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Abstract

This study intends to optimize the carbon footprint management model of power enterprises
through artificial intelligence (Al) technology to help the scientific formulation of carbon emis-
sion reduction strategies. Firstly, a carbon footprint calculation model based on big data and
Al is established, and then machine learning algorithm is used to deeply mine the carbon
emission data of power enterprises to identify the main influencing factors and emission
reduction opportunities. Finally, the driver-state-response (DSR) model is used to evaluate
the carbon audit of the power industry and comprehensively analyze the effect of carbon
emission reduction. Taking China Electric Power Resources and Datang International Elec-
tric Power Company as examples, this study uses the comprehensive evaluation method of
entropy weight- technique for order preference by similarity to ideal solution (TOPSIS).
China Electric Power Resources Company has outstanding performance in promoting
renewable energy, with its comprehensive evaluation index rising from 0.5458 in 2020 to
0.627 in 2022, while the evaluation index of Datang International Electric Power Company
fluctuated and dropped to 0.421 in 2021. The research conclusion reveals the actual
achievements and existing problems of power enterprises in energy saving and emission
reduction, and provides reliable carbon information for the government, enterprises, and the
public. The main innovation of this study lies in: using artificial intelligence technology to
build a carbon footprint calculation model, combining with the data of International Energy
Agency Carbon Dioxide (IEA CO,) emission database, and using machine learning algo-
rithm to deeply mine the important factors in carbon emission data, thus putting forward a
carbon audit evaluation system of power enterprises based on DSR model. This study not
only fills the blank of carbon emission management methods in the power industry, but also
provides a new perspective and basis for the government and enterprises to formulate car-
bon emission reduction strategies.
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Introduction

With the increasingly serious global climate change and China’s strategic goal of “peak carbon
dioxide emissions, carbon neutral”, the power industry is gradually transforming from the tra-
ditional coal-fired power generation to a more diversified and clean direction. The accounting
of carbon emission cost has become a key index to evaluate the green development of power
enterprises. Although China’s power industry ranks among the top in the world in terms of
installed capacity and power generation, there is still a lot of power generated by thermal
power, especially coal-fired power. Therefore, optimizing the energy structure of the power
industry and improving the management level of carbon emissions are the key tasks to deal
with climate change. In the 21th century, one of the biggest issues facing human society is
global climate change. The power sector is the primary source of carbon dioxide emissions
worldwide, contributing around 40% of total emissions, according to research published by
the International Energy Agency (IEA). For this reason, cutting carbon emissions in the elec-
tricity sector is essential to reaching global climate targets [1-3]. China has said unequivocally
that “carbon dioxide emissions will reach the peak by 2030 and strive to achieve carbon neu-
trality by 2060” as the world’s top energy consumer and carbon emitter. The proposal of this
goal is not only a solemn commitment to the international community, but also an inherent
requirement to promote the transformation of China’s energy structure and high-quality
development. Given this context, power enterprises’ control of their carbon footprints has
emerged as a critical component in achieving the “double carbon” aim, since they are the pri-
mary source of energy production and delivery. However, the traditional carbon footprint
management method has many shortcomings, such as incomplete data collection, low calcula-
tion accuracy and single emission reduction strategy. These problems seriously restrict the car-
bon emission reduction effect of power enterprises.

The green transformation and low-carbon development of the power industry have become
the international consensus and a crucial direction for domestic policies, as it is one of the pri-
mary producers of carbon emissions. Building a thorough and efficient carbon audit evalua-
tion system is especially crucial for conducting a methodical, scientific assessment of the
power industry’s carbon emission status and impact on emission reduction. Currently, the
power industy’s development exhibits the following broad features: First, the energy structure
is gradually optimized, and the proportion of clean energy is gradually increased. Second, tech-
nological progress is accelerating, and the level of intelligence and digitalization is constantly
improving. Third, the market demand is diversified, and emerging formats such as distributed
energy and microgrid are developing rapidly. Fourth, the regulatory landscape is getting more
stringent, and the industry’s ability to grow is increasingly being hampered by the need to
reduce carbon emissions [4-6]. These attributes not only offer rich contextual data for the
assessment of the power industry’s carbon audit, but they also present new specifications for
the development of the evaluation system.

Artificial intelligence (AI) technology is developing at a rapid pace, and this has led to an
expansion of its applications in carbon footprint management. Through big data processing,
machine learning, deep learning, and other technological methods, Al can swiftly process and
evaluate enormous amounts of carbon emission data, increasing the precision and effective-
ness of carbon footprint calculations [7]. Al can also forecast the trend in carbon emissions
going forward using both historical and current data, which is very helpful in developing scien-
tific emission reduction plans. In the power industry, AI has been applied to many links, such
as load forecasting, equipment management, information management, power market and so
on. For example, load forecasting technology based on big data and machine learning can sig-
nificantly improve the forecasting accuracy and provide important reference for power system
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scheduling and operation and maintenance. An intelligent inspection robot can increase the
dependability and safety of equipment operation by enabling real-time monitoring and early
defect detection [8, 9]. These applications provide powerful technical support for carbon foot-
print management of power enterprises.

With the increasingly serious problem of global climate change, governments and enter-
prises all over the world pay more and more attention to carbon emission management. How-
ever, the traditional carbon emission accounting methods and management models of power
enterprises have shown many shortcomings. For example, Su, Yu [10] pointed out that the
existing carbon emission management models often failed to make full use of the potential of
big data and Al technology, which limited the accuracy of data processing and analysis. Zhao,
Kou [11] thought that the existing research had obvious shortcomings in dealing with complex
data and dynamic changes in the power industry, and often ignored the application of machine
learning technology. In addition, Yang, Li [12] mentioned that the current carbon footprint
management methods mainly relied on static data analysis and lacked effective response to
real-time dynamic changes. Meanwhile, some studies failed to comprehensively consider the
driving factors of carbon emissions, state evaluation, and corporate response measures [13,
14]. Fu and Zhou [15] demonstrated the irreplaceable role of comprehensive energy system as
an important infrastructure in the rural revitalization strategy of China. Taking the actual
energy system in northern rural areas as an example, they studied the collaborative optimiza-
tion method of photovoltaic greenhouse and rural energy system, and revealed how to opti-
mize and coordinate between agricultural production and meteorological sensitivity of
photovoltaic power generation. The results showed that using this optimization method could
significantly save energy consumption. Fu, Wei [16] discussed the importance of distributed
energy planning and construction in meeting the requirements of modern agricultural electri-
fication and cleaning, considered the impact of agricultural load control on carbon emissions,
and proposed an agricultural load control model based on crop physiology and ecology. This
model showed significant cost savings and carbon emission reduction benefits in the case of
rural energy system in Hebei Province. Fu, Bai [17] emphasized the importance of agricultural
microgrid in the process of modern agricultural production. Unlike traditional industrial
microgrid, agricultural microgrid had unique characteristics on the load side, and its carbon
emission was particularly important in the interaction between agriculture and energy. This
study proposed a collaborative optimization method between greenhouse and microgrid,
which verified its effectiveness in enhancing economic efficiency and low-carbon operation.
This study also fully considered the impact of agricultural photosynthesis on energy carbon
emissions, with a view to reducing energy carbon emissions through this cross-disciplinary
collaborative optimization. This method not only provided a new perspective and methodo-
logical support for the practice of green production in power enterprises, but also drew lessons
from the successful experience of agriculture and energy systems to achieve more significant
carbon emission reduction effects in a wider range of application scenes.

