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Abstract. With the acceleration of the green and low-carbon transformation of the power system, it is very
important to calculate and analyze the carbon emissions of the urban power systems. In order to effectively
grasp the carbon emission distribution of power systems and reduce the carbon emission of power system, this
paper proposes a systematic carbon emission measurement method for regional power systems. Firstly, the
quantitative analysis model of driving factors for regional power system carbon emissions is constructed, and
the direction and measures of low-carbon transformation and green collaborative development of regional
power systems are proposed. Secondly, energy consumption scenarios under different constraints are estab-
lished to support the collaborative control path of COs. It provides key data and a theoretical basis for the
low-carbon development of the power industry. Finally, through the analysis of the arithmetic example and
the combination of the three scenarios, it is concluded that under the 2020-2030 Tianjin baseline scenario,
the Tianjin power sector cannot reach the peak before 2030, and under the low carbon scenario and the ul-
tra-low carbon scenario, the total carbon emissions of the power sector are expected to peak in 2024, with a
peak range of 55.83-55.9 million tons, which is only a slight increase of 210,000-280,000 tons compared to
2020 in emissions, showing the potential for effective carbon emission control. The validity of the methodology
proposed in this paper is verified, and the effective path for future carbon emission reduction in electric power is
analyzed, providing empirical support and strategic recommendations for the green and low-carbon transforma-
tion of the electric power system.
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Equipment d Energy efficiency
improvement rate
Government-enforceable subsidies
Inventory of equipment d in year t—1

Operating rate for equipment d in year ¢
Number of additions to equipment d in the
year ¢

Number of retirements of equipment d in
the year ¢

To delete and complete the abnormal data
by using the Local outlier factor detection
(LOF) algorithm and the K-nearest neigh-
bor (KNN) based data complementation
algorithm respectively

The point in the k distance neighborhood of
the point p

Reachable distance between the point p
and the point o

The carbon emissions generated by the 7 fuel
Energy consumption of the i fuel

Energy consumption of thermal power
generation

Thermal power generation

Total power generation

Total electricity consumption

Actual electricity consumption

Electricity consumption of transmission
and distribution loss

GDP

Total population

Decision variables

EC,
ENE},

ENE}""
ENE}%
O0Quy

SQq4
EMS,,

maxr
EMS™
0/

Total carbon emissions of the ith aggrega-
tion object (e.g., a province or city)
Carbon emissions at time 0, time T
Changes in carbon intensity

Changes in carbon emissions

General formulae for the effect of the kth
factor on the right-hand side of equations
(4) and (5), respectively

Energy cost

Number of energy varieties k consumed by
the equipment d

The lower limit constraint of energy con-
sumption

The upper limit constraint of energy con-
sumption

Number of equipment d in operation in the
year t

Inventory of equipment d in the year ¢
Emissions of gas g produced by the power
industry in the year ¢

Maximum carbon emission constraint
Missing data points ¢ in any operating
environment of the power system

Li(p) Degree of the outlier of the regional power
system operation point p based on the k
neighbors

L i(+) Local reachable density

C Total carbon emissions from the power
industry

c= % Carbon emission factor effect

U= % Energy structure effect

t= % Conversion efficiency effect

s= % Power structure effect

q= E—QC Proportional effect of electricity generation
and consumption

e= % Electricity consumption intensity effect

r =GBt Economy scale effect

p=~P Population scale effect

l=EC, Network loss effect

1 Introduction

China is in the stage of rapid development of industrializa-
tion and continuous improvement of urbanization level.
Because the energy structure is still dominated by fossil
energy, which leads to a large amount of carbon dioxide
emissions, the clean and low-carbon development of the
electric power system should not be delayed [1]. The mea-
surement and analysis of carbon emissions from the power
system can provide a more effective and comprehensive
understanding of the distribution of carbon emissions in
the region, and enable effective monitoring of carbon
emissions, so as to provide reliable technical support for
the collaborative development of low-carbon emission
reduction and facilitate the realization of the goal of “carbon
peaking and carbon neutrality” [2].

At present, the electric power industry mainly adopts
the emission factor method to carry out carbon emission
accounting and has not yet established a systematic indica-
tor system for carbon emission statistics, monitoring and
assessment [3]. Due to the lack of a carbon emission trajec-
tory analysis method for the power system, high-precision
carbon emission accounting methods, result in difficulties
in realizing accurate and credible carbon emission index
statistics, monitoring and assessment, which in turn affects
the carbon emission reduction decomposition targets,
seriously affecting the decomposition of carbon emission
reduction targets. The decomposition and realization of
the carbon emission “dual-control” goal urgently require
the electric power industry to carry out carbon emission
measurement and decomposition of driving factors to
provide a basis for the decomposition of its goals.

