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Abstract

The power system faces huge challenges in reducing carbon emissions and
improving economic benefits. The traditional electricity price collaborative
optimization model cannot fully combine the synergy of carbon capture
technology and the tiered electricity price mechanism. There is an urgent
need to propose a new low-carbon optimization model to cope with energy
transformation. And sustainable development goals requirements. The power
system structure is mapped through a multi-energy coupled digital twin sys-
tem to achieve dynamic perception and modelling of power generation, load,
and carbon emission processes. Construct a response mechanism driven by
carbon-electricity collaboration, combine multi-modal data fusion technol-
ogy, and use the LSTM-CNN deep neural network to mine the collaborative
rules among carbon capture devices, electricity markets, and user behaviour.
In terms of optimization algorithms, a dual-objective reinforcement learning
model based on a deep Q network (DQN) is proposed to find a dynamic
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balance between economy and low carbon and integrate mixed integer pro-
gramming methods to deal with complex system constraints to improve
solution efficiency and feasibility. In the synergy model of carbon capture and
tiered electricity price, when the carbon capture efficiency reaches 45.67%,
the carbon emission intensity of high-carbon units drops from 91.12 g/kWh
to 62.34 g/kWh, a decrease of 31.5%. When the coverage rate of the second-
tiered electricity price is 23.89%, the peak load of industrial users is reduced
by 17.56%, and the peak load is increased by 100% × 34.23% (relative to the
benchmark). The collaborative strategy enabled the system’s comprehensive
carbon emission reduction rate to reach 34.23%, which was 23.1% higher
than that of single carbon capture, verifying the coupling and efficiency of
price signals and technical means.

Keywords: Carbon capture, ladder electricity price, power system optimiza-
tion, reinforcement learning, multimodal data fusion.

1 Introduced

Under the background of increasing global climate change and accelerating
energy system transformation, the power system faces unprecedented chal-
lenges and opportunities for low-carbon development as an important field
of energy consumption and carbon emission [1, 2]. Achieving the green
transformation of the power system is not only related to energy security
and environmental protection but also one of the key paths to achieving the
“double carbon” goal. The deep integration of carbon capture technology and
electricity price mechanism has become a new direction to promote the low-
carbonization of power systems [3, 4]. Carbon capture and storage technology
can effectively reduce the carbon dioxide emissions generated in thermal
power generation at the source. Its technical path has gradually matured as
an important means of emission reduction, but its high construction cost and
operation and maintenance costs still restrict its large-scale promotion [5].
As an important tool to regulate user behaviour and optimize energy resource
allocation, the electricity price mechanism can guide users towards low-
carbon energy consumption mode in the process of electricity consumption
through the transmission of price signals [6]. Considering carbon capture
technology and electricity price mechanisms to build an optimized operation
model that coordinates environmental protection and economic benefits has
become an important direction for low-carbon transformation research of
power systems. Under this collaborative drive framework, the role of ladder
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electricity price is particularly critical [7, 8]. This electricity price mechanism
encourages users to use electricity rationally by setting electricity prices in
sections and realizes dynamic load adjustment on the demand side. In some
areas of China, multi-level ladder electricity price has been implemented,
and its electricity price difference rate has reached 8 1, which means that
the electricity price of high-level electricity consumption is eight times that
of low-level electricity consumption, which has a strong price guidance
ability [9]. Carbon capture technology is a technical process that captures
carbon dioxide emissions from power generation units to reduce greenhouse
gas release. Ladder electricity price mechanism is a pricing system that sets
different electricity prices based on consumption tiers, with higher prices for
higher consumption to guide rational energy use. Multi-modal data fusion is
a computational approach that integrates diverse data types (e.g., time-series
data from equipment, spatial data from geographic systems) to comprehen-
sively reflect system status. Deep Q-Network (DQN) is a reinforcement
learning algorithm that combines deep neural networks with Q-learning to
solve complex decision-making problems in dynamic environments.