In the existing carbon footprint management research, most models rely on traditional sta-
tistical methods and empirical formulas, but these methods have limitations in accurately
reflecting the carbon emissions of power enterprises. For example, Li and Zhang [18] devel-
oped a carbon emission estimation model based on the traditional statistical regression
method, but the results showed that this method could not fully consider the dynamic charac-
teristics of energy structure and technological changes in complex power production environ-
ment. At the same time, Ridwana, Nassif [19] pointed out that the traditional linear regression
model based on energy consumption data often underestimated the carbon emission reduc-
tion effect brought by the improvement of energy efficiency, resulting in inaccurate carbon
footprint management. On the other hand, although the application of Al technology in
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carbon footprint management started late, some studies have preliminarily verified its poten-
tial advantages. Shi, Yang [20] applied the deep learning model to analyze the carbon emission
data of power enterprises, which proved that this method had high accuracy and stability
when dealing with large-scale nonlinear data. However, the current Al model still faces chal-
lenges in data quality, model complexity and universality in practical application. Especially
when dealing with multi-source heterogeneous data and complex production environment,
the existing Al model is still difficult to provide systematic solutions [21]. In addition, for the
carbon footprint management model of power enterprises, the existing research mostly focuses
on static or single-dimensional analysis, lacking a comprehensive and dynamic management
framework. Li, Li [22] put forward an evaluation model based on carbon emission intensity of
unit power production, but the model failed to consider the influence of energy structure
diversity and production technology changes in power enterprises, so its applicability in low-
carbon transformation was limited. In contrast, Zhao, Guo [23] tried to improve the accuracy
of carbon emission estimation by combining life cycle analysis and energy efficiency assess-
ment, but the research results showed that the flexibility and forecasting ability of the model
still needed to be further improved in the changeable market and policy environment. The
purpose of this study is to develop a scientific carbon footprint management model for power
enterprises to address the aforementioned issues. Specifically, a more thorough and precise
carbon footprint estimate methodology using big data and AI technologies is created. To find
important influencing elements and potential for emission reduction, the carbon emission
data of power companies is thoroughly mined and analyzed using machine learning algo-
rithms. Applications of the drivers-state-response (DSR) model are made for the power indus-
try’s carbon audit assessment. It comprehensively reflects the driving factors (such as energy
structure, technological progress, policy environment, etc.), current state (such as carbon
emissions, energy efficiency, etc.) and the industry’s response measures to carbon emission
reduction (such as clean energy development, application of energy-saving and emission-
reduction technologies, etc.) of the power industry to formulate scientific carbon.

The innovation of this study is that it combines big data and AI technology for the first time
to establish an accurate carbon footprint calculation model, which can process large-scale data
of power enterprises and conduct in-depth analysis, thus identifying the key factors affecting
carbon emissions. At the same time, it uses machine learning algorithm to mine and evaluate
carbon emission data, which is the first time in existing research. On this basis, the DSR model
is introduced in this study to comprehensively evaluate the carbon audit of the power industry,
which can effectively capture the driving factors, current situation and response measures of
the industry in the process of carbon emission reduction. This comprehensive evaluation
method is more comprehensive and in-depth than the previous single-dimensional analysis.
In addition, it also applies the entropy weight—TOPSIS comprehensive evaluation method to
the analysis of carbon emission reduction effect, which not only provides more scientific and
reliable carbon information support, but also makes up for the shortcomings of the existing
models in comprehensive evaluation. These innovations make this study have an important
contribution to improve the scientific and practical aspects of carbon footprint management
in power enterprises, and provide new ideas and methods for future related research.

The research of this study is of great significance. Firstly, it is an innovative promotion to
the carbon footprint management model of power enterprises. The research aims to build a
scientific and accurate carbon emission calculation model through AI technology, especially
machine learning algorithm. This model can dig deeply into the key factors in the carbon
emission data of power enterprises, and find out the significant factors affecting carbon emis-
sion and the opportunities for emission reduction, thus providing strong support for power
enterprises to formulate effective carbon emission reduction strategies. Through the case
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analysis of two typical enterprises in China electric power industry-China Electric Power
Resources and Datang International Electric Power Company, this study not only reveals the
actual achievements of these enterprises in energy saving and emission reduction, but also
reveals their advantages and disadvantages in coping with the challenge of carbon emission
through data mining and evaluation methods. Secondly, the proposed carbon audit evaluation
index system and its application have practical guiding significance for promoting the green
development of power enterprises. By introducing authoritative data from IEA CO, emission
database and combining entropy weight -TOPSIS comprehensive evaluation method, this
study provides a more systematic and scientific evaluation framework for carbon footprint
management. This can not only help enterprises accurately grasp their carbon emission status,
but also reveal the problems and shortcomings in the process of emission reduction, thus pro-
viding reliable carbon information support for the government, enterprises and the public and
helping to formulate more scientific carbon emission reduction policies and measures. Finally,
the discussion of carbon emission cost accounting method in this paper also has high applica-
tion value. Under the background of global response to climate change and China’s strategic
goal of “peak carbon dioxide emissions” and “carbon neutrality”, carbon emission cost
accounting of power industry has become particularly important. This study analyzes the com-
position of carbon emission cost of power enterprises in detail, including carbon emission cal-
culation, resource loss cost and environmental damage value, which provides scientific basis
for enterprises to formulate green development strategies and investment decisions. In addi-
tion, the carbon audit evaluation method based on DSR model comprehensively considers the
driving factors, state performance and response measures of power enterprises in the process
of emission reduction, which provides a new idea for the improvement and optimization of
carbon audit evaluation system. In a word, this study not only provides scientific evaluation
tools and methods for carbon footprint management of power enterprises, but also has impor-
tant practical significance for promoting the green development of power industry and achiev-
ing carbon emission reduction targets. Through systematic analysis and evaluation, this study
provides strong support for the low-carbon transformation of the power industry, and pro-
vides valuable data basis for the formulation and implementation of relevant policies.

Methods

Present situation of China’s carbon emissions based on IEA CO2 Emissions
Database

Since the industrial revolution, the power industry has experienced the development process
from steam power generation to thermal power generation, and then to the diversified energy
structure. The energy structure of the world’s power industry is currently undergoing a major
transition, and renewable energy sources including hydropower, wind energy, and solar
energy are progressively contributing to the production of electricity. China’s power sector has
also accomplished a great deal in recent years. Not only does it have some of the highest
installed power capacity and power generation in the world, but it has also made significant
strides toward the development of clean energy. In terms of the structure of power production,
thermal power generation dominates China’s power sector. Nevertheless, the share of clean
energy power generation is growing annually. Gas-fired power generation and coal-fired
power generation make up the bulk of thermal power generation, with coal-fired power gener-
ation holding a leading position. Nonetheless, the share of renewable energy, such as solar and
wind power, in power generation has grown annually due to the ongoing advancements in
clean energy technology and cost reductions. Nuclear power is a clean, effective energy source
that contributes significantly to China’s electricity output.
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With China’s economy expanding quickly and the country’s citizens enjoying higher living
standards, there is an increasing need for power consumption. The primary sectors of electric-
ity use are industrial, commercial, and residential, with industrial electricity making up a siz-
able share of all three. The rapidly evolving fields of electric vehicles and smart houses are
causing a progressive shift in the structure of power consumption as well [24-26]. This study
makes use of the IEA CO, Emissions Database to more precisely analyze the current state of
carbon emissions in China’s power industry. The database offers comprehensive information
on carbon dioxide emissions from both domestic and international energy operations, which
is very helpful in assessing the carbon emissions of the power sector. China’s power industry’s
carbon emissions from 2016 to 2022 are displayed in Fig 1. It demonstrates that China’s power
industry’s carbon emissions have been trending toward first rising and then falling in recent
years. Between 2016 and 2019, the power industry’s carbon emissions increased, but at a
slower rate due to changes in the energy structure and the rise in power demand. 2020 saw a
decrease in the demand for power due to the global COVID-19 pandemic and changes to the
domestic economic structure, which led to a negative increase in carbon emissions. In 2021,
with the economic recovery, carbon emissions rebounded slightly, but the growth rate slowed
down significantly. By 2022, carbon emissions will decline again, which shows that China’s
power industry has achieved positive results in emission reduction.