Nowadays, the methods of carbon dioxide measurement
mainly include the IPCC inventory method, actual mea-
surement method, “carbon footprint” method and material
conservation method. Ouyang Bin [4] et al. measured the
current status of energy consumption and carbon emissions
in road transportation, waterway transportation (including
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ports), and urban passenger transportation in Jiangsu
Province from 2005 to 2012 based on the IPCC methodol-
ogy. Lu [5] et al. used the IPCC inventory method to
compile an updated CO, emission inventory of China and
its 30 provinces during the epidemic period and accounted
for China’s carbon emissions from 2020 to 2021. Zhou [6]
et al. utilized net power generation for near-real-time mon-
itoring, designed a regression model-based near-real-time
monitoring method, and proposed an emission estimation
network based on a deep learning model for heterogeneous
networks to estimate near-real-time CQO, emissions from
coal-fired power plants. The experimental results show that
the method is not only accurate in measurement but also
easy to implement. Wang [7] et al. found that some compa-
nies may tamper with the CEMS data when the concentra-
tion of pollutants is expected to exceed the limit value by
comparing the CEMS datasets from by comparing the
CEMS datasets of key polluters in Henan Province from
20172019 to the on-site measurements and found that
some companies may tamper with the CEMS data when
the concentration of the pollutants is expected to exceed
the limit value and there is a great problem with the quality
of the data. Based on the carbon emission and carbon foot-
print modeling of energy, Zhao [8] et al. measured the car-
bon emissions from fossil energy and biomass energy use in
different regions of China from 1998 to 2008 based on
energy carbon emission and carbon footprint models. Shang
et al. [9] proposed a carbon emission accounting method for
buildings based on the “carbon footprint” method and mea-
sured the carbon emissions of low-rise residential buildings
in Beijing at all stages of their lives. Yan Xiao [10] measured
the carbon footprint of Chongging Municipality from 1980
to 2009 using the material conservation method. Zhang
et al. [11] applied the carbon flow theory to the Changzhou
power system in Jiangsu province and calculated the indi-
rect carbon emissions from the load side and the network
side based on the node carbon potential matrix and the net-
work loss distribution matrix. Through the correspondence
between power current and carbon flow, the “minute-level”
carbon measurement is realized. The experimental results
prove that the method realizes dynamic carbon emission
factor calculation based on carbon emission flow theory,
improves the accuracy and real-time accounting of indirect
carbon emissions, and provides a technical guarantee for
users to save energy and reduce carbon emissions. Zhou
[12] et al. used artificial neural networks and polynomial
regression to realize the carbon emission accounting in the
cement industry, respectively.

For the optimal energy scheduling problem, Heydar
et al. [13] modeled the scheduling problem of SMG as a
multi-objective function considering economic and environ-
mental indicators and customer behavior. In addition, a
multi-objective function optimization scheduling method
was proposed using the shuffled frog jump algorithm to
minimize economic and environmental metrics as well as
maximize customer satisfaction metrics [14]. Heydar [15]
proposed a multi-objective model for one day ahead
scheduling of SEHS which focuses on the minimization of
operating costs while considering the minimization of
pollution emissions on the generation side, minimization

of the probability of loss of energy supply on the demand
side, and minimization of deviation of the total demand
from the optimal level. Heydar [16] proposed a three-
objective optimization model for the problem of optimal
scheduling of EHS which considers economic, environmen-
tal metrics, and load-shifting methods. Heydar [17]
proposed a new optimal energy dispatch method for
RSEDGs which combines a tri-objective function consider-
ing economic, environmental, and reliability metrics as well
as renewable energy and DSM strategies. To summarize,
the traditional carbon accounting methods have low accu-
racy, and the power system is unable to comprehensively
grasp the distribution and trajectory of carbon emissions
of the power system. There is an urgent need to propose
a carbon emission measurement and analysis method appli-
cable to the power system from a systematic perspective.
The comparison between the methods in this paper and
those in related literature is shown in Table 1.

As a key monitoring industry of carbon emission, energy
and power is the key to realizing “carbon peak and carbon
neutral” in China. This paper firstly analyzes the driving
factors of regional power system carbon emissions and their
causes through research, adopts LMDI [18] decomposition
method to study the contribution of driving factors of regio-
nal power system carbon emissions, and digs deep into the
driving factors that have a greater impact on carbon emis-
sions of each link of the regional power system. Secondly,
based on distribution characteristics and changes in the
power system under the multi-temporal and spatial dimen-
sions, it constructs a quantitative analysis model for the
distribution of carbon emissions of the power system, which
takes into account various influencing factors and effec-
tively captures the pattern of change of carbon emissions
in time and space, thus providing a more systematic and
precise analysis tool for the comprehensive control of carbon
emissions in the power system. Lastly, we proposed the
analysis method of measuring carbon emissions for the
power system from a systematic perspective, which breaks
through the limitations of the traditional method in terms
of data acquisition and modeling accuracy. The method
proposed in this paper can not only improve the accuracy
and reliability of carbon emission measurement, but also
provide more effective decision-making support for power
system operators, thus helping to realize the decomposition
and realization of the “dual-control” goal of carbon emission.
The primary contributions of this study are as follows:

1. Constructing a systematic carbon emission measure-
ment method based on LSTM-Attention. By adopting
the LMDI decomposition method, the article analyses
in depth the key drivers affecting the carbon emissions
of the regional power system and quantifies the rela-
tive contributions of these factors. This approach
helps identify the impact of individual factors on car-
bon emissions during the process of power production
and consumption and provides a scientific basis for
formulating targeted emission reduction strategies.