Developed countries such as the United States, Japan and Germany have
generally adopted similar mechanisms, and their electricity price differentials
are 4: 1, 2.5: 1 and 5: 1, respectively, showing the mature experience of
demand management through price leverage [10, 11]. Implementing tiered
electricity prices helps curb unnecessary electricity consumption during peak
hours, slow down the pressure of power grid operation, and reduce the
energy waste caused by the use of high energy-consuming peak-shaving units
[12, 13]. High construction and operational costs hinder large-scale adop-
tion of carbon capture technology. The ladder electricity price mechanism
addresses this by creating a price incentive: higher prices for peak/ high-
consumption periods generate additional revenue, which can be allocated to
subsidize carbon capture operations, reducing the net cost burden on power
producers and promoting technology adoption [14, 15]. Implementing time-
of-use electricity prices provides an effective way to optimize the load curve
further. By dividing the electricity price according to the period and guiding
users to shift the electricity demand from the peak period to the flat period
or the low period, the load fluctuation can be significantly stabilized, the
operating efficiency of power generation equipment can be improved, the
reserve capacity can be reduced, and the goal of energy conservation and
carbon reduction can be achieved at the system level [16, 17]. France has
set up multiple peak avoidance days in July and August in summer. The
electricity price on peak avoidance days is more than ten times higher than
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the daily minimum electricity price, encouraging users to actively avoid peak
electricity consumption and effectively reducing electricity demand during
peak hours.

2 Computer Modeling of Electricity Price Collaborative
Low-carbon Transition in Novel Power Systems

2.1 Construction of Digital Twins for Multi-energy Coupling
Systems

Under the background of carbon neutrality and energy structure optimization,
multi-energy coupling system has gradually become the core mode of modern
energy system development [18]. As shown in Equations (1) and (2), Pgen(t)
is the total power generation of the system; ηi is the efficiency of the i-th gen-
erator set; Pi(t) is the output of the i-th generator set; σj is the coefficient of
the jth type emission source; Ej(t) is the emission of the j-th emission source.
Ctransport(t) is the total transportation cost of the transportation corridor φk

is the unit transportation cost of the k-th transportation channel; rk(t) is the
transportation distance of the k-th mode of transportation; αi is the correlation
coefficient of the i-th generator set; Pi(t) is the output of the i-th generator set;
γj is the transportation efficiency coefficient of the j-th emission source; Sj(t)
is the relevant efficiency of the jth type emission source. It is characterized
by the mutual linkage and collaborative optimization among various energy
forms such as electricity, heat, and gas.

Pgcn(t) =
n∑

i=1

ηi · Pi(t)−
m∑
j=1

σj · Ej(t) (1)

Ctransport(t) =

p∑
k=1

φk · rk(t) ·
n∑

i=1

αi · Pi(t) +

m∑
j=1

γj · Sj(t) (2)

As a cutting-edge means of rapid development in recent years, digital
twin technology relies on its highly realistic modeling capabilities and real-
time dynamic mapping characteristics. As shown in Equation (3), Ctotal (t)
is the total carbon emissions of the system; δi is the carbon emission factor
of the i-th generator set; Pi(t) is the output of the Type i generator set; λj

is the carbon emission coefficient of the j-th emission source; Ej(t) is the
emission from the jth emission source; θk is the carbon emission factor of
the k-th coal transportation channel; Tk(t) is the carbon emission of the k-th
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coal transportation channel. It provides new technical support for the refined
management and low-carbon optimization of multi-energy coupling systems.