In China’s power industry, thermal power generation—particularly coal-fired power gener-
ation—is the primary source of carbon emissions. As a result, energy structure optimization is
crucial for lowering carbon emissions in the power sector. China has successfully decreased
the power industry’s carbon emission intensity in recent years by accelerating the development
of clean energy and encouraging the conversion of coal-fired power to ultra-low emission
sources. Regional variations in the power industry’s carbon emissions are evident. The eastern
region’s strong demand for electricity and established economy have resulted in comparatively
high carbon emissions. According to the research of Xie, Wang [27], due to the developed
economy and dense population, the eastern coastal areas had relatively high-power demand
and relatively large carbon emissions. The power consumption of eastern provinces such as
Jiangsu and Guangdong have been in the forefront of the country for a long time, which was
closely related to its economic development level and industrialization level. In the research of

| CO, emissions

—=a— Propoition to total emissions

490 - —m— Year-on-year growth rate
48.5 4
48.0 1
47.54
47.04
46.5 4
46.0 1
45.54

45.0 1

Proportion (%)

CO, emissions (billions of tons)

~

&~

W
1

2016 2017 2018 2019 2020 2021 2022

Fig 1. Overview of carbon emissions of power industry in China from 2016 to 2022.
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Zhu, Wang [28], it was considered that the proportion of thermoelectric production in the
eastern region increases due to the increase of heating demand in winter, which led to the cor-
responding increase of carbon emission level. Comparatively speaking, Zheng, Deng [29] con-
sidered that the western region’s carbon emission level was kept at a low level due to the
relatively backward economic development, low total electricity demand and abundant clean
energy resources. In western provinces such as Qinghai and Yunnan, the seasonal fluctuation
of power demand had little impact on the overall carbon emissions. In these areas, due to the
abundant solar and wind energy resources in summer, they can better cope with the increase
in power demand while maintaining low-carbon emissions. Therefore, the power structure
and carbon emission characteristics in the western region were in sharp contrast with those in
the eastern region.

Carbon emission cost accounting of electric power enterprises

The power industry is progressively shifting away from the conventional method of coal-fired
power generation and toward a more diverse and clean direction due to the severity of climate
change on a worldwide scale and China’s strategic aim of “peak carbon dioxide emissions and
carbon neutrality”. The accounting of carbon emission costs has developed into a crucial met-
ric in this process for assessing the degree of green development of power companies. In terms
of installed capacity and power generation, China’s power industry is among the best in the
world. Nonetheless, a significant amount of power is still generated by thermal sources, partic-
ularly coal-fired power. The power industry’s energy structure is gradually being optimized
due to the rapid development of renewable energy sources like solar and wind power [30, 31].

The accounting content of carbon emission cost of power enterprises covers many aspects,
the first is the accurate calculation of carbon emission. This requires enterprises to use scien-
tific calculation methods to estimate carbon emissions based on data such as power generation
and coal consumption. Other greenhouse gas emissions should also be considered to fully
reflect the carbon emissions in the process of power production. In addition to carbon emis-
sions, resource loss cost is also an important part of carbon emission cost accounting. This
includes the cost of procurement, transportation and storage of fossil energy such as coal. In
the accounting process, it is necessary to combine resource loss with carbon emissions to
reflect the resource consumption cost caused by carbon emissions. The value of environmental
damage is also a part that cannot be ignored. Although this part of the cost is difficult to mea-
sure directly, it can be estimated by introducing an environmental damage assessment model.
It represents the value that electric power enterprises should bear for the potential damage to
the environment caused by greenhouse gas emissions.

To maintain the accuracy and scientific nature of accounting, a set of guidelines should be
adhered to when verifying the carbon emission cost of power enterprises. The definability
principle requires that the carbon emission cost must be clearly defined and accurately under-
stood and applied by enterprises. The principle of measurability emphasizes that the cost of
carbon emissions should be accurately measured in monetary units and reflected in the
accounting statements of enterprises. In order for the carbon emission cost to accurately reflect
the carbon emissions during the power production process, it must be closely tied to the pro-
duction and operation activities of businesses, according to the principle of correlation. Fig 2
illustrates the specific confirmation process of carbon emission cost.

In the specific accounting process, firstly, it is necessary to collect and sort out relevant data
such as power generation, coal consumption and investment in environmental protection
facilities of electric power enterprises. Then, carbon emissions are calculated according to
these data and scientific calculation methods [32-34]. Then, carbon emissions, resource loss
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cost, environmental damage value, carbon emission reduction cost and carbon transaction
cost are included in the accounting scope for comprehensive calculation. Finally, the account-
ing results are reflected in the accounting statements of enterprises, which provides strong sup-
port for the decision-making and green development of enterprises.

Data mining of enterprise carbon emissions based on machine learning

The process of using algorithms to find hidden information in huge datasets is known as data
mining. This procedure, which is typically associated with computer science, is carried out
using a variety of techniques, including pattern recognition, machine learning, statistics,
online analytical processing, information retrieval, and expert systems. Pretreatment, integra-
tion, selection, and preparation of data are all steps in the data mining process. Its goal is to
find knowledge that users are interested in, which is acceptable, understandable and applica-
ble, and supports specific applications to find problems. There are many algorithms in data
mining, including classification, regression analysis, clustering, association rules and so on.
This study uses machine learning algorithm to deeply mine the carbon emission data of
power enterprises, and choose decision tree algorithm as the main tool. This algorithm is supe-
rior in dealing with regression and classification problems, and has outstanding ability in deal-
ing with data characteristics and prediction results. Microsoft decision tree algorithm is
suitable for complex classification and regression problems, and its obvious advantages are
that the model is easy to explain, the results are intuitive, and it can effectively deal with non-
linear data relationships, so this algorithm can meet the complexity requirements of carbon
emission data. In the data preprocessing stage, this study first collects the original data from
enterprise database and official website from 2020 to 2022, including power generation, fuel
consumption and investment in environmental protection facilities. Then, it cleans the data,
removes the missing values and abnormal values, and fills the missing data and correct the
abnormal values through mean interpolation and interpolation method. On this basis, it also
unifies the data format to ensure the consistency of data from different sources to facilitate the
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subsequent analysis, and standardized the data, and normalized all numerical data to values in
the interval of [0, 1], thus eliminating the influence brought by different dimensions. In the
feature extraction process, the importance of features is evaluated by decision tree algorithm,
and it selects the features that have a significant impact on carbon emissions, such as total elec-
tricity production, coal consumption and environmental protection investment. At the same
time, according to the business requirements and model requirements, it has constructed
some new features, such as carbon emission intensity and clean energy ratio, which are helpful
to improve the prediction performance of the model. Subsequently, in the model training step,
it uses the decision tree algorithm to build the model. This algorithm creates a decision tree by
dividing the data set into multiple subsets, in which each node represents the test conditions of
feature attributes and the branches represent the results of feature attributes. In order to pre-
vent the model from over-fitting, it sets parameters such as the maximum depth of the tree
and the minimum number of sample splits, and uses cross-validation method to evaluate the
generalization ability of the model to optimize the model parameters. Finally, the model is ver-
ified by training set and test set to ensure its accuracy and stability.