2. A systematic method for measuring carbon emissions
from regional power systems is proposed. Through
the quantitative analysis model of the drivers of
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Figure 1. Carbon dioxide emissions from different fuels, 1900-2021.

carbon emissions in the regional power system, the
dynamic pattern of carbon emissions over time and
space is effectively captured, which improves the accu-
racy and practicability of carbon emissions assess-
ment. The application of the model can provide a
powerful tool for achieving refined management and
prediction of carbon emissions.

2 Analysis of influencing factors of carbon
emissions in regional power system

In this chapter, we first study the causes and main driving
factors of carbon emissions in regional power systems from
the dimensions of energy structure and the structure of
electricity-using industries. Secondly, we calculate the influ-
ences and contributions of different categories of driving
factors and finally, we construct a quantitative analytical
model of the driving factors of carbon emissions in regional
power systems.

2.1 Current situation of power carbon emissions

China has become the world’s largest carbon emitter
because of its large energy consumption and inefficient
use of energy as a result of its crude economic growth
model, which has led to increasing carbon dioxide emissions.
As the most important energy sector in China, the propor-
tion of electricity consumption in China’s total energy
terminal consumption has been increasing year by year,
and because of China’s resource endowment of “more coal,
less oil, less gas” [19], China’s power production model is
mainly based on thermal power, accounting for more than
75% of the total. The carbon dioxide emissions from coal
burning from 1900 to 2021 are shown in Figure 1. Due to
China’s financial and technical difficulties, resulting in the
scale of centralized development and utilization of renew-
able resources in China is small [20], and the proportion
of renewable resources power generation [21] in China’s
total power generation is only about 20%. Environmental
problems such as carbon emissions and air pollution caused
by coal-fired power generation will continue to worsen in
the next 10-15 years [22]. Therefore, it is urgent to study

the driving factors of carbon emissions in the power indus-
try and find out the methods to reduce carbon emissions in
power production, which is the magic weapon to safeguard
the ecological environment and one of the paths for the
sustainable development of power enterprises.

2.2 The main influencing factors of carbon emissions in
regional power system

Under the background of industrial transfer [23] and the
gradual increase of inter-provincial trade, China’s carbon
emissions have led to the main contradiction of China’s
carbon emissions growth. Numerous scholars at home and
abroad have conducted relevant research on the influencing
factors of carbon emissions from different angles. Some
scholars have investigated the impact of different driving
factors on carbon emissions from the dimensions of energy
structure and the structure of electricity-using industries.
In this paper, combining the related influencing factors of
regional power system researched in the existing literature
and considering the links of power production, transmission
and distribution as well as terminal consumption and data
availability, the growth of China’s power carbon emissions
is decomposed into nine influencing factors, including
carbon emissions factor, energy structure, conversion effi-
ciency, power structure, power generation and consumption
ratio effect, power consumption intensity, economic scale,
population scale and network loss effect, and establish a
system of carbon emissions driving factors in the regional
power system [24].The construction process of the quantita-
tive analysis model of driving factors for carbon emissions in
regional power systems is shown in Figure 2.

3 Carbon emissions measurement of power
systems based on systematic perspective

Based on the above analysis, this chapter establishes energy
consumption scenarios with different constraints to support
a collaborative control path for CO, [25]. By upgrading of
the energy structure optimization and control technology,
it is able to analyze the energy consumption structure,
power consumption demand, and production composition
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Figure 2. The construction process of the quantitative analytical model of driving factors for carbon emissions in regional power
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Figure 3. Process of data acquisition for carbon emission factors.

under different scenarios, support the carbon emissions
reduction decision-making of the power industry in Chinese
cities or regions [26] and provide key data and theoretical
basis for China’s low-carbon development.

3.1 Carbon emission factor data acquisition

Based on the sorting out, screening, and comprehensive
analysis of the existing research results, the recommended
value of the power carbon emission factor suitable for
China’s power industry is determined [27]. Due to the differ-
ent parameter settings, system raw materials, and technol-
ogy levels of different data sources, the results of the
statistics will have a large deviation, through the decision
diagram shown in Figure 3 to verify the obtained data
and determine the final value of the emission factor. Since
it is difficult to obtain the values of the respective carbon
emission factors for each of the production stages of a

system, and since the data obtained from the combination
greatly increases the uncertainty of the final results, the
pathways (2) and (3) were chosen only when data could
not be collected by the pathway (1).