Ctrial (t) =
n∑

i=1

δi · Pi(t) +
m∑
j=1

λj · Ej(t) +

p∑
k=1

θk · Tk(t) (3)

Building a multi-energy system based on digital twins can not only
improve the visualization level of the system and enhance the operation
monitoring capability [19], as shown in formula (4), ηCCS (t) is the operation
efficiency of the carbon capture device; αi is the carbon capture efficiency
coefficient of the i-th generator set; Pi(t) is the output of the i-th generator
set; fi(t) is the operating coefficient of the i-th generator set; βj is the carbon
capture efficiency coefficient of the jth type emission source; Ej(t) is the
emission from the jth emission source; gj(t) is the operating factor of the jth
type emission source. It can also provide data and model basis for the accurate
embedding of subsequent carbon capture and price mechanism optimization
models.

ηCCS (t) =

n∑
i=1

αi · Pi(t) · fi(t)−
m∑
j=1

βj · Ej(t) · gj(t) (4)

The construction process of digital twin needs to start from the physical
mechanism of the system, as shown in Equations (5) and (6), where δi
is the carbon emission factor of the i-th generator set; Pi(t) is the output
of the i-th generator set; λj is the carbon emission coefficient of the j-th
emission source; Ej(t) is the emission from the jth emission source; θk is
the carbon emission factor of the k-th coal transportation channel; Tk(t) is
the carbon emission of the k-th coal transportation channel. Pelectricity(t) is
the electricity price; δi is the carbon emission factor of the i-th generator set;
ϕk is the efficiency coefficient of the k-th mode of transport. By establish-
ing high-precision physical models, various types of energy equipment are
systematically described.

min

 n∑
i=1

δi · Pi(t) +
m∑
j=1

λj · Ej(t) +

p∑
k=1

θk · Tk(t)

 (5)

Pdectrictly(t) =

n∑
i=1

δi · Pi(t) ·

(
1 +

p∑
k=1

ϕk · Ctraneport(t)

)
(6)
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It is necessary to accurately describe the output response characteristics,
combustion efficiency, thermal parameters, etc. of the generator set. As shown
in Equations (7) and (8), ηi is the efficiency of the i-th generator set; γ is the
weight coefficient of the carbon capture system. For the thermal system, it is
necessary to construct the thermal efficiency model of the boiler and the heat
transfer performance parameters of the heat exchange equipment.

min

(
n∑

i=1

ηi · Pi(t) +

p∑
k=1

ϕk · Ctransport(t)− γ · ηCCS (t)

)
(7)

Csputial (t) =
n∑

i=1

δi · Pi(t) ·

(
1 +

p∑
k=1

ηk · Tk(t)

)
(8)

2.2 Spatio-temporal Modeling of Dynamic Tracking of Carbon
Emissions

In the spatial dimension, dynamic modeling of carbon emissions relies on
the deep integration of geographic information systems. Combined with the
external environmental variables such as energy resource endowment, cli-
matic conditions and environmental protection standards of each region [20],
as shown in Equations (9) and (10), αi is the carbon capture efficiency
coefficient of the i-th generating unit; βj is the carbon capture efficiency
coefficient of the jth type emission source; Ej(t) is the emission from the jth
emission source; gj(t) is the operating factor of the jth type emission source.
Accurately divide the temporal and spatial distribution of carbon emission
sources and carbon sinks in different regions.

min

 n∑
i=1

αi · Pi(t) · fi(t) +
m∑
j=1

βj · Ej(t) · gj(t)

 (9)

Pelectrictiv (t) =
n∑

i=1

δi · Pi(t) ·

(
1 +

p∑
k=1

ηk · Tk(t) + ζ · λk · Ek(t)

)
(10)

Carbon emission intensity varies significantly across regions: areas with
heavy industry and high coal reliance show higher emissions than those
dominated by hydropower or new energy. As shown in formula (11), Pload (t)
is the load demand of the power system; γi is the load response coefficient
of the i-th generator set; φk is the cost coefficient of the k-th mode of
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transportation. The long transmission distance in remote areas will also lead
to an increase in line losses and indirectly increase carbon emissions per unit
of electricity.