In this study, decision tree algorithm, Transformer model and entropy weight -TOPSIS
method are selected, which are based on their unique advantages in processing carbon emis-
sion data and comprehensive evaluation. Decision tree algorithm is a kind of supervised learn-
ing technology, which has clear decision rules and is easy to explain. It can effectively handle
large-scale datasets and provide an intuitive understanding of the importance of variables.
Microsoft decision tree algorithm is chosen because it is excellent in dealing with the predic-
tion modeling of discrete and continuous attributes, can accurately divide the data feature
space, and is helpful to identify the key factors affecting carbon emissions. Transformer model
is an important progress in the field of natural language processing in recent years, which can
deal with complex sequence data. Because of the need to deal with a large number of time-
series carbon emission data, Transformer model can capture long-distance dependence and
effectively deal with unstructured information in the data. Compared with the traditional time
series analysis method, the Transformer model is outstanding in dealing with large-scale data
and provides more accurate analysis results. Entropy weight -TOPSIS method is a comprehen-
sive evaluation method, which combines the advantages of entropy weight method and TOP-
SIS method Entropy weight method can objectively determine the weight of each evaluation
index, while TOPSIS method ranks the schemes by comparing the distance between them and
the ideal scheme. This method can comprehensively consider multiple evaluation indexes and
provide scientific evaluation results through quantitative analysis. Compared with other evalu-
ation methods, entropy weight -TOPSIS method has strong comprehensive analysis ability
and accuracy when dealing with multi-dimensional and multi-objective evaluation problems.
Table 1 shows the comparative analysis:

The decision tree method is a supervised learning technique used in data mining for prob-
lems with regression and classification. It divides the dataset into smaller groups iteratively to
construct a decision tree. When building a decision tree, each node stands for the feature attri-
bute’s test condition, and each branch represents the feature attribute’s result within a given
value range. A category or a certain number is stored in each leaf node. The Microsoft SQL
Server Analysis Services offers the Microsoft decision tree method, a classification and regres-
sion technique that is particularly well-suited for predictive modeling of discrete and continu-
ous attributes. By constructing a decision tree model, the algorithm divides the feature space of
data instances into several disjoint subsets, and each subset corresponds to a category or
regression value.

The Microsoft decision tree algorithm meticulously plans a number of breaks in the tree
structure to create an effective data mining model. The method adds a new node to the model
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Table 1. Method comparative analysis.

Method Advantages
Decision tree Easy to implement and explain; Suitable for processing large-scale datasets;
algorithm Provide an intuitive understanding of the importance of variables.

Support vector
machine (SVM)

Has strong classification ability in high-dimensional data processing.

Transformer model | Able to process complex sequence data; Effectively capture long-distance

dependencies; Excellent performance in handling large-scale data.

Recurrent neural Has advantages in time series data processing; Suitable for processing

network (RNN) sequential data.
Entropy weight The objective weight calculation and the distance comparison of ideal
-TOPSIS method | schemes are combined. Suitable for multi-dimensional and multi-objective
evaluation problems.
Weighted average Simple to deal with multi-index comprehensive evaluation; Easy to
method implement.

https://doi.org/10.1371/journal.pone.0316537.t001

Disadvantages

Sensitive to noise data; May be over-fitted; For complex problems,
deeper trees may be needed.

The process of model training and optimization is complex; High
requirements for computing resources; It is difficult to process
large-scale data.

High demand for computing resources; Model training time is
long; May be too complex for a small dataset.

Gradient disappearance is easy to occur in long sequence data
processing; Training time is longer.

Need accurate data preprocessing; For data without clear
objectives, the evaluation may not be effective enough.

Depend on the weight set subjectively; It may not fully reflect the
actual importance of evaluation indicators.

whenever it finds a substantial correlation between the input data’s columns and the predict-
able columns. “Feature selection” is a technique used by the Microsoft decision tree algorithm
to help identify the most beneficial qualities. By preventing unnecessary characteristics from
taking up processor time, all of these strategies contribute to increased performance and
higher-quality analysis. The decision tree creation procedure is depicted in Fig 3. In order to
assist users in extracting valuable knowledge and information from massive datasets, this tech-
nique is mostly utilized in the domains of data mining and machine learning.

Prior to engaging in carbon emission data mining, businesses’ carbon emission-related data

must be gathered and sorted. Power generation, fuel consumption, environmental protection
facility operation data, and production process parameters are a few examples of these data
[35, 36]. Preprocessing the data is required to guarantee the precision and efficacy of data min-
ing. This includes data cleansing, unifying the format, handling outliers, and other procedures.

Start
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v
Sample set attribute
partitioning

Y

Is it necessary to continue

dividing?
N vy

Are all attributes of the same
category? v

v
According to the rule of minority obeying majority, the set
category is the class with the highest number of samples

v
Sample set attribute
partitioning
v
Sample set attribute
partitioning
v

End

Fig 3. Decision tree construction process in Microsoft decision tree algorithm.

https://doi.org/10.1371/journal.pone.0316537.g003
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Preparing the data is a crucial first step in the data mining process. This covers tasks like fea-
ture extraction, data conversion, and cleaning. Transformer architecture can handle unstruc-
tured data, including text data. Transformer architecture, a significant advancement in natural
language processing in recent years, offers a fresh viewpoint on evaluating English instruction
since it can manage complicated text material and identify long-term relationships in
sequences. In enterprise carbon emission data mining, a large number of carbon emission data
need to be collected and processed first. These data may include energy consumption, produc-
tion process, equipment status and other information. Because the Transformer model can
process the sequence data, it is necessary to properly preprocess these data, such as time series
transformation and normalization, so that the model can be better understood and processed.
Transformer architecture is the foundation for the construction of a multi-layer encoder-
decoder model. The input text data must be transformed by the encoder into a set of feature
vectors, which the decoder then uses to produce the evaluation results of the students’ learning.
In order to maximize the model’s performance, the parameters and structure are modified
during the model-building process based on the unique requirements. The Transformer
model, which is utilized to describe the dependency between any two points in the sequence, is
based on a self-attention process. The following is the equation used to calculate the attention
weight:
Q T
Attention(Q,K, V) = soﬁmax(ﬁ)V (1)
k

Q is the query matrix. K is the key matrix. V is the value matrix, and dj is the dimension of the
key vector, which is used to scale the dot product to avoid gradient disappearance or gradient
explosion.

Carbon audit evaluation of power industry based on DSR model

In the power industry, the management of carbon emission cost is a multi-dimensional and
whole-process systematic project, and the selection of its indicators must take into account the
comprehensive consideration before, during and after. First, considering pre-control, the
choice of carbon emission cost indicators should be made with the low-carbon development
strategy of the business in mind. This will guarantee that the indicators chosen can effectively
steer the business in the direction of a low-carbon future. This requires enterprises to consider
not only economic benefits, but also the carbon emission cost of projects when formulating
investment strategies, and give priority to those emission reduction technologies or projects
with significant low-carbon benefits and high cost-benefit ratio. Meanwhile, enterprises need
to pay close attention to national and local laws and regulations on carbon emissions to ensure
that the selected indicators meet the policy requirements and avoid compliance risks.

In the process control stage, real-time monitoring and dynamic adjustment of carbon emis-
sion cost is very important. Enterprises need to establish a perfect carbon emission monitoring
system and use advanced information technology to monitor carbon emissions in real time
and accurately. On this basis, enterprises should also regularly carry out cost-benefit analysis,
compare the actual effect of emission reduction measures with the expected goals, and adjust
emission reduction strategies in time to ensure effective control of emission reduction costs
[37, 38]. In addition, enterprises need to strengthen risk management, identify and evaluate
potential risks related to carbon emission costs, such as policy changes and market price fluc-
tuations, and formulate effective countermeasures to ensure the stable operation of
enterprises.
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Table 2. Three control dimensions: Before, during and after.

