergence condition 
is reached or the maximum number 

of iterations is reached

Output the optimal result

End

Electricity price signals Carbon signals

Load requirement
Population variation, 
crossover, selection 

operation; number of 
iterations d=d+1

Yes

No

Figure 4: Model solving flowchart

The proposed model serves as a decision-support tool for enterprise energy management rather than a
fully autonomous production control system. And the user is assumed to possess sufficient responsiveness
to follow the electricity and carbon price signals issued by the grid.

5 Calculus Analysis

5.1 Parameter Setting
To verify the effectiveness and reasonableness of the integrated DR strategy of electricity and carbon

for EIIs based on bi-level collaborative optimization, this paper adopts the improved IEEE 30-node grid and
a cement plant with an annual production capacity of 14 million tons as a representative user drawn from
EIIs to conduct an example analysis. The system structure is shown in Fig. 5, where G1, G2, G3, and G4 are
traditional coal-fired thermal power units (high-carbon units); G5 is a gas-fired generating unit (low-carbon



3882 Energy Eng. 2025;122(9)

unit); and G6 is a wind farm (zero-carbon unit). The operating parameters of each unit are shown in Table 3.
In addition, the system includes other electricity-consuming entities, assuming that these entities do not
participate in market-based trading and adopt a fixed tariff mechanism, and their electricity demand is not
affected by dynamic tariffs and the carbon emission factor of the grid, which is regarded as the base load of
the system, and the daily load curve is shown in Fig. 6a.

Figure 5: System structure diagram

Table 3: The operating parameters of each unit

Unit
number

Installed
capacity
(MW)

Ramp rate
(MW/h)

Start-
up/shutdown

time
(h)

a
(CNY/MW2h)

b
(CNY/MWh)

c
(CNY/h)

Carbon
emission
intensity

(t CO2/MWh)
G1 160 37.5 8 1.17 206.21 5638.83 0.6438
G2 100 30 4 0.17 240.81 6277.16 0.7029
G3 60 15 2 0.22 219.51 7525.12 0.7633
G4 60 15 2 0.21 223.64 7132.29 0.7714
G5 40 \ 3 \ 400 \ 0.372
G6 50 \ \ \ 350 \ 0
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(a) Daily load curve of the system’s baseline load (b) Day-ahead forecast output curve of the PV system

Figure 6: Load and PV output curves

In this model, the cement plant has installed a 14 MW PV system (including rooftop and ground-
mounted PV) and has deployed a battery energy storage system with a capacity of 1 MWh and a maximum
charge and discharge power of 500 kW. The day-ahead forecast output data of the PV system is shown in Fig. 6
(b), and the relevant parameters of the battery energy storage system are listed in Table 4.

Table 4: Parameters of the energy storage system

Capacity
(MWh)

Upper capacity
limit

Maximum
charging/discharging

power (kW)

Energy
conversion
efficiency

Lower capacity
limit

Initial
capacity

1 90% 500 97% 10% 50%

5.2 Scenario Settings
To verify the effectiveness and rationality of the proposed strategy in this chapter, it is assumed that the

user’s carbon quota is evenly distributed daily, with a daily carbon quota of 2800 t CO2. The following four
comparative scenarios are set up:

Scenario 1: The user follows a fixed time-of-use electricity price policy without considering carbon
emission costs (Traditional DR Scenario).

Scenario 2: The impact of dynamic electricity prices on users is considered, but carbon emission costs
are not included (DR Scenario Based on Dynamic Prices).

Scenario 3: The carbon trading price is 80 CNY/t, and the impact of dynamic electricity prices is
considered (Integrated Electricity and Carbon DR Scenario under the Current Average Carbon Market
Price).

Scenario 4: The carbon trading price is 120 CNY/t, and the impact of dynamic electricity prices is
considered (Integrated Electricity and Carbon DR Scenario under High Carbon Price Expectation).
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5.3 Analysis of Optimization Results
Table 5 presents the comparison results of the upper-level grid’s total generation cost, the user’s total

energy use cost, and the user’s carbon trading cost under the four scenarios.