3.2 Construction of carbon emission driving factor
model

Quantitatively analyzing the multiple influencing factors of
energy demand and overall energy intensity has gradually
become a field of concern for researchers in order to gain
a deeper understanding of the internal mechanisms of
energy consumption and energy intensity changing with
time, and to help the government take targeted measures.
Because the LMDI decomposition method has the advan-
tages of solid theory, strong applicability, easy to use, and
easy to explain the results, it is an ideal decomposition
method and is currently widely used in the analysis of the
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influencing factors of carbon emissions. The LMDI [28§]
principle steps are as follows:

1. Establishment of carbon emission decomposition

formula
§ T1,iT2i " T (1)
i

V=Y V.-
Where, V; = 21,29, ...2,,, the subscript n represents dif-

ferent influencing factors, such as fossil fuel types, and
energy structure, and ¢ represents different aggregation tar-
gets, such as different provinces and cities, etc.

2. Characterize the change from 0 to 7" moments

ZVU ZI1LI21 o (2)
ZVT Z:Ehzh..., (3)

The multiplicative form represents the ratio of the reporting
period to the base period, which is equal to the product of
the change in intensity of the individual influencing factors,
reflecting the change in the intensity of carbon emissions:

VT

D =5 = Du Ds, .. D, (4)

The additive form represents the difference between the
reporting period and the base period, which is equal to
the sum of the changes of the individual influencing factors
and reflects the change in carbon emissions:

AV =V -V =AV, + AV, ...+ AV, (5
3. Decomposition of the contribution of each influencing
factor Logarithmic average function:

(a—10)
Ina—Inb

a#b

a a=2>o
Additive form decomposition:

&) o
AV, => LV, V)l

Ty .
i n = (8)

Where, £ =1,2,...n
3.3 Establishment of constraints for carbon emissions
measurement and analysis

L(a,b) = (6)

Multiplicative form decomposition:

L(VT, V)

D,, =exp (Z W’V[L)) In

Based on the systematic perspective of carbon emission
measurement and analysis, it is necessary to consider

multiple aspects of the power system such as power
generation, transmission, substation, and electricity con-
sumption, involving energy cost constraints [29], energy
consumption constraints [30], system operation constraints
[31] and carbon emission constraints [32], etc.

1. Energy cost: It is the sum of the energy consumption
of all equipment multiplied by the price of energy.
When calculating, it is necessary to take into account
the changes in the prices of different energy varieties
over time, the improvements in the energy efficiency
of equipment, and the subsidies that can be imple-
mented by the government, Energy cost is an impor-
tant part of the operation of the power system, which
directly affects the economic efficiency and sustain-
able development capability of the power system.
By accurately calculating the energy cost, it can pro-
vide an important decision-making basis for the plan-
ning, construction and operation of the power system,
which helps to optimize the allocation of resources
and improve the efficiency of energy use. The expres-
sion is as follows [33]:

PO =3 3 Pasex Eawsx 00,
d k

X (1 — EFF.,)(1 — SRy,) (9)

Where k represents the energy variety, z represents the
number of energy varieties, P,y represents the price of
the energy variety k consumed by the equipment d in the
year t, F,;, represents the number of energy varieties k
consumed by the equipment d, OQ),, represents the number
of the equipment d in operation, an EFF;; represents the
improvement rate of energy efficiency of the equipment d.

2. Energy consumption constraints: It means that the
sum of all equipment operating in the power industry
multiplied by the energy consumption per unit of
equipment must not exceed or fall below a certain
limit value, so as to satisfy the policy constraint of
controlling the total amount of energy in the country
or industry. This constraint is to ensure that the
energy consumption of the power industry does not
exceed the prescribed limit in order to achieve the
goal of energy conservation and emission reduction.
The expression is as follows [34]:

ENE}} < ENE,, < ENE}* (10)

Where, ENE},, represents the total consumption of energy
varieties k consumed by all equipment in the power indus-
try, which ENE‘,:;“ is the lower limit constraint of energy

min

consumption and ENE}'!" is the upper limit constraint of
energy consumption.

3. System operation constraints: It means that the
equipment operation shall not be greater than the
equipment inventory of the power-on, The purpose
of this constraint is to ensure the stable operation of
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the power system and to avoid damage or failure of
equipment due to overuse, the system operation
constraint is one of the important guarantees for
the development of the power system and the expres-
sion is as follows [34]:

0Qu; < 5Qu; x RATE (11)

SQd,t = SQd,t—l + NQd,t + RQdit (12)

Where SQ,, represents the inventory of equipment d in the
year t, SQ,, ; represents the inventory of equipment d in
the year t —1, NQ,, represents the number of additions
to equipment d in the year ¢, RQ,, represents the number
of retirements of equipment d in the year ¢, OQ, , represents
the number of equipment d in operation in the year ¢, and
RATE,, represents the operating rate of equipment d in
the year t.

4. Carbon emission constraints: It is a mechanism for
limiting and managing greenhouse gas emissions such
as carbon dioxide, i.e., in economic activity, the sum
of all equipment operations multiplied by the emis-
sions per unit of equipment must not exceed a certain
limit value, so as to meet the constraints of the
national and industry low-carbon development goals.
The expression is as follows [34]:

EMS,,, < EMS™ (13)

Where EMS,; represents the emissions of gas g produced
by the power industry in the year ¢, EMS}" is the maxi-
mum carbon emission constraint.