Plood (t) =

n∑
i=1

γi · Pi(t) +

p∑
k=1

φk · Ctranepert(t) (11)

Through spatial modeling, these geographical differences can be quanti-
tatively expressed, as shown in Equation (12), with the goal of minimizing
the optimization cost of coal transportation; δi is the carbon emission factor
of the i-th generator set; Provide basic support for inter-regional collaborative
scheduling and balanced control of carbon emissions.

min

 n∑
i=1

δi · Pi(t) +

p∑
k=1

ϕk · Ctransport(t)− γ ·
m∑
j=1

λj · Ej(t)

 (12)

Compared with natural gas power generation, the emission is lower,
but the response flexibility is strong when the load fluctuates rapidly [21].
As shown in Equation (13), Ej(t) is the emission of the j-th emission source;
It is frequently used in peak and frequency regulation and also needs to be
included in the dynamic emission modeling system.

min

 n∑
i=1

αi · Pi(t) +
m∑
j=1

βj · Ej(t)

 (13)

3 Mechanism Modeling and Feature Engineering of
Carbon-electricity Synergistic Drive

3.1 Digital Twin Modeling Method for Carbon Capture Devices

The carbon capture device is a key technical link to achieving low-carbon
development of power systems, and its modelling and simulation technol-
ogy plays a core role in the overall optimization of the system. With the
complexity and intelligence of power systems, traditional static modelling
methods have made it difficult to meet the needs of dynamic, real-time
dispatching and low-carbon operation [22, 23]. Building a digital twin of
a carbon capture device with real-time feedback capability, state prediction
function and collaborative optimization has become an important means
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Figure 1 Digital twin modeling diagram of carbon capture device.

to promote carbon capture technology’s efficient operation and intelligent
management [24, 25]. The essence of the digital twins is to integrate physical
entities with virtual models deeply and form a digital mirror system that
can reflect carbon capture devices’ current operating status and future trends
through physical modelling, data-driven algorithm integration and real-time
interaction [26, 27]. Figure 1 is a digital twin modelling diagram of the
carbon capture device, mixed integer linear programming, carbon price,
ladder price gradient, and particle swarm optimization. It reflects the real-
time operating status and future trends of carbon capture devices through
the deep integration of physical entities and virtual models, mixed integer
linear programming, carbon price, ladder price gradient, and particle swarm
optimization. It reflects the real-time operating status and future trends of
carbon capture devices through the deep integration of physical entities and
virtual models.

The gas-liquid reaction kinetics between carbon dioxide and amine
absorbent in the absorption tower determines the capture efficiency, while
energy input in the regeneration tower affects absorbent regeneration. These
processes directly influence the energy consumption and operational costs
of carbon capture [28, 29]. Higher capture efficiency reduces carbon emis-
sions but may increase costs, which are transmitted to users via the ladder
electricity price mechanism – for example, lower prices for periods with
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Figure 2 Multimodal data fusion algorithm diagram.

high capture efficiency encourage off-peak electricity use, creating a feed-
back loop between technical performance and price-driven demand adjust-
ment [30]. This process helps improve the efficiency of individual equip-
ment and lays the data and theoretical foundation for building system-level
optimization models. At the performance level, a carbon capture device’s
operating performance is affected by various variables, such as absorbent
flow, operating temperature, reaction pressure, cycle time, etc., which will
affect its efficiency and energy consumption. In order to achieve refined
operation management, it is necessary to establish an accurate quantitative
relationship model between these variables and key performance indicators.
Figure 2 is a diagram of a multi-modal data fusion algorithm. Traditional
regression analysis and empirical formulas make it difficult to reveal the non-
linear relationship fully, and the introduction of machine learning methods
has become a trend. Potential nonlinear laws can be extracted through support
vector machines, random forests, neural networks, and other algorithms to
train a large amount of historical running data, and a prediction model with
strong generalization ability can be constructed.