Table 5: Comparison of source-load bilateral scheduling costs in each scenario

Scenario Upper-level grid’s
total generation cost

(CNY 10,000)

User’s total energy
use cost (CNY

10,000)

User’s carbon
trading cost (CNY

10,000)

User’s total carbon
emissions (t)

User’s carbon
emissions offset by

CCER (t)

User’s carbon
trading volume

(t)
1 84.6088 8.3066 — 3473.082 — —
2 80.6672 5.2951 — 3398.726 — —
3 80.6635 8.9547 2.7721 3196.887 50.371 346.516
4 80.6669 10.3414 3.9731 3173.587 42.490 331.097

A comparison between Scenario 1 and Scenario 2 shows that the dynamic pricing mechanism signif-
icantly reduces costs for both the grid and the user. The grid’s total generation cost decreases by 4.66%,
while the user-side energy cost drops by 36.25%, demonstrating the effectiveness of source–load coordinated
optimization under dynamic tariffs.

Extending to Scenario 3, which incorporates both dynamic pricing and carbon trading, the results reveal
that, compared to Scenario 1, the user’s energy cost increases by 7.80% due to the inclusion of carbon trading
costs. However, this is accompanied by a 7.95% reduction in carbon emissions and the same 4.66% reduction
in grid-side generation cost. This indicates that the proposed integrated electricity–carbon demand response
strategy effectively balances economic and environmental objectives.

Further comparing Scenario 3 and Scenario 2 shows that accounting for carbon emission costs increases
the user-side energy cost by 36,596 CNY, with minimal impact on the grid’s total generation cost. The dual
impact of electricity and carbon pricing signals guides the user to reduce carbon emissions by 201.839 t.
The user’s carbon trading cost is 27,721 CNY, reflecting 346.516 t of carbon trading volume, while electricity
purchase cost increases by approximately 8900 CNY. These trends indicate a synchronization between
electricity and carbon costs, with a clear synergistic effect between the two pricing signals. The elevated
grid-side carbon intensity, caused by increased dispatch from high-emission thermal units, results in higher
marginal generation costs and ultimately leads to increased electricity prices.

In Scenario 4, where the carbon price is increased by 50%, the user’s total energy cost rises by 13,867
CNY compared to Scenario 3, while the grid’s generation cost remains largely unchanged. However, the
carbon reduction effect is limited, with total emissions reduced by only 23.3 t. This suggests that higher
carbon prices may have diminishing marginal effects on carbon reduction for energy-intensive industries
(EIIs). The additional user cost is primarily driven by increased carbon trading expenses rather than changes
in electricity consumption. As shown in Fig. 7, the user’s electricity purchasing strategy remains largely
unchanged under the two scenarios. This may be attributed to the limited flexibility of EIIs in adjusting
production schedules, leading to a bottleneck in further optimizing their energy usage under high carbon
pricing conditions.
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Figure 7: Comparison of electricity purchase strategies between Scenario 3 and Scenario 4

Further analysis of the dispatch results for Scenario 3 shown in Fig. 8 reveals several notable characteris-
tics. In the upper-level grid’s unit dispatch, the actual output of wind farm G6 matches its day-ahead forecast
due to the high wind curtailment cost (350 CNY/MWh), resulting in no wind curtailment. Thermal unit G1,
functioning as the system’s baseload power source, operates continuously at high load levels (approaching
70% of its installed capacity) due to prolonged start-up/shutdown cycles, thereby exerting a critical influence
on the grid’s carbon emission intensity.