3.4 Carbon emission measurement model based on
LSTM-Attention

Firstly, we clarify the correlation and interaction mecha-
nism between data in different fields, and based on the
limited operational data obtained, we construct the mathe-
matical model of carbon emissions and various types of data
and clarify the system boundary and related processing
methods. For the primary data with heterogeneous charac-
teristics from multiple sources, statistical analysis, source
analysis, and causal analysis are used to extract efficient
secondary data resources and build a dynamic interactive
simulation environment. The dynamic simulation environ-
ment supports mathematical models and multi-agent
models, and can reflect a small number of special behaviors
and irrational behaviors, which facilitates the effective
dynamic evaluation of the evolution trend of carbon emis-
sions of the power system under the influence of uncertain-
ties in the complex internal and external environments.

1. Data pre-processing

Due to carbon emission-related power system data will
face data transmission abnormality, insufficient data
storage and system maintenance in the actual operation
process, carbon emission related characteristic data will
have an abnormality, missing and other problems, which

seriously affects the accuracy of the results of the analysis
of carbon emission of urban energy and power. Therefore,
in this paper, the KNN method is used for data completion
[35] by finding the K data points that are closest to the data
points to be completed in space, and taking the average
value of the K neighboring data points as the data points
to be completed to obtain the completed value. For the
missing data points o in any operating environment of
the power system, the calculation formula of the data com-
plementation method based on the KNN is as follows [36]:

D o (14)

oeNk(o/)

Where, o is to delete and complete the abnormal data by
using the Local outlier factor detection (LOF) algorithm
and the Knearest neighbor (KNN) based data complemen-
tation algorithm respectively. LOF is a density-based out-
lier detection algorithm, which mainly characterizes the
outlier degree of the target point p by using the relative
densities of its nearby neighbors the target point p, which
is obtained by the following formula [37]:

Lai(0) .
L (p) _ 0€N(0) lrdj.«,(p) _ 06%;;(0) rd,k( ) (15)
i |Ni(p)] INu(p)| * Lar(p)

Dy, (p,0)
2 (16)

[N (p)|

IrdJ\t(p) = 1/

Where, Li(p) represents the degree of the outlier of the
regional power system operation point p based on the k
neighbors, N(p) represents the point in the k distance
neighborhood of the point p, lq.(-) represents the local
reachable density, Dy(p,0) is the reachable distance
between the point p and the point o, which is determined
by the maximum value between the Euclidean distance of
the point p from the point o and the Euclidean distance
of the point p from its k& neighbors. The processing flow of
the data related to carbon emission features based on
LOF and KNN is shown in Figure 4.

2. LSTM-Attention model establishment

In order to realize carbon emissions measurement and
prediction based on a systematic perspective, it is necessary
to combine the characteristics of the relevant data obtained
and the typical scenarios, consider the logical relationship
between carbon emission of the urban power system and
the operation business of the power system, consider the
correlation relationship between carbon emission of the
regional power system and the main economic indexes as
well as the key boundary conditions of the emission reduc-
tion expectation, policy expectation, and economic develop-
ment, and then analyze and construct the carbon emission
measurement and analysis model of the regional power
system. The analytical model clarifies the input model
and output content to support the acquisition of the corre-
lation relationship between the carbon emission of the



8 The Author(s): Science and Technology for Energy Transition 79, 43 (2024)

( Begin )
v

| Data partition |
[

Historical feature data set

Feature data to be detected

[P
<

| Anomaly detection based on LOF algorithm |

Is all data detected? N
» Data
4

’w Yes
_ v Supplement
Completion of missing and abnormal 7
data based on KNN

C End )

Figure 4. Processing flow of carbon emission-related charac-
terization data based on LOF and KNN.

power system and the main urban economic activity
indexes under different dimensions such as regions and
industries.

LSTM-Attention analysis model [29, 38| is shown in
Figure 5, the model uses historical electricity data, energy
consumption data, and product output data to train the
“Electricity-yield Analysis Model” and “Electricity-Energy
Consumption Analysis Model”, etc., to portray the relation-
ship between electricity and production processes, energy
consumption, and economic activities. After the training
is completed, the monthly electricity consumption data of
each industry and region are inputted into the model to
obtain the production process level and energy activity level
data of each industry and region for the month, and then
the carbon emission factors provided by IPCC are used to
calculate the carbon emissions from power. In addition,
when calculating regional carbon emissions, it is necessary
to add the transferred carbon emissions generated by the
transfer of regional power in and out, and this part is mul-
tiplied by the regional power carbon emission factor by the
amount of transfer red electricity to obtain the transferred
carbon emissions caused by power transfer in and out.

