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Abstract: In order to solve the problems of low factor coverage and low factor
comprehensiveness existing in the traditional hierarchical classification method
of carbon emission factors, a hierarchical classification method of dynamic
carbon emission factors based on improved support vector machine is
proposed. Firstly, collect dynamic carbon emission data and pre-process the
data, calculate the contribution of each factor to the change of total carbon
emission according to LMDI decomposition method, and determine the weight
of each dynamic carbon emission factor. Introduce kernel function into OC-
SVM algorithm in improved support vector machine, map dynamic carbon
emission factors to high-dimensional space, and update the optimal hyperplane
position with disturbance factors to realise hierarchical classification of
dynamic carbon emission factors. The experimental results show that the factor
coverage rate of the proposed method is above 90%, the highest factor
comprehensiveness can reach 95%, and the practical application effect is good.
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1 Introduction

With the increasing severity of global climate change, carbon emissions have become a
focus of international attention. Accurately measuring and effectively controlling carbon
emissions is particularly crucial in addressing the challenges of climate change (Shi et al.,
2023). From a macro perspective, the rapid growth of industrialisation and energy
consumption worldwide is the main reason for the surge in carbon emissions (Gao et al.,
2023). The industrialisation process has driven large-scale industrial production
activities, which are often accompanied by high energy consumption and emissions,
leading to a significant increase in carbon emissions. At the same time, with population
growth and improved living standards, global energy demand is also continuously
increasing, which further exacerbates the problem of carbon emissions (Li et al., 2023).
The differences in economic development level, industrial structure, and energy structure
among different countries and regions result in significant regional and industry
characteristics in the distribution and changes of carbon emission factors. Developed
countries, due to their earlier industrialisation, tend to focus more on areas with high
added value and low energy consumption, resulting in relatively low overall levels of
carbon emission factors (Xu et al., 2023). In the process of industrialisation, developing
countries often rely on high energy consuming and high emission industries, resulting in
a higher overall level of carbon emission factors. The dynamic carbon emission factor, as
an important indicator for measuring carbon emissions, is of great significance for
in-depth understanding of the spatiotemporal changes in carbon emissions and the
development of scientific emission reduction strategies. It helps to reveal the inherent
laws and influencing factors of carbon emissions in different regions and industries, and
provides scientific basis for formulating targeted emission reduction policies.

Many experts in related fields have conducted in-depth research on the issue of
carbon emission factors. Hu et al. (2022) studied the coupling and coordination
relationship of carbon emissions from land use, constructed an evaluation index system
for the ‘Three Lives’ function, analysed changes in the spatial pattern of land use, and
used direct/indirect carbon emission calculation methods to calculate the spatiotemporal
distribution characteristics of carbon emissions from land use with the ‘Three Lives’
function; Finally, the coupling coordination degree model is used to coordinate and
divide the regional carbon emission impact factors. However, during the testing process,
it was found that this method has a problem of low factor comprehensiveness and a
significant gap compared to research expectations. Zhao et al. (2022) estimated the
TSCDEE of 30 provinces in China from 2010 to 2016 based on the measurement data
envelopment analysis model. By utilising the spatial Durbin model, conduct in-depth
analysis on the factors affecting carbon emissions. Dividing multiple influencing factors
and distinguishing between those with significant positive and significant negative
impacts on TSCDEE is beneficial for improving carbon emission control efficiency.
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However, after analysis, it is known that the factor coverage of this method is relatively
low, and the actual application effect is not good. Under the consideration of land use
change and its related impacts on the carbon metabolism system, Liang et al. (2023)
calculate the overall situation and spatial distribution evolution of carbon metabolism in
urban agglomerations by combining carbon emission/storage accounting and ecological
network analysis. Based on the carbon flow caused by land use change, the spatial
distribution trend of carbon emissions is analysed, which is conducive to early detection
of carbon emission transfer and imbalance of carbon metabolism. However, in practical
applications, it has been found that the factor coverage and factor comprehensiveness of
this method are relatively low, and the actual application effect is not good.

SVM, as a supervised learning model based on statistical learning theory, has
excellent classification and regression analysis capabilities. It can achieve data
classification by finding the optimal hyperplane, which makes it significantly
advantageous in processing high-dimensional and nonlinear data. In the study of dynamic
carbon emission factors, the changes in carbon emission factors are often influenced by
multiple factors, and there may be complex nonlinear relationships between these factors.
The OC-SVM improved SVM method can better handle these nonlinear relationships and
is more suitable for classification problems of unlabeled data. It can only use positive
examples (target class) samples for learning and effectively stratify dynamic carbon
emission factors based on the position of the hyperplane. Therefore, based on the
advantages of improved SVM in classification, this article applies it to carbon emission
research and designs a new dynamic carbon emission factor hierarchical classification
method.