Figure 8: Schematic diagram of source-load dispatch results for Scenario 3

From the point of view of the user power purchase curve, the EIIs show obvious peak avoidance
characteristics. The load peaks between 03:00 and 04:00, whereas during the grid’s operational peak hours
(10:00–12:00), the user’s electricity consumption remains consistently low during peak grid hours. Even
during the midday hours (11:00–12:00 and 13:00–14:00), the user’s internal PV system output is high and the
purchased power drops to near-zero levels. In addition, a secondary consumption peak materializes after
20:00, successfully avoiding the evening peak hours of the grid.
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As shown in Fig. 9, despite the user’s external electricity purchases dropping to zero during midday,
the power of its production equipment remains at a peak level. This is mainly because the user prioritizes
using its internal PV power generation to maximize the use of rooftop and ground-mounted PV systems
within the plant area. In addition to optimizing the energy use structure through its internal PV power
generation system, EIIs can enhance their DR capabilities by using commercial and industrial energy storage
systems. Fig. 10 shows the charging and discharging conditions of the battery energy storage system for the
cement plant in Scenario 3. It is evident in the figure that the charging of the energy storage system mainly
focuses on periods with low electricity prices and high internal PV power generation. However, the frequency
of deep discharges of the battery energy storage system is low, resulting in low overall utilization. To improve
the economic and operational efficiency of the energy storage system, EIIs need to further optimize the
selection and configuration of the energy storage system.

Figure 9: Operation of production equipment for the cement plant in Scenario 3
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Figure 10: The operation of energy storage system for the cement plant in Scenario 3

Fig. 11 shows the user’s final product and raw material inventory. The user successfully met the daily
production target for cement (4000 t), with an actual daily output of 4010 t. The energy use plan was
optimized while ensuring the production task was completed.
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Figure 11: Final product and raw material inventory for the cement plant in Scenario 3

5.4 Analysis of the Stackelberg Game Process
Fig. 12 shows the dynamic electricity prices and dynamic carbon emission factors obtained after the

game optimization.
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Figure 12: Dynamic electricity prices and carbon emission factors in Scenario 3

As seen from the figure, the trends of these two factors show strong consistency, mainly because
they are both influenced by the power generation unit output structure. The dynamic electricity price is
determined based on the highest marginal generation cost of the current power generation units, and
units with higher marginal generation costs are usually high-carbon emission units. Therefore, when these
high-carbon emission units dominate the output, the grid carbon emission factor increases accordingly.

Fig. 13 shows the iterative process between the supply side and the user side in the Stackelberg game.
With increasing iterations, the supply side’s total generation cost decreases, while the user’s total energy use
cost initially falls and then rises slightly. At equilibrium, the user’s energy strategy stabilizes. The user’s total
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energy use cost stabilizes at 89,547 CNY, and the supply side’s total generation cost stabilizes at 806,635 CNY,
balancing economic efficiency and low carbon emissions.
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Figure 13: Iteration process for Scenario 3

6 Conclusion
Focusing on the low-carbon and economic scheduling of EIIs under the “dual carbon” goals, this paper

proposes an electricity-carbon integrated demand response strategy based on a bi-level Stackelberg game
framework from the perspective of source-load interaction. By introducing a dual incentive mechanism that
combines dynamic carbon emission signals with dynamic electricity price signals, the proposed method
optimizes the production and energy consumption plans of EIIs, thereby achieving coordinated optimization
of both economic benefits and carbon reduction targets. Based on case studies, the following key conclusions
are drawn:

1) The hourly dynamic carbon emission factor calculation method effectively allocates generation-side
carbon emissions to the user side, providing a carbon signal for low-carbon DR and supporting low-carbon
dispatch for EIIs.

2) Compared to traditional methods relying solely on electricity prices, dual guidance by electricity
and carbon prices significantly enhances EIIs’ carbon reduction effects. This approach optimizes user load
economics and improves the generation unit output structure, reducing overall system carbon emissions.

3) The Stackelberg game model creates a two-way interaction between the power generation and user
sides, generating rational and effective dynamic electricity prices and carbon emission factors. This method
reduces user costs while stimulating proactive carbon reduction, achieving dual optimization of economic
benefits and low-carbon performance.

Notwithstanding carbon pricing incentives, EIIs face inherent decarbonization constraints stemming
from operational inflexibility—where process continuity imperatives and self-generation configurations
establish fundamental limitations. Facing future expectations of higher carbon prices, EIIs should further
enhance the flexibility of their energy use structure and expand carbon reduction methods, such as adopt-
ing multi-energy complementary structures and developing safety-enhanced integrated hydrogen energy
systems, to strengthen their low-carbon dispatch capabilities and adaptability.
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