Quasi hierarchy Index layer
Prior control Environmental protection equipment purchase fee
Low carbon R&D cost ratio
Identify carbon emission source expenditure
Low-carbon training cost ratio
Expenditure related to environmental education
In-process control Carbon emission monitoring fee
Maintenance fee of environmental protection facilities
Cost ratio of carbon emission reduction governance
Excessive carbon emission penalty
Expenditure on technological innovation
Feedback control Carbon emission loss cost rate
Developing low-carbon new customer expenditure
Cost of mass satisfaction survey

Project system implementation cost

https://doi.org/10.1371/journal.pone.0316537.1002

In the post-event control stage, the performance evaluation and continuous improvement
of carbon emission cost is an indispensable part. Enterprises should establish a scientific per-
formance evaluation system to quantitatively evaluate the effect of emission reduction, and
take the evaluation results as the basis for improvement. Through the feedback mechanism,
enterprises can timely understand the effectiveness and shortcomings of emission reduction
work, and provide direction for subsequent improvement. At the same time, enterprises
should actively fulfill their social responsibilities, compile and publish social responsibility
reports and mass satisfaction questionnaires, disclose carbon emission cost information to the
public, and enhance the transparency and social responsibility of enterprises. This will not
only help to enhance the brand image of enterprises, but also set a low-carbon development
model for other enterprises. Table 2 shows the summary of the three dimensions: before, dur-
ing and after.

DSR model is put forward by the United Nations Commission on Sustainable Develop-
ment, which aims to understand and evaluate the impact of social and economic development
on the natural environment through three key dimensions (drivers, state and response), as
well as human responses and countermeasures to these impacts. In the DSR model, the drivers
usually refer to the potential causes or forces that lead to environmental changes in the socio-
economic system. The state refers to the state or characteristics of the system at a certain point
in time, reflecting the results of the system affected by the drivers. Response usually refers to
the policies, technologies and management measures taken by the government, enterprises,
the public and other subjects to cope with environmental changes. The DSR model diagram is
shown in Fig 4.
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Drive (D) ) sponse (R)
< change
. Management strategy

Economic driving consfraint . Environmental status response

fc 3
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Fig 4. DSR model diagram.
https://doi.org/10.1371/journal.pone.0316537.9004
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DSR model aims to understand and evaluate the impact of social and economic develop-
ment on the natural environment through three key dimensions-Drivers, State and response,
as well as the human response and response measures to these impacts. In the DSR model, the
driving factors refer to the potential causes or forces that cause environmental changes. In the
power industry, these factors usually include the adjustment of energy structure, technological
progress and policy environment. For example, the transition from fossil fuel to renewable
energy and the application of carbon capture and storage technology are all important driving
factors. By analyzing these factors, we can identify the main forces that affect carbon emissions
and formulate targeted carbon emission reduction measures. In China, the support of national
policies for the development of clean energy is regarded as a key driver for the transformation
of the power industry. State represents the state or characteristics of the system at a specific
point in time, reflecting the results of the system being affected by driving factors. In carbon
audit evaluation, status mainly refers to the carbon emission status and energy efficiency of
enterprises, such as carbon dioxide, sulfur dioxide and soot emissions, coal consumption rate
of power supply and comprehensive auxiliary power consumption rate of thermal power busi-
ness. These state indicators can effectively reflect the carbon emission level and energy utiliza-
tion of enterprises at different time points. Response refers to the policies, technologies and
management measures taken by the government, enterprises and the public to cope with envi-
ronmental changes. In the power industry, these response measures include the development
and application of clean energy, the implementation of carbon capture and storage technology,
ultra-low emission transformation and environmental protection investment. Through the
analysis of these response measures, people can evaluate the positive actions of enterprises in
reducing carbon emissions and improving energy efficiency and their effects. When applying
DSR model to carbon audit evaluation of power industry, firstly, identify and quantify the
driving factors of power enterprises, such as economic indicators such as total assets, total
profits and power sales, as well as production indicators such as power generation and coal
consumption. Then, according to the analysis results of driving factors, the carbon emission
status of enterprises is evaluated, and environmental performance and energy consumption
are concerned to judge the current situation of enterprises in carbon emission reduction and
energy efficiency improvement. Finally, it analyzes the response measures taken by enterprises
in dealing with carbon emissions, and evaluates their effectiveness, including management
strategies and related indicators of low-carbon governance.

Through the above steps, DSR model can systematically reveal the changing mechanism of
carbon emission in power industry under the action of external driving factors, and how all
parties can promote the adoption of positive measures through feedback mechanism after the
carbon emission status changes, and further promote the development of the whole industry
in the direction of low carbon and environmental protection through virtuous circle mecha-
nism. Based on the actual cases of two electric power enterprises in China, this study con-
structs a carbon audit evaluation index system with 18 indexes, and analyzes it by using
entropy weight -TOPSIS comprehensive evaluation method. This process not only shows the
practical application of DSR model in carbon audit evaluation, but also provides scientific
basis and optimization direction for carbon emission reduction strategy of power enterprises.

Based on the existing DSR model, time series analysis method is introduced to capture the
dynamic changes of carbon emissions in power industry. Time series analysis is to model and
predict the regularity of time series data, thus reflecting the trend and periodic changes of data
over time. In this study, a time series regression model (such as ARIMA model) is used to ana-
lyze the carbon emission data of power enterprises from 2020 to 2022 to identify the dynamic
changes and key driving factors of carbon emissions at different time points. The time series
analysis results of carbon emission data of China Resources Power and Datang International
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Table 3. Time series analysis results of carbon emission data of China Resources Power and Datang International Power Generation Co., Ltd. from 2020 to 2022.

Year Enterprise Drivers D State S Response R Comprehensive evaluation index
2020 China Huarun Electric Power 0.65 0.55 0.45 0.5458
2021 China Huarun Electric Power 0.68 0.60 0.50 0.5800
2022 China Huarun Electric Power 0.70 0.65 0.55 0.6270
2020 Datang international power generation 0.60 0.50 0.30 0.5333
2021 Datang international power generation 0.62 0.55 0.20 0.4658
2022 Datang international power generation 0.64 0.60 0.35 0.5467

https://doi.org/10.1371/journal.pone.0316537.t003

Power Generation Co., Ltd. from 2020 to 2022 is shown in Table 3. According to the time
series analysis results in Table 3, it shows that the comprehensive evaluation index of China
Resources Power presents an increasing trend year by year, from 0.5458 in 2020 to 0.6270 in
2022. This shows that the company has achieved remarkable results in promoting low-carbon
energy and reducing the proportion of thermal power. The increase of driving factor D shows
that the driving force of economy and policy is gradually enhanced, the promotion of state fac-
tor S shows the continuous improvement of carbon emission control, and the steady growth of
response factor R reflects the continuous investment and optimization of low-carbon gover-
nance measures. In contrast, the comprehensive evaluation index of Datang International
Power Generation Co., Ltd. fluctuates greatly, especially in 2021, which is related to the com-
pany’s retrogression in sulfur dioxide and carbon dioxide emission reduction. However, the
company’s index rebounded in 2022, indicating that its carbon emission management effect
has improved after adjusting its management strategy and strengthening investment in envi-
ronmental protection. This result further proves the importance of time series analysis in cap-
turing the dynamic changes of carbon emission management.

D-S mechanism reveals the internal logic of how the carbon emission state of power indus-
try changes under the action of external drivers. The S-R mechanism reflects the process of
how to urge all parties to take active measures through the feedback mechanism after the car-
bon emission status changes in the power industry. The R-D mechanism shows how the
power industry can continuously generate new drivers through the virtuous circle mechanism
after the implementation of the response measures to promote the development of the whole
industry in the direction of low carbon and environmental protection. Based on the cycle
mechanism of DSR model, combined with the characteristics of power industry and the actual
demand of carbon reduction and emission reduction, an evaluation index system with 18 indi-
cators is constructed to comprehensively evaluate the carbon reduction and emission reduc-
tion of power enterprises, as shown in Table 4.