In order to further reduce the wind curtailment rate and improve the
overall carbon emission reduction capacity of the system, to minimize the
coal-fired cost and start-stop cost of thermal power units, a wind-fire joint
optimization dispatching model was constructed to integrate carbon capture
efficiency, coal consumption level, equipment life and economic costs into
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Table 1 Power load demand and wind power output

Time
Frame

Wind Farm
Equivalent
Utilization

Rate

Demand
Load
(MW)

Carbon
Capture

Efficiency (%)

Ladder
Electricity Price
Implementation

Rate (%)

Comprehensive
Energy

Efficiency of the
System (%)

1 0.33 684 15.2 38 72.96

2 0.6 760 22.8 45.6 76.72

3 0.62 836 30.4 53.2 80.48

4 0.65 912 38 60.8 84.24

5 0.61 1140 45.6 68.4 88

a unified optimization framework in multiple dimensions. Through many
numerical examples, it is verified that this model can not only effectively
improve the wind power grid connection rate and reduce the total coal
consumption of the system but also improve the efficiency of the carbon
capture device and maximize the utilization rate of unit investment. Table 1
shows the power load demand and wind power output. This collaborative
optimization model can be used as the core module of low-carbon dispatching
in the future energy Internet environment, providing the scientific basis and
decision support for the green development of regional power grids and even
national power systems.

3.2 Modeling of Collaborative Response Mechanism for
Multimodal Data Fusion

Driven by the synergy of carbon capture and tiered electricity prices,
the power system presents multi-modal characteristics with extensive data
sources, diverse data types, and complex temporal and spatial dimensions.
The operating status of carbon capture devices, changes in electricity price
policies, electricity market transaction records, and user electricity consump-
tion behaviours will all generate a large amount of heterogeneous data. These
data have significant differences in format, scale and acquisition frequency
and also show strong temporal and spatial properties in internal attributes.
In the collaborative response mechanism, carbon capture efficiency directly
affects the marginal cost of power generation: higher efficiency reduces
carbon emissions but increases operational costs. This cost fluctuation is
transmitted through the ladder electricity price mechanism – when carbon
capture efficiency rises by X%, the tiered price adjustment factor is dynam-
ically adjusted by Y% to guide users to shift load from peak to off-peak
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Figure 3 Evaluation diagram of operating efficiency of carbon capture device.

periods, forming a closed loop where technical performance (efficiency) and
price signals jointly optimize demand response. Figure 3 is an evaluation
diagram of the operating efficiency of the carbon capture device. For the
asynchronization problem in the time dimension, data alignment is achieved
through interpolation and resampling methods. For the problem of inconsis-
tency between data units and dimensions, standardization and normalization
methods are adopted to make data from different sources comparable.

These key features can cover carbon capture efficiency, absorption tower
operating temperature, electricity price change trend, user response delay,
load migration range, etc., which not only retains the information amount of
the original data but also improves model processing efficiency. At the level
of data fusion modelling, a multi-layer deep learning structure is adopted
to embed time series and spatial structure features into the model frame-
work. The multi-modal data fusion algorithm, a core tool here, refers to a
computational method that integrates heterogeneous data – such as real-time
operational data from carbon capture devices (time-series), user electricity
consumption data (spatial-temporal), and market price data (dynamic) – to
construct a holistic and accurate model of the power-carbon system. Different
modal data can complete feature extraction in their respective channels by
constructing a multi-channel input mechanism in the model structure. Then,
they perform correlation analysis and global optimization in the fusion layer
to reveal the complex coupling mechanism between different system links.
Figure 4 is a power system carbon emission trend assessment diagram. This
deep integration model has strong generalization capabilities and dynamic
prediction capabilities and can quickly adjust the judgment and prediction
of system operating status when carbon capture operating status changes,
electricity price mechanism adjusts, or load forecasting deviations.
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Figure 4 Power system carbon emission trend assessment diagram.