2 Dynamic carbon emission factor hierarchical classification method

2.1 Dynamic carbon emission data collection and pre-processing

Carbon emission data is the basis for conducting carbon emission related analysis.
Whether studying the dynamic changes and influencing factors of carbon emissions, or
formulating emission reduction strategies, accurate and comprehensive data is needed as
support. Layered and graded research requires in-depth analysis of data at different levels
and dimensions (Chen et al., 2023). By collecting carbon emission data, carbon emissions
from different industries, regions, and time periods can be obtained, enabling detailed
analysis of carbon emission factors at different levels and dimensions. Carbon emissions
are a dynamic process that is influenced by various factors (Qian et al., 2022). When
studying carbon emission patterns, it is crucial to consider the temporal dynamics of
dynamic carbon emission factors. By analysing in depth how these factors change over
time, more detailed insights into carbon emission trends and patterns can be obtained.
This analysis not only reveals the long-term trends and cyclical changes in carbon
emissions, but also helps identify potential mutation points, providing important basis for
formulating long-term stable emission reduction strategies. The dynamic carbon emission
factor not only reflects the carbon emission efficiency at a specific time point, but is also
influenced by various factors, such as power generation structure, fuel type, technological
progress, seasonal changes, etc. Therefore, by collecting historical data and determining
the time series of dynamic carbon emission factors, we can better understand how these
factors evolve over time, thereby affecting the overall pattern of carbon emissions. This
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detailed analysis not only helps to identify the main sources and driving factors of carbon
emissions, but also provides strong scientific basis for optimising energy structure and
promoting low-carbon economic development. Compared to static data, dynamic data can
better reflect the actual carbon emissions situation. Because carbon emissions are
influenced by various factors, such as production activities, energy consumption, weather
conditions, etc., changes in these factors can lead to fluctuations in carbon emissions
(Xiao et al., 2023). Through dynamic data collection, these changes can be more
accurately captured, thereby improving the accuracy of carbon emission calculations.
Therefore, this article comprehensively collects and organises urban dynamic carbon
emissions data from multiple dimensions, including energy types and consumption,
industrial processes, transportation, construction and real estate, agricultural production,
regional and climate factors.

1 Energy types and consumption: Different types of energy (such as coal, oil, natural
gas, renewable energy, etc.) will generate different amounts of carbon emissions
during combustion or use (Song et al., 2023). Therefore, the dynamic carbon
emission factors for each energy source will vary. Energy consumption is also a key
factor affecting dynamic carbon emission factors. As energy consumption increases
or decreases, carbon emissions will also change accordingly.

2 Industrial process: Many processes in industrial production, such as steel
manufacturing, cement production, chemical synthesis, etc., generate a large amount
of carbon emissions (Lin and Teng, 2022). The dynamic carbon emission factors of
these processes are influenced by various factors such as raw material types,
production efficiency, and technological level.

3 Transportation: Transportation is one of the main sources of carbon emissions,
including cars, airplanes, trains, ships, etc. Different types of transportation,
transportation distance, load capacity, and driving speed can all affect their dynamic
carbon emission factors (Zhu et al., 2023b).

4 Construction and real estate: The construction and use of buildings involve a
significant amount of energy consumption and carbon emissions, such as heating,
cooling, lighting, etc. Therefore, the selection of building materials, building design,
energy efficiency standards, etc. will all affect their dynamic carbon emission factors
(Niemeijer and Buijs, 2023).

S5 Agricultural production: Land use, fertiliser use, and animal husbandry in
agricultural activities all generate carbon emissions. Factors such as agricultural
production methods, land use patterns, and crop types can all affect their dynamic
carbon emission factors.

6  Regional and climatic factors: Climate, environmental conditions, and energy
structure in different regions can affect dynamic carbon emission factors (Liu et al.,
2022). For example, cold regions may require more heating energy, while hot
regions may require more cooling energy.
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Dynamic carbon emission factors under different dimensions

Dimension (x)

Dynamic carbon emission factor (y)

Energy types
and
consumption

(x1)

Industrial
process (x2)

Transportation

(x3)

Construction
and real estate

(x4)

Agricultural
production

(xs)

Regional and
climatic
factors (x6)

Carbon emission factors from coal, oil, and natural gas combustion (y1)
Renewable energy (wind, solar) carbon emission factors (32)

Total energy consumption and carbon emission factors (y3)