4 Example analysis

4.1 Decomposition results of influencing factors of
carbon emissions in Tianjin

In this paper, the model of carbon emissions decomposition
factors in the power system is established based on the
LMDI model as shown in Formula (17). Through this
model, we can analyze the factors of carbon emission
changes in the power industry, so as to provide the basis

and suggestions for reducing carbon emissions. In which
the meanings of each variable are shown in the following
Table 2:

¢, E, E T Q EC, GDP
C=) E*E T G BC "GP P
Cc, FE E

x P

T o Q
el ~ x L x EC 17
+ iEiXEXTXQxECX ! (17)
%, energy

structure effect: u = %, conversion efficiency effect: ¢ = %

power structure effect: s = ,_ch’ proportional effect of electri-

Q
B
economy scale effect:

Where, carbon emission factor effect: ¢ =

city generation and consumption: ¢ =

sumption intensity effect: e = %};,
GDP

r = “5=, population scale effect: p = P, network loss effect:
= EC,.

The contribution rate of each influencing factor can
be obtained by dividing the number of changes in carbon
emissions caused by fossil energy in terms of energy struc-
ture, conversion efficiency, power structure, proportional
effect of electricity generation and consumption, electricity
consumption intensity, economy scale, population scale,
and network loss effect by the total amount of changes in
carbon emissions. Generally, the contribution rate is greater
than 0, which indicates that the influencing factors have a
pulling effect on carbon emissions. If the contribution rate
is less than 0, it shows that the influencing factors have a
mitigating effect on carbon emissions. The continuous
decomposition method is chosen to analyze the effects year
by year in one year, and Table 3 and Table 4 give the
changes in carbon emissions in Tianjin during this period,
as well as the contribution value and contribution rate of
each effect.

As can be seen through Table 3, the carbon emissions
generated in Tianjin showed a decreasing trend in 2012-
2016 and 2018-2019, while the carbon emissions were
increasing in the remaining years. The factors that domi-
nate the rise in carbon emissions have always been the eco-
nomic scale effect, population-scale effect, and network loss
effect, and the factors that dominate the decline in carbon
emissions are mainly the energy structure, electricity con-
sumption intensity, and the proportion of electricity gener-
ation and consumption, and the change in conversion
efficiency has a positive and negative impact on the carbon
emissions of the power industry compared with the rest of
the effects. In summary, future research on low-carbon tech-
nologies at the provincial and municipal levels is extremely
important for carbon emission reduction.

electricity con-

4.2 Tianjin carbon emission scenario analysis

According to the 2012-2021 data, the city-level scenario
schemes such as Table 5 were obtained based on boundary
conditions and assumptions.

The average annual growth rate of GDP per capita:
Considering the special situation of Tianjin’s economic
development in the “13th Five-Year Plan”, it is expected
that Tianjin’s economy will experience a recovery growth
in the “14th Five-Year Plan”, and the per capita economic
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Figure 5. Carbon emission calculation based on the LSTM-Attention technology.

growth rate will not be lower than the national average
level in the “12th Five-Year Plan”, and the annual growth
rate is set at 5.8% in the baseline scenario, and it is expected
that the GDP of Tianjin will reach RMB 27,320,000 in 2025
and RMB 35,700,000 in 2030.

Carbon emission intensity: During the “14th Five-Year
Plan” period, Tianjin, as a municipality directly under the
central government, is positioned as “one base and three
regions” in the integrated construction of the Beijing-
Tianjin-Hebei region, and the period before 2030 will be
an important opportunity period for Tianjin’s economic
development, and its economic growth will still be higher
than the national average growth rate. Its industrial posi-
tioning determines that its energy consumption per unit
of GDP cannot fall too fast, and considering the impacts
of various aspects, it is expected that the carbon emission
intensity will be reduced by 20.8% cumulatively from
2021 to 2030 under the baseline scenario.

Electricity demand: Considering the conditions of clean
resources in Tianjin and the increase in electricity substitu-
tion, it is expected that there will be a greater potential for
growth in electricity demand in the future. It is preliminary
forecasted that the total power demand in 2025 will be
112.5 billion kWh the total power demand in 2030 will be
143.5 billion kWh, and the annual growth rate of the base-
line scenario be set at 4.8%.

Renewable energy installed capacity: According to the
“l4th Five-Year Plan” for energy development in Tianjin,
the projects to be started and completed and put into oper-
ation during the “14th Five-Year Plan” period, including the
third set of units of a gas turbine with 463,000 kW, and the
construction of the pumped storage project started, with a
total installed capacity of 1 million kW in four units of
250,000 kW, which is expected to be put into operation
during the “15th Five-Year Plan period”, and the new

wind power project will be 1,550,000 kW, and the new
photovoltaic project will be 1,600,000 kW, with energy
storage facilities will be built simultaneously. It is expected
that the annual growth rate under the baseline scenario is
set at 7%.

Training the LSTM-Attention model based on the base-
line scenario can get the comparison results as in Table 6,
and combining the three scenarios, the results of electricity
carbon accounting under different scenarios in Tianjin in
2020-2030 are shown in Figure 6.

Scenario analysis shows that under the baseline scenar-
io, the power industry of Tianjin will not be able to peak by
2030, under the low-carbon scenario and the ultra-low-
carbon scenario, that is, the further development of renew-
able energy, the total carbon emissions of the power
industry will peak in 2024. The peak emissions are between
55.83 and 55.9 million tons, and the peak emissions are
21-28 million tons higher than in 2020. Therefore, in order
to reduce the carbon emission intensity, it is necessary to
work on both optimizing the industrial structure and opti-
mizing the energy consumption structure at the same time,
which is also the main direction of the development of a
low-carbon economy in Tianjin.