Data mining is a process of discovering hidden information in large datasets through algo-
rithms, which involves many technologies such as pattern recognition, machine learning and
statistical analysis to support problem discovery in specific applications. In this study, machine
learning algorithms such as decision tree method, regression analysis and cluster analysis are
selected to mine and analyze the carbon emission data of power enterprises. Specifically, deci-
sion tree algorithm, as a supervised learning technology, is used to deal with classification and
regression problems. Microsoft decision tree method provided by Microsoft SQL Server Anal-
ysis Services is used, which is suitable for forecasting and modeling of discrete and continuous
attributes. When constructing the decision tree model, each node represents the test condi-
tions of feature attributes, and each branch corresponds to the results within the range of fea-
ture attribute values. According to the characteristics of the dataset, the depth of the tree is
adjusted (the maximum is set to 15), and the minimum sample number of leaf nodes is set to 5
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Table 4. Carbon audit evaluation indicators based on DSR model.

First index Second index Third index
Drivers D Economic D1 Total assets D11
Total profit D12
Electricity sales D13
Sound field D2 Power generation D21
Heat supply D22

Coal consumption D23
State S Environment S1 Smoke emission performance S11
SO2 emission performance S12
CO2 emission performance S13
Energy consumption S2 Power supply coal consumption S21

Comprehensive auxiliary power consumption rate of thermal power
business S22

Response | Management strategy R1 Total soot emission decreased R11
R Total SO2 emission reduction R12
Total CO2 emission reduction R13

Low-carbon governance Ultra-low emission units accounted for R21.
R2 Wind power installed capacity R22

Solar power generation installed capacity R23

Environmental protection investment R23

https://doi.org/10.1371/journal.pone.0316537.t1004

to balance the complexity and accuracy of the model. At the same time, Gini index is used as
the classification standard to optimize the tree construction process. In order to prevent over-
fitting, pruning technology is applied and the minimum information gain threshold (0.01) is
set.

In the construction process, the features that contribute the most to the prediction results
are screened by calculating the importance of features, and the performance of the model is
verified by using the 10-fold cross-validation method, thus improving the robustness and
accuracy of the model. In data preprocessing, firstly, data cleaning, as the first step of prepro-
cessing, aims to remove noise and inconsistent data in the dataset. Through statistical analysis
and visualization methods, abnormal values and unreasonable data are identified. For exam-
ple, for abnormal data such as fuel consumption or power generation, IQR method is used to
detect and eliminate outliers, and repeated detection algorithm is used to eliminate possible
data redundancy. Secondly, the treatment of missing values is also very important, because its
existence may affect the accuracy and robustness of the model. The missing values of the data
are analyzed, and corresponding processing methods are adopted according to the specific
conditions of different characteristics. For key features (such as energy consumption data),
interpolation method is used to fill in missing values to ensure the continuity and accuracy of
data. For a small number of missing non-critical features (such as some equipment status
data), the mean filling method is adopted. In addition, for features with high missing ratio,
people choose to delete these features directly to avoid introducing too much uncertainty.
Finally, after completing data cleaning and missing value processing, the data is standardized.
Because the dimensions and ranges of different features are different, in order to prevent some
features from having too great influence on the results in model training, Min-Max Normali-
zation method is adopted to transform all eigenvalues into the range of [0,1]. At the same time,
for the characteristics of normal distribution, Z-score standardization method is also used to
ensure the uniformity of data and the effectiveness of analysis.
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Through the above steps, it has laid a solid foundation for the subsequent data mining. In
addition, in the application of Transformer architecture, a multi-layer encoder-decoder model
based on self-attention mechanism is constructed to process the sequence data in carbon emis-
sion data. The parameter setting of this model includes the number of self-attention layers is 6,
and the learning rate is 0.001. Adam optimizer is used for training, which aims to capture the
long-range dependence in data and enhance the recognition ability of complex data patterns.
Through the application of these algorithms, the hidden information in carbon emission data
is successfully mined, which provides valuable knowledge support for power enterprises. In
addition, based on the DSR model proposed by the United Nations Commission on Sustain-
able Development and the results of machine learning algorithm, this study constructs a car-
bon audit evaluation system consisting of 18 indicators to effectively evaluate and optimize the
carbon emission management of the power industry. In the process of data analysis, regression
analysis and cluster analysis are used to ensure the scientificity and integrity of the evaluation
system. In the regression analysis, multiple linear regression and LASSO regression (minimum
absolute contraction and selection operator) are used to establish the relationship between car-
bon emission data and various evaluation indexes, and the value of regularization parameter A
is set to 0.1 to balance the model complexity and prediction accuracy. By analyzing the coeffi-
cients of the regression model, the key factors affecting carbon emissions are determined,
which provides targeted suggestions for enterprises’ carbon emission reduction strategies. In
the aspect of clustering analysis, the carbon emission data of power enterprises are classified by
K-means algorithm, and the number of clusters K is set to 3, and the best number of clusters is
selected by elbow rule and contour coefficient analysis. This analysis makes it possible to iden-
tify enterprises that have outstanding performance in carbon emission reduction and those
that need improvement, thus providing a basis for further carbon management strategy
optimization.

There are significant differences in energy structure, economic development level and envi-
ronmental policies in different regions, which challenges the effectiveness of carbon footprint
management model. In some developing countries, such as South Africa and India, fossil fuels
are still the main energy source. Therefore, carbon emission control strategies should focus on
improving the efficiency of fossil fuels and promoting clean energy substitution. In contrast, in
Europe and other places, with the progress of renewable energy technology, the policy focus
has shifted to promoting the large-scale application of renewable energy. Therefore, the pro-
posed carbon footprint management model has certain flexibility, and can adapt to the specific
conditions of different regions by adjusting the input parameters to achieve more accurate car-
bon emission prediction and management. When building a carbon footprint calculation
model based on big data and Al technology, this study pays special attention to collecting and
processing a variety of key data, including but not limited to fuel types (such as coal, natural
gas, nuclear energy and renewable energy), power generation, power generation efficiency,
equipment operation status and geographical location. The accurate acquisition and process-
ing of these data is the basis to ensure the accuracy and reliability of the model. For coal-fired
power plants, the proportion of different quality coal and its corresponding carbon emission
coefficient are recorded in detail. For wind power station, the influence of wind speed change
on power generation efficiency is considered.

Results and discussion
Raw data standardization processing

This study uses the carbon audit evaluation index system of the power industry, constructed in
Table 4, along with the comprehensive evaluation method of entropy weight—TOPSIS to
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Fig 5. Data standardization results of China Resources Power enterprise.
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explore measures to ensure the effective application of the carbon audit evaluation index sys-
tem. The study uses two power companies, China Resources Power and Datang International
Power Generation Co., Ltd., as examples. It analyzes the effectiveness of carbon reduction and
emission reduction in detail. Through the flush database and the official website of each enter-
prise, the original data from 2020 to 2022 needed to build the index system are obtained.
Because each evaluation index’s nature and unit may vary, dimensionless original data must be
used while building the carbon audit assessment index system for the power sector. Figs 5 and
6 display the two enterprises’ standardized matrices.