Carbon emission factor for energy consumption per unit GDP (y4)

Carbon emission factors in high-energy consuming industries such as steel,
cement, and chemical industry (ys)

Overall carbon emission factors for the manufacturing industry (ye)
Carbon emission factor per unit product (y7)

Production process technical efficiency carbon emission factor (ys)
Carbon emission factors for industrial waste treatment (y9)

Carbon emission factors for private cars (yi0)

Carbon emission factors for public transportation (such as subways and buses)
o)

Air transport carbon emission factors (y12)

Carbon emission factors for railway transportation (y13)

Carbon emission factors for ship transportation (yi4)

Carbon emission factors for logistics transportation (y1s)

The impact factors of traffic congestion on carbon emissions (vi6)
Carbon emission factors for building material production (y17)
Carbon emission factors during construction process (y1s)

Carbon emission factors for building heating (y19)

Carbon emission factor for building refrigeration (y20)

Carbon emission factors for building lighting (y21)

Building energy efficiency carbon emission factors (y22)

Carbon emission factors for building demolition and waste disposal (y23)
Carbon emission factors from farmland cultivation (y24)

Carbon emission factors for crop production (325)

Carbon emission factors in animal husbandry (including feed production,
animal digestion processes, etc.) (26)

Carbon emission factors for agricultural waste treatment (y27)
Carbon emission factors of agricultural mechanisation (y2s)
Carbon emission factors for farmland irrigation (y29)
Regional energy structure carbon emission factors (y30)

The impact factors of climate change on energy consumption and carbon
emissions (y31)

The impact factors of extreme climate events (such as heat waves and cold
waves) on carbon emissions (v32)

The impact factors of urban heat island effect on carbon emissions (y33)

Factors related to regional economic development level and carbon emissions

(v34)
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The specific dynamic carbon emission factors included in each dimension are shown in
Table 1.

In order to improve data quality, it is necessary to integrate carbon emission data
from different sources, formats, and time scales to form a unified dataset. Based on the
principles of accuracy, consistency, completeness, and traceability, the collected dynamic
carbon emission data needs to be pre-processed by using minimum maximum
normalisation to eliminate the influence of dimensions and units between dynamic carbon
emission data in different dimensions. In order to ensure the accuracy and
comprehensiveness of the hierarchical classification of dynamic carbon emission factors
in different dimensions, redundant and invalid parts are removed from the normalised
dynamic carbon emission data to ensure data quality.

Due to the wide range of data sources and complex data types collected from various
dimensions containing dynamic carbon emission factors, different dimensions of carbon
emission factor data may have different dimensions and ranges. Directly stratifying and
grading can affect the accuracy of research results. Therefore, it is necessary to
pre-process the data corresponding to the collected dynamic carbon emission factors.
Normalisation is a method of converting data into a common scale, allowing for
comparison and weighting between different indicators. Using minimum maximum
normalisation to eliminate the influence of dimensions and units on dynamic carbon
emission data under different dimensions.

The collected raw dynamic carbon emission data is represented by A;y, and the

minimum maximum normalisation is used to normalise A, . The calculation formula can

be expressed as:

4,, — A4, (min)

Ay =—7" )
Xy R
4, (max) — 4, (min)

In the formula, A, represents the y-th dynamic carbon emission data in the x-th
dimension after normalisation. A,(min) and A,/(max) represent the minimum and
maximum values in dynamic carbon emission data under different dimensions,
respectively.

After completing the normalisation process, further data pre-processing measures
need to be taken to ensure the accuracy and comprehensiveness of the hierarchical
classification of dynamic carbon emission factors in different dimensions. Although
normalisation can eliminate dimensional differences between different data and make
them comparable, it cannot fully guarantee the quality of the data. Therefore, in order to
avoid overly relying on certain significant features and ignoring other equally important
information during the hierarchical classification process, it is necessary to remove
redundant and invalid parts from the normalised dynamic carbon emission data
(Ramanath et al., 2023). Through data cleaning, duplicate records can be identified and
deleted, which may arise due to data entry errors or duplicate collection. They not only
increase the complexity of the analysis, but may also introduce bias. At the same time, it
is necessary to identify and process invalid data, which may lose analytical value due to
measurement errors, missing values, or outliers. Through this series of data cleaning
operations, it is possible to ensure that the data used is more accurate, complete, and
reliable, laying a solid foundation for subsequent dynamic carbon emission factor
stratification and grading. The calculation formula for data cleaning can be expressed as:
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D=4, -[1-C(b)] @

In the formula, D represents the dynamic carbon emission factor data that has completed
pre-processing. C represents redundant information contained in the data. b represents the
level of redundancy in dynamic carbon emission data that contains redundant
information.