The collaborative response mechanism can also be embedded in the
power generation rights trading mechanism to optimise the system econ-
omy and environmental benefits. Traditional power generation rights trading
mechanisms are often oriented to economic interests, only considering the
marginal cost difference per unit of electricity while ignoring key factors such
as carbon emission costs, energy efficiency indicators, and system losses.
A more comprehensive low-carbon trading decision-making mechanism can
be built by incorporating multi-modal data such as real-time operation data
of carbon capture devices, coal consumption rate of power generation units,
and user electricity consumption distribution into the transaction optimization
model. Table 2 shows the system power generation optimization results under
different dispatching schemes in the power generation rights trading model
with optimal energy consumption. The coal consumption rate is introduced
as a weight variable to comprehensively consider the energy efficiency level
and environmental cost of the power generation unit to improve the greenness
of the trading behaviour and the rationality of system scheduling.

4 Collaborative Optimization Model Architecture Based on
Reinforcement Learning

4.1 Deep Q-network (DQN)-driven Bi-objective Optimization

In the low-carbon optimization of power systems driven by carbon capture
and tiered electricity prices, deep Q network (DQN), as a representa-
tive reinforcement learning method, provides an intelligent and dynamic
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Table 2 System power generation optimization results under different dispatching schemes

Scheme

Coal
Consumption

for Power
Generation

(Tons of
Standard Coal)

Start and Stop
Coal

Consumption
(Tons of
Standard

Coal)

Total Coal
Consumption

(Tons of
Standard

Coal)

Curtailment
Volume
(MWh)

Discarded
Water

(MWh)

Carbon
Emissions
(Tonnes of

CO2)

Scheme 1 9613.88 149.11 9763 0 0 7355.88
Scheme 2 9807.38 95.38 10002.76 221.16 0 7453.61
Scheme 3 9727.17 86.26 9813.43 104.1 79.8 7392.65
Scheme 4 9582.46 102.6 9685.06 152 53.2 7282.67
Scheme 5 9943.04 114 10057.04 76 121.6 7556.71

decision-making path to achieve the dual goals of carbon emission reduction
and economic benefits. By establishing the mapping relationship between
multi-dimensional state space and action space, this method enables the
power system to realize adaptive optimization of the operation plan under
the complex background of carbon capture system intervention, electricity
price mechanism adjustment, load demand fluctuation, etc., while controlling
carbon emissions. Take into account power generation costs and market
operation efficiency. In the state space construction, DQN fully integrates the
system’s observable dynamic information and static structural parameters.
The compound reward mechanism in DQN is defined by a weighted com-
bination of four core metrics: (1) Carbon emission reduction (weight: 0.3),
where lower emissions yield higher rewards; (2) Operational cost (weight:
0.3), considering generation, carbon capture, and grid maintenance costs;
(3) System load satisfaction (weight: 0.2), measuring the match between
power supply and demand; (4) User response degree (weight: 0.2), evaluating
the effectiveness of ladder price in guiding load shifting. Figure 5 is an
assessment diagram of the impact of tiered electricity prices on user loads.
Static parameters such as grid topology, technical characteristics of power
generation equipment, user distribution location, etc., provide long-term
stable structural constraints for DQN.

In terms of action space, it covers various control measures that may
be taken by the system operation layer, including not only the micro-
adjustment operations of the carbon capture device, such as absorption
reaction time, gas-liquid ratio control, regenerative heat source configuration,
etc. but also the output adjustment of the power generation unit. Strategy,
flexible deployment of electricity price response strategies, selection and
scheduling of cross-regional power transmission paths, etc. DQN coordinates
the trade-off between carbon emission reduction and economic benefits by
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Figure 5 Assessment diagram of the impact of ladder electricity price on user load.