According to the simulation of Tianjin’s “14th Five-
Year Plan” carbon peak situation based on the scenario
settings, it can be seen that the carbon emissions in the
“l4th Five-Year Plan” period simulated under the baseline
scenario show an upward trend, and it is impossible to
achieve carbon peak. The carbon emissions simulated under
the low-carbon scenario all show a downward trend, and all
of them will enter a significant decline stage in 2025, which
ensures that Tianjin will achieve a carbon peak before 2025.
The carbon emissions simulated under the ultra-low carbon
scenario all show a decreasing trend, with the former enter-
ing a significant decrease stage in 2025 and the latter enter-
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Table 1. Comparison between this paper and related works.

Method Typical case Advantage

Disadvantage

IPCC method Ouyangbin [4] High facetedness,

Lu [5] High transparency,
Strong traceability,
Wide applicability
Actual measurement Zhou [6] High accuracy,
Wide applicability,
Sustainability assessment
Material conservation method Yan [10] Simple and easy to follow,
High comprehensiveness,
Wide applicability
Carbon footprinting Zhao [§] Full in terms of assessment,
Shang [9] Highly comparable
Carbon flow approach Zhang [11] High accuracy,

Strong tracking capability,
Wide applicability

High data requirements,
Not applicable to small-scale projects,
Lack of flexibility

Costly,Data uncertainty,
High degree of restriction

High data uncertainty,
Difficult to quantify indirect emissions,
High limitations
High data demand,

High data uncertainty,

Scope limitations
High data demand,

High data uncertainty,

High complexity

Ref Objective Solution procedure DSM Advantage Disadvantage
functions strategy
[13] Environment, Multi approach Load The e-constraint method High demands on
Cost, Power curtailment, guarantees a set of non-inferior = computing resources and
Load solutions to the multi-objective time
shifting problem
[14] Environment, Multi approach Demand Optimization problems for High computational
Cost, curtailment, complex systems with complexity
Requirement Demand simultaneous consideration of
shifting, multiple objectives
Onsite
generation
[15] Environment, Epsilon-constraint Load Handling multiple conflicting  Calculation costs increase
Cost, method shifting objectives, applicable to various with the number of targets
Deviation types of optimization problems
[16] Environment, Augmented Optimal  Efficient generation of multiple Computational costs
Cost, Optimal epsilon-constraint  shifting and non-inferior solutions, flexible increase with problem size
shifting Strategic and independent
conversion
as reserve
[17] Cost, Epsilon-constraint Optimal Combined consideration Computational complexity,
Emission, method shifting of multiple conflicting subjectivity, and limitations
LOLE, objectives; e-constraint in accuracy and efficiency
Deviation method ensures a when dealing with high-
non-inferior solution set for ~ complexity uncertainties in
multi-objective problems; large-scale systems
improved practicality and
robustness against renewable
energy uncertainty
This Cost, Carbon emission Optimal The support system has a High data quality and
paper Emission, measurement method  shifting comprehensive understanding  quantity requirements and

of regional power

system based on

LSTM-Attention
model

Deviation

of the distribution trajectory of

carbon emissions in the power

system; combined with neural
networks, it can predict the

high consumption of
computing resources

fluctuation of carbon emissions

over time
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Table 2. Meaning of variables.

Variable Implication

i 1= 1,2, 3 indicates the type of fossil energy source
c Total carbon emissions from the power industry
C; The carbon emissions generated by the i fuel
E; Energy consumption of the 4 fuel

E Energy consumption of thermal power generation
T Thermal power generation

Q Total power generation

EC Total electricity consumption

EC, Actual electricity consumption

EC; Electricity consumption of transmission and distribution loss
GDP GDP

P Total population

Table 3. The additive decomposition results of each driving factor from 2012 to 2021 (ten thousand tons).

Vintage AV, AV, AV, AV, AV, AV, AV, AV,
2012-2013 1.4790 —381.1957 —2.7346 —69.8839 —106.1172 275.9353 208.5386 —0.4362
2013-2014 —34.6067 —186.6422 —17.4961 —121.6951 —211.3023 187.3803 148.2511 9.6543
2014-2015  —196.1528 19.0758 —14.6818 —59.5828 —61.7951 353.2028 —248.4493 —3.6728
20152016 —94.4649 —101.2769 21.6430 —86.5097 —202.9056 230.2582 12.60519 4.0858
20162017 61.3536 —13.66281 —12.6737 —36.8288 —389.7954 465.2262 —102.9531 13.7612
2017-2018  —123.0031 —244.284 41.9937 468.0788 —55.0370 426.3681 —91.5453 22.1186
2018-2019 —47.0947 —54.1677 —173.7172 18.21751 —98.5184 246.4221 7.2549 —13.9618
2019-2020 —71.6679 —43.5905 —20.52979 298.2531 79.4094 —23.4439 5.9576 —80.5052
2020-2021 77.3627 5.1752 —45.6177 —448.1460 48.6608 663.3319 —53.1833 —9.0599

Table 4. The multiplicative decomposition results of each driving factor from 2012 to 2021.