Comprehensive evaluation of carbon governance in electric power
enterprises

Figs 7 and 8 show the comprehensive evaluation results of China Resources Power and Datang
International Power Generation Co., Ltd. from 2020 to 2022, and the index statistical results of
each dimension evaluation. It shows that the comprehensive evaluation index of China
Resources Power rose from 0.5458 in 2020 to 0.627 in 2022. This is mainly due to a series of
positive measures taken by the company in clean energy investment, such as vigorously devel-
oping hydropower, wind power and photovoltaic projects, among which the construction of
Jiangsu Lianshui wind farm has significantly reduced carbon emissions. China Resources
Power gradually reduced the proportion of thermal power generation by vigorously promoting
clean energy, such as hydropower, wind power and photovoltaic, thus significantly reducing
carbon emissions. For example, Jiangsu Lianshui Wind Farm built by this enterprise has an
annual power generation of 1.19 billion kWh, which can replace standard coal consumption
by 11,700 tons and reduce carbon dioxide emissions by 26,000 tons. In addition, China
Resources Power also actively invests in new energy projects, such as Chibi million-kilowatt
new energy base, fishery and light complementary power generation project, etc. These proj-
ects not only provide a lot of green energy, but also significantly reduce carbon dioxide emis-
sions. The comprehensive evaluation index of Datang International Power Generation Co.,

PLOS ONE | https://doi.org/10.1371/journal.pone.0316537  January 3, 2025 17/26


https://doi.org/10.1371/journal.pone.0316537.g005
https://doi.org/10.1371/journal.pone.0316537

PLOS ONE Artificial intelligence Enhancement of carbon footprint management model of power enterprises

—=—2020
—e—2021

[~—db=—2022

S22 $21 S13

Fig 6. Data standardization results of Datang International Power Generation Co., Ltd.
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Ltd. is fluctuating, and it dropped to 0.4658 in 2021. It reflects the challenges it faces in carbon
emission reduction. Especially in the response dimension, the company’s poor performance in
sulfur dioxide (SO,) and carbon dioxide (CO,) emission reduction led to a significant decline
in the evaluation index. This phenomenon can be partly attributed to changes in the external
policy environment, such as the adjustment of emission reduction policies in some regions
and the impact of power market fluctuations on the carbon emission costs of enterprises. In
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addition, the management strategies of enterprises in equipment maintenance and investment
in environmental protection facilities may also be insufficient, resulting in poor performance
in emission reduction. State dimension indicators have performed well in recent years, and the
evaluation indexes have all reached above 0.7. In the response dimension, enterprises have
encountered significant challenges. Especially in 2021, the evaluation index of this dimension
dropped to 0.1955, when analyzing the potential influencing factors, the successful experience
of China China Resources Power mainly benefits from its large-scale investment in clean
energy projects, such as Lianshui wind farm built in Jiangsu and the million-kilowatt new
energy base in Chibi, Hubei. These projects not only provide a lot of green energy for the com-
pany, but also significantly reduce coal consumption and carbon dioxide emissions. However,
the volatility performance of Datang International Power Generation Co., Ltd. reflects its lack
of flexibility and adaptability in response to market and policy changes, especially in 2021, its
strategy adjustment in SO, and CO, emission reduction is not in place. After in-depth analysis
of the reasons, it is considered that China Electric Power Resources Company can effectively
reduce carbon emissions while the evaluation index is rising, mainly because of its strategic
investment in clean energy, which gradually reduces the proportion of thermal power and
increases the proportion of wind power and photovoltaic power generation, thus effectively
reducing carbon emissions. In contrast, the progress of Datang International Power Genera-
tion Co., Ltd. is relatively slow, and the implementation effect of its carbon emission reduction
measures failed to meet expectations, which may be due to its dependence on existing technol-
ogies and its untimely response to environmental policies. Based on the above analysis results,
specific management suggestions are put forward for the two companies. For China Electric
Power Resources Company, it is suggested to continue to strengthen investment in clean
energy projects, further optimize the existing energy structure, and improve the real-time and
accuracy of carbon emission monitoring to ensure the effectiveness of emission reduction
measures. For Datang International Power Generation Co., Ltd., people should focus on
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Table 5. Data comparison results before and after the improvement of carbon audit evaluation system of power enterprises in China and other countries.

Index Before improvement After improvement Before improvement (other After improvement (other
(China) (China) countries) countries)

Total carbon emissions (ten thousand tons) 5000 4000 4800 3600
Accuracy of carbon audit (%) 70 85 75 90
Investment in low-carbon technology (100 20 50 25 55

million yuan)

Carbon emission intensity (ton/GWh) 0.8 0.6 0.75 0.55

Proportion of clean energy (%) 25 35 30 40

https://doi.org/10.1371/journal.pone.0316537.t1005

improving the investment in environmental protection technology and strengthening the
rapid response to policy changes, especially in the field of sulfur dioxide and carbon dioxide
emission reduction technology. It is suggested to speed up the technology update and manage-
ment optimization to ensure that the expected emission reduction targets can be achieved.

Table 5 shows the data comparison results before and after the improvement of carbon
audit evaluation system of power enterprises in China and other countries:

Table 6 shows the changes of carbon audit evaluation indexes of China’s electric power
enterprises (China Electric Power Company and Datang International Electric Power
Company):

Under the background that the current carbon audit evaluation system and standards are
not perfect, it is suggested to further improve these systems and standards in combination
with the actual situation and advanced experience at home and abroad. By analyzing the data
in Tables 5 and 6, the improvement of the system and standards has significantly improved the
performance and effect of carbon audit in China’s power enterprises. According to the data in
Table 5, before the improvement, the total carbon emission of China’s power enterprises is 50
million tons, the accuracy of carbon audit is 70%, the investment in low-carbon technology is
2 billion yuan, the carbon emission intensity is 0.8 tons/GWh, and the proportion of clean
energy is 25%. After the improvement, these indicators have been significantly improved. The
total carbon emission decreased to 40 million tons, the accuracy of carbon audit increases to
85%, the investment in low-carbon technology increases to 5 billion yuan, the carbon emission
intensity decreases to 0.6 tons/gwh, and the proportion of clean energy increases to 35%.
These data show that the improved carbon audit evaluation system has made remarkable prog-
ress in carbon emission control and low-carbon technology investment in China’s power

Table 6. Changes of carbon audit evaluation indexes of China’s electric power enterprises (China Electric Power Company and Datang International Electric
Power Company).

Index China Electric Power China Electric Power Datang International Electric Datang International Electric
Company (2020) Company (2022) Power Company (2020) Power Company (2022)
Overall evaluation index 0.5458 0.627 0.5237 0.4958
Carbon emission reduction (ten 200 350 180 150
thousand tons)
Installed capacity of clean 5000 7000 4500 4600
energy (10,000 kilowatts)
SO2 emission reduction (ten 50 70 40 35
thousand tons)
CO2 emission reduction (ten 300 400 250 200
thousand tons)
Accuracy of carbon audit (%) 72 85 68 75

https://doi.org/10.1371/journal.pone.0316537.t1006
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enterprises, which reflects the effectiveness of the system improvement. Further analysis of the
data in Table 6 shows the changes of carbon audit evaluation indexes of China Electric Power
Company and Datang International Electric Power Company between 2020 and 2022. The
overall evaluation index of China Electric Power has increased from 0.5458 in 2020 to 0.627 in
2022, the carbon emission reduction has increased from 2 million tons to 3.5 million tons, and
the installed capacity of clean energy has increased from 50 million kilowatts to 70 million
kilowatts. These data show that after the implementation of improvement measures, China
Electric Power Company has significantly improved the accuracy and effect of carbon audit,
and made remarkable progress in carbon emission reduction and clean energy investment. In
contrast, the overall evaluation index of Datang International Power Company has decreased
from 0.5237 to 0.4958. Although the accuracy of its carbon audit has also improved, the reduc-
tion of carbon emissions and the installed capacity of clean energy have changed little. This sit-
uation shows that although Datang International has improved the accuracy of carbon audit, it
faces certain challenges in actual carbon emission reduction and clean energy investment.
These data support the conclusion that there is still room for improvement in the current car-
bon audit evaluation system and standards.