Figure 6 Carbon emission assessment diagram of different power generation methods.

constructing the objective function and setting a compound reward mech-
anism. The reward function is based on key indicators such as carbon
emissions, electricity costs, system load satisfaction, and user-side satisfac-
tion and comprehensively evaluates the overall performance of each round of
decision-making results through weighted combinations. The lower the car-
bon emissions, the smaller the operating costs, and the more positive the user
response, the higher the instant reward value, and vice versa, the incentive
degree of the agent will be reduced. Through many training rounds to interact
with the environment, the agent gradually converges into control strategies
that can achieve dual-objective optimization in different situations through
repeated trial and error. Figure 6 is a carbon emission assessment diagram of
different power generation methods. It quantifies emission differences, aiding
in the selection of low-carbon power generation options and highlighting the
environmental benefits of different technologies.
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4.2 Constraint Processing Mechanism of Mixed Integer
Programming

In the research of low-carbon optimization models of power systems driven
by carbon capture and tiered electricity prices, the constraint processing
mechanism of mixed integer programming is the key to ensuring the feasibil-
ity and optimization effect of the model solution. Mixed integer programming
involves both discrete variables (e.g., on/off status of equipment) and contin-
uous variables (e.g., power output), making traditional linear optimization
methods inadequate. To bridge this gap, the Big-M method is used to convert
logical constraints into linear inequalities, while cut plane algorithms help
prune infeasible solution spaces – these techniques collectively enable effi-
cient solving of the coupled problem. How to take into account the processing
logic of these two types of variables in the same optimization framework has
become the technical core of mixed integer programming model construction.
In model construction, to solve these discrete variables effectively using
linear optimization methods, the Big-M method is usually used to transform
logical conditions into linear inequality constraints. Figure 7 shows the fluc-
tuation of electricity market prices and carbon emission assessments. When
the carbon capture device can only be activated in certain specific states, this
“conditional dependence” can be expressed by mathematical formulas with
the help of large constants to avoid introducing nonlinear terms in the model.

In terms of solution strategy, because mixed integer programming is
essentially an NP-hard problem, its feasible solution space expands expo-
nentially with the number of variables, and it is difficult for the traditional
single algorithm to obtain the global optimal solution in a reasonable time.
Usually, the strategy of combining the cut plane method with the branch and

Figure 7 Electricity market price fluctuation and carbon emission assessment diagram.
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bound method is adopted. In the process of solving, the solution space range
is gradually compressed. The solution set that does not satisfy the constraint
conditions is excluded, and the solution set converges to the optimal solution.
The cut plane method mainly cuts the infeasible solution region step by step
by constructing multiple planes that exclude inappropriate solutions in the
feasible region, while the branch and bound rule splits and prunes layer
by layer in the search tree structure and realizes the dynamic cutting of
the solution process by combining the upper and lower bound information.
Considering the actual scale and complexity of the problem, a hybrid heuristic
algorithm is introduced as an auxiliary mechanism to improve the solution
efficiency and globality further. Figure 8 is an evaluation diagram of coor-
dinated carbon capture and electricity price regulation. Genetic algorithms
can quickly generate many initial feasible solutions by simulating natural
selection and genetic mechanisms to form a diverse population. It includes
metrics like load demand and storage capacity, demonstrating how joint
adjustments optimize system performance.

Figure 8 Assessment diagram of coordinated regulation of carbon capture and electricity
price.
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5 Experimental Analysis

A representative electricity price cooperative operation environment of power
system is simulated. This environment integrates a carbon capture device
model, thermal power and wind power combined generating units, power
market trading mechanism, user load behavior response model and price sig-
nal propagation module. Figure 9 is a power system load change and carbon
capture efficiency evaluation diagram, which comprehensively reproduces
the coupling relationship and dynamic interaction among various elements in
the power system. It visualizes how load fluctuations affect capture efficiency,
providing insights for balancing load demand and emission reduction.

During the construction process, the carbon capture device relies on the
digital twin to provide real-time feedback on performance indicators such as
absorption rate, regeneration temperature, and energy consumption level; The
generator set module simulates the start-stop state and load response capabil-
ity of the unit; The market trading system determines real-time electricity
prices based on the supply and demand matching mechanism; Figure 10 is
an assessment chart of the impact of electricity price policy adjustment on
carbon emissions, and the user model uses the time-of-use electricity price
strategy to guide the active adjustment behavior of the load side. It shows
emission changes across different tiered pricing tiers, validating the role of
policy in driving carbon reduction.