Vintage D, D, D, D, D, D, D, D,
2012-2013 1.00722 0.93291 0.99945 0.98707 0.97938 1.05567 1.04173 0.99879
2013-2014 0.9939 0.96567 0.996733 0.97727 0.95848 1.03839 1.03025 1.03011
2014-2015 0.96561 1.00365 0.99162 0.98831 0.98712 1.07715 0.94914 0.98829
2015-2016 0.98038 0.97932 1.00484 0.98227 0.95668 1.05196 1.00217 1.01418
2016-2017 1.01302 0.99719 0.99335 0.99221 0.91739 1.11015 0.97718 1.04792
2017-2018 0.97594 0.95282 1.00328 1.09612 0.91563 1.09418 0.98172 1.07073
2018-2019 0.99126 0.98925 0.96877 1.00365 0.98017 1.05013 1.00116 0.95876
2019-2020 0.98691 0.99674 0.99629 1.05638 1.01505 0.95735 1.00125 0.75327
2020-2021 1.01382 1.00093 0.99148 0.92359 1.00917 1.30779 0.99042 0.93828

Table 5. Tianjin 2030 energy and electricity consumption scenario setting.

Scenario GDP per Carbon emission Total Power New energy
capita intensity population demand installation

Baseline scenario 5.8% annual ~ Cumulative reduction  0.7% annual 4.8% annual 7% annual growth
growth of 20.8% growth growth

Low carbon scenarios 5.5% annual  Cumulative reduction  0.7% annual 5% annual 8.9% annual
growth of 25.4% growth growth growth

Ultra-low carbon 5% annual growth Cumulative reduction  0.7% annual 5.2% annual 10.5% annual

scenario of 30.9% growth growth growth
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Figure 6. The results of power carbon emissions under different scenarios in Tianjin.

Table 6. Comparison results of different models in the
baseline scenario.

Method MAE RMSE MAPE
BPNN 89.345 94.857 2.354
LSTM 73.495 79.475 1.748
LSTM-Attention 63.373 69.487 1.075

ing a significant decrease stage in 2024, and the rate of car-
bon emissions decrease under the ultra-low carbon scenario
is larger than that under the low-carbon scenario.

Carbon peaking is defined as the peak and gradual
decline or fluctuating decline of energy-related carbon
emissions in the last five years, while the carbon emissions
and GDP are in a strong decoupling or weak decoupling
state. As can be seen from Figure 6, under this scenario,
the city will realize a carbon peak in 2025 and will reach
the peak of carbon emissions in 2020-2035 according to
the development of low-carbon mode. In summary, it is
difficult for Tianjin to realize a carbon peak before 2025
according to the development of the baseline scenario,
and the development of the low carbon scenario and
ultra-low carbon scenario can ensure the realization of a
carbon peak before 2025.

5 Conclusion

Firstly, this paper studies the causes and main driving fac-
tors of carbon emissions in regional power systems from the
dimensions of energy structure and power consumption
industrial structure, establishes the driving factors system
of carbon emissions in regional power systems, and con-
structs a quantitative analysis model of driving factors for
carbon emissions in regional power system. Secondly,

the relationship between regional power system carbon
emissions and major economic activity indexes in different
dimensions is studied. Finally, the calculation method of
carbon emission intensity of regional power systems is stud-
ied from the perspectives of energy structure, industrial
structure of electricity consumption, and economic growth.
From the analysis of the example results, it is concluded
that it is difficult for Tianjin to realize a carbon peak before
2025 according to the development of the baseline scenario,
and the development of the low carbon scenario and ultra-
low carbon scenario can ensure the realization of a carbon
peak before 2025. The research results can promote the
process of power system emission reduction, promote indus-
trial transformation and upgrading, and better serve high-
quality development of economic and social. It will not only
meet the people’s needs for a better life but also reflect the
company’s responsibility and commitment to moving
towards the “double carbon” goal.

In summary, in order to realize China’s goal of carbon
peaking and carbon neutrality, the possible future develop-
ment directions include the following three aspects:

1. Exploration of deep decarbonization pathways.
Further research on how to achieve deep decar-
bonization of the power system through technologi-
cal innovation (e.g. carbon capture and storage,
hydrogen utilization), market mechanism (e.g.
carbon trading), and policy innovation while main-
taining stable economic growth.

2. Multi-dimensional interactive impact analysis.
Consider the impacts of climate change feedback,
energy price fluctuations, international energy coop-
eration, and other factors on regional power system
carbon emissions, and construct a more complex and
dynamic system model.

3. Combining long-term vision and short-term

action. To study how to ensure the achievement
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of short-term emission reduction targets while plan-
ning the transformation path of the power system
under the long-term carbon neutral vision, includ-
ing infrastructure investment, technology road-
map, and international cooperation strategy.
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