By further optimizing the carbon audit system and combining the advanced experience in
China and other countries, people can better meet the actual needs of power enterprises and
improve the accuracy and effectiveness of carbon audit. The improved system can not only
evaluate carbon emissions more accurately, but also promote enterprises to make greater prog-
ress in low-carbon technology investment and clean energy transformation, thus promoting
the green development of the whole industry. Specifically, firstly, it is necessary to deeply ana-
lyze the operating characteristics of power enterprises and the specific links of carbon emis-
sions, and clarify the key indicators of carbon audit evaluation. These indicators should cover
all aspects of power production, transmission and distribution, consumption and so on to
ensure that the evaluation system can fully capture the carbon emissions of enterprises. For
example, indicators such as carbon emission intensity per unit power generation, clean energy
ratio, carbon capture and storage capacity can be considered. Secondly, it draws on advanced
theoretical frameworks such as the DSR model to construct a structured carbon audit evalua-
tion system. DSR model provides a systematic analysis framework for carbon emission man-
agement by identifying drivers, evaluating current state and analyzing response measures. In
the power industry, the drivers may include energy structure, technological progress and pol-
icy environment. The state involves carbon emissions, energy efficiency and other indicators.
The response measures include the development of clean energy and the application of energy
saving and emission reduction technologies. Furthermore, people should make full use of
international authoritative data sources such as IEA CO, Emissions Database and refer to
their carbon emission factors and accounting methods to formulate unified and standardized
carbon footprint accounting standards. This not only helps to improve the accuracy of carbon
audit, but also enhances the comparability of carbon emission data between different enter-
prises. In addition, a set of transparent reporting guidelines should be established to clarify the
collection, calculation and reporting process of carbon emission data, as well as the third-party
audit and verification mechanism. This will help to improve the transparency and credibility
of carbon audit and promote the trust among enterprises, government and the public. Finally,
the improvement of the evaluation system and standards should be a dynamic process, which
needs to be updated and adjusted regularly according to the development trend of the indus-
try, technological progress and policy changes. At the same time, experts and scholars, business
representatives and policy makers inside and outside the industry are encouraged to partici-
pate in the construction and improvement of the evaluation system to ensure that the evalua-
tion system is scientific, practical and forward-looking.
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Conclusions

In light of the dire consequences of climate change, power enterprises’ carbon footprint man-
agement is critical to reaching the “double carbon” objective since it is one of the primary
areas of energy consumption and carbon emissions. Based on the carbon footprint manage-
ment of power enterprises, this study constructs a scientific and systematic carbon footprint
management index system by integrating big data, Al and advanced carbon audit evaluation
model, aiming at providing strong support for power enterprises to formulate more accurate
and effective carbon emission reduction strategies. The carbon footprint calculation model of
power enterprises is effectively created using Al and big data technologies. The model can
accurately collect and calculate the carbon emission data of the whole chain and multi-dimen-
sions of power enterprises, which lays a solid foundation for further in-depth analysis and
strategy formulation. Through this model, people can not only clearly grasp the total amount
and structure of carbon emissions of power enterprises, but also deeply analyze the contribu-
tion of different links and factors to carbon emissions. It offers a solid scientific foundation for
developing emission reduction plans. The carbon emission data of power enterprises is thor-
oughly mined and analyzed using a machine learning algorithm, which effectively identifies
the important factors influencing carbon emission and the potential for emission reduction.
With the introduction of the DSR model, the industry’s reaction strategies to reduce carbon
emissions, as well as the factors driving carbon emissions, can all be completely reflected. This
offers a more thorough and in-depth perspective for evaluating carbon audits.

In this study, a carbon footprint management model of power enterprises based on Al is
proposed, and it is analyzed with the data of IEA CO, emission database. Compared with the
existing literature, this study has some innovative contributions. Firstly, Al technology is intro-
duced into the carbon footprint management model for the first time, and an accurate carbon
footprint calculation model is established through big data and machine learning algorithm.
This model not only improves the accuracy of carbon footprint calculation, but also effectively
excavates the key factors affecting carbon emissions, which provides scientific decision support
for power enterprises to reduce emissions. Secondly, based on the DSR model, a comprehen-
sive carbon audit evaluation index system is constructed, which can systematically evaluate the
performance of power enterprises in carbon emission reduction and reveal the existing prob-
lems and shortcomings. This evaluation system fills the shortcomings of the current carbon
audit evaluation standards and provides new ideas and methods for future carbon footprint
management. In addition, in the process of data analysis, entropy weight method and TOPSIS
comprehensive evaluation method are comprehensively applied, which makes the results of
carbon audit evaluation more objective and reliable. The effectiveness of this method in carbon
footprint management is successfully proved by verifying the actual data of China electric
power enterprises. The results of this study have important practical application value for car-
bon footprint management of power enterprises. Firstly, through the carbon footprint man-
agement model, power companies can accurately evaluate their carbon emission levels, and
formulate scientific emission reduction strategies according to the results provided by the
model to identify the main carbon emission sources and take effective measures to reduce car-
bon emissions to achieve green production and sustainable development. Secondly, the pro-
posed carbon audit evaluation system based on DSR model provides a systematic carbon
emission evaluation tool for power enterprises, enabling them to conduct carbon audits regu-
larly, find and solve problems in the process of carbon emission reduction in time, and
improve the transparency and accuracy of carbon management. In addition, the model and
evaluation system in this study not only have a guiding role for enterprises, but also provide
data support for government departments to formulate carbon emission policies, help them
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evaluate the implementation effect of policies more accurately, and adjust and optimize rele-
vant policies accordingly. Although this study mainly focuses on the carbon footprint manage-
ment of electric power enterprises in China. An efficient and accurate carbon footprint
calculation model is constructed by introducing Al technology and machine learning algo-
rithm. It is realized that this model may have some limitations in adapting to the energy struc-
ture and regulatory environment of different countries and regions. There are significant
differences in energy consumption patterns, technical levels, economic conditions and envi-
ronmental policies among countries, which may affect the applicability and forecasting accu-
racy of the model. Some countries may be more dependent on fossil fuels, while others may
have a higher proportion of renewable energy. In addition, different regulatory frameworks
also have an important impact on carbon emission management. Therefore, when the pro-
posed carbon footprint management model is applied to other countries and regions, it needs
to be adjusted and optimized according to the local specific conditions. This may involve the
selection of model input parameters, the modification of weight distribution methods and the
re-identification of carbon emission drivers in specific situations. Nevertheless, this study pro-
vides a flexible and extensible basic framework, which provides a useful reference for future
carbon footprint management research in different backgrounds.

Although some achievements have been made, there are still some shortcomings. Firstly,
the existing carbon footprint management models are mostly based on traditional statistical
methods and empirical equations, and it is difficult to comprehensively and accurately reflect
the carbon emissions of power enterprises. Secondly, the application of Al in carbon footprint
management is still in its infancy, and a systematic solution and a mature application model
have not yet been formed. In addition, the current research lacks a carbon footprint manage-
ment model and emission reduction strategy for the characteristics of power enterprises,
which is difficult to meet the actual needs of low-carbon transformation in the power industry.
In view of these shortcomings, the future research can be prospected from the following
aspects. First, it can further optimize and improve the carbon footprint management model,
and develop more accurate and scientific carbon emission calculation methods in combination
with the specific characteristics of power enterprises. In order to increase the precision of car-
bon emission forecast and analysis, the second is to encourage the extensive use of Al technol-
ogy in carbon footprint management. This involves investigating more effective data
processing and pattern recognition algorithms. Through these efforts, it is expected to provide
more powerful support and guidance for the low-carbon transformation of power enterprises
and even the whole society. Future research can further optimize the carbon audit evaluation
system, combine more advanced theoretical framework and actual situation, and formulate
more accurate carbon footprint management standards. At the same time, attention should be
paid to the introduction of international standards to improve the accuracy and comparability
of carbon emission data. In addition, future research can also explore how to use Al technol-
ogy to further improve the accuracy and efficiency of carbon emission management.
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