During the model verification process, the performance differences
between the traditional optimization model (without considering the syn-
ergistic mechanism of carbon capture and ladder electricity price) and
the collaborative optimization model proposed in this study under various
operating scenarios were compared by setting up comparative experiments.

Figure 9 Power system load change and carbon capture efficiency assessment diagram.
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Figure 10 Assessment chart of the impact of electricity price policy adjustment on carbon
emissions.

Figure 11 Evaluation diagram of carbon emission reduction effect of multi-energy coupling
system.

Figure 11 is an evaluation chart of the carbon emission reduction effect of the
multi-energy coupling system, which specifically analyzes the performance
differences between the two models in key indicators such as total carbon
emissions, power generation system operating costs, user satisfaction, and
power supply reliability. It compares key indicators (e.g., total emissions,
costs) to demonstrate the system’s effectiveness in achieving low-carbon
goals.
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6 Conclusion

Starting from the system architecture, the study describes the interaction logic
between the carbon capture device, the electricity price control mechanism
and the power system. It proposes a low-carbon optimization scheme that
can cope with complex market mechanisms and operational disturbances.
Through experimental verification, the model can achieve significant carbon
emission reduction and economic benefit improvement by ensuring the sys-
tem’s stable operation, providing the scientific basis and practical support for
the green transformation of new power systems in my country and worldwide.

Traditional power system optimization mainly focuses on cost and safety
goals, ignoring the system coupling complexity caused by carbon emission
constraints. This study uses digital twin modelling to introduce carbon cap-
ture devices into the power system model and dynamically sense and model
key parameters such as carbon capture efficiency and energy consumption
based on real-time operating data. The collaborative solution increases the
system-wide comprehensive energy efficiency to 90.25%, which integrates
the efficiency improvements of carbon capture devices (from 72% to 89%),
optimized load distribution via ladder electricity prices (peak-valley load
difference reduced by 29.4%), and improved utilization of renewable energy
(consumption rate up to 83.44%).

Traditional optimization methods often face problems such as compu-
tational bottlenecks or convergence instability when faced with complex
constraints and nonlinear system response characteristics. This study inno-
vatively introduces a deep Q network to achieve a dynamic trade-off between
carbon emission reduction goals and economic benefits. It improves the
adaptive ability of the system under different working conditions through
continuous interactive learning. Mixed integer programming is used as a
supplement to deal with discrete variable constraints such as equipment start
and stop, carbon capture and operation, etc., providing feasible solution space
in the early stage of solution and improving global convergence accuracy at
the end of optimization.

Under the optimization model, when the tiered electricity price coverage
rate for residential users is 78.91%, the peak-valley difference shrinks from
59.64 MW to 42.11 MW, a decrease of 29.4%. When the peak shaving depth
of the carbon capture unit reaches 18.33% of the rated capacity, the renewable
energy consumption rate increases from 67.89% to 83.44%. Full-scenario
simulation shows that the collaborative solution reduces the low-carbon oper-
ating cost of the system by 28.50%, reduces the carbon intensity pressure to
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28.50 g/kWh, and increases the comprehensive energy efficiency to 90.25%,
highlighting the dual optimization value of “price guidance + technical
carbon sequestration”.

While “price guidance + technical carbon sequestration” shows strong
potential, real-world implementation faces challenges: (1) Policy barriers,
such as inconsistent regional electricity price regulations and slow approval of
carbon capture subsidies; (2) Infrastructure gaps, including underdeveloped
CO2 transport pipelines and high retrofitting costs for old power plants;
(3) User acceptance, as sudden tiered price hikes may trigger resistance
without proper public communication.
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