By calculating the above content, the pre-processing of dynamic carbon emission
factor data under different dimensions can be completed.

2.2 Construction of LMDI model for dynamic carbon emission factors

The LMDI model is a factor decomposition method developed based on the exponential
decomposition method, which can effectively analyse and evaluate the carbon emission
changes of individual regions or cities and the effects of external factors. This model can
conduct in-depth research on the dynamic changes of carbon emissions from multiple
levels and perspectives, providing a powerful tool for hierarchical research. At the same
time, the LMDI model has advantages such as fully decomposable factors and no residual
terms, which means it can more accurately identify and analyse various factors affecting
carbon emissions, thereby more accurately revealing the internal mechanisms of carbon
emission changes, and has good adaptability and flexibility. It can be customised for
analysis according to different research purposes and data characteristics (Zhu et al.,
2023a). This enables it to conduct targeted analysis based on different levels and levels in
the study of dynamic carbon emission factor stratification, thereby drawing more accurate
and in-depth conclusions.

Therefore, this article uses the LMDI model to conduct in-depth analysis of dynamic
carbon emission factors. When constructing the LMDI model, the first step is to
determine the total carbon emissions and decomposition factors (such as energy types and
consumption, industrial production processes, and other dimensional factors). Assuming
the total carbon emissions are, the decomposition factors include including energy types
and consumption E, industrial processes /, transportation 7, construction and real estate
B, agricultural production S, regional and climate factors R. According to the LMDI
method, the calculation formula for the change in total carbon emissions is as follows:

AX =(X, _Xf—')xzxzv(xl 2, 25 + X, + X5+ X6 )XV (V) (3)

In the formula, X; represents the total carbon emissions in year ¢. X, represents the total
carbon emissions in year ¢ — 1. Ex; represents the total carbon emissions in the energy
types and consumption. Ix, represents the consumption in the industrial processes. T3
represents energy consumption in the transportation. Bxs represents the total carbon
emissions in the dimensions of construction and real estate. Sxs represents the
consumption in the dimension of agricultural production. Rxs represents the total carbon
emissions in the dimensions of regional and climate factors. V(y) represents the total
coefficient of carbon emission factors.
Decompose the total carbon emissions X into the product of various factors:

X =EXIXTXBXSXR “4)

This equation indicates that the total carbon emissions are determined by a combination
of energy types and consumption, industrial processes, transportation, construction and
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real estate, agricultural production, regional and climate factors. Using the LMDI
method, decompose the change in total carbon emissions AX into the sum of
contributions from various factors:

AX = AXE + AXT + AXT + AXB + AXS + AXR ®)

In the formula, AXE represents the contribution of changes in energy types to changes in
total carbon emissions. AX/ represents the contribution of changes in industrial
production processes to changes in total carbon emissions. AXT represents the
contribution of changes in transportation to changes in total carbon emissions. AXB
represents the contribution of changes in construction and real estate to changes in total
carbon emissions. AXS represents the contribution of changes in agricultural production
to changes in total carbon emissions. AXR represents the contribution of regional and
climate factors to changes in total carbon emissions.

The contribution of each factor change can be calculated using the following formula:

X - X
L()@)@FM (©6)
hl(Xt _Xt—l)
7!
AX, :L(XZ,X[_I)Xwixln(ﬁJ @)

In the formula, L(X; X.1) represents the logarithmic mean weight function, and the
logarithmic operation is based on the natural logarithm (i.e., the logarithm with a base of

e). w; represents the weight of the i-th factor. Z/ and Z/ ! represent the values of the i-th

factor in year ¢ and year ¢ — 1, respectively. The calculation process of dynamic carbon
emission factor weights is as follows:

1 Collect all carbon emission data related to products or services, including energy
consumption and emission data for various stages such as raw material extraction,
production, transportation, use, and waste disposal.

2 Determine carbon emission factors: determine the corresponding carbon emission
factors for each link.

3 Calculate total emissions: multiply the carbon emission factors of each link by the
corresponding activity level (such as energy consumption, product production, etc.),
and then accumulate to obtain the total carbon emissions.

4  Determine weight: determine the weight of each link based on its proportion in the
total emissions. Considering changes in technology and market conditions, regularly
update carbon emission factors and activity level data to ensure the accuracy and
timeliness of weights.

The use of LMDI decomposition method to calculate factor weights is an effective tool
for analysing the dynamic changes of complex systems such as economic growth and
energy consumption. This method can accurately quantify the contribution of different
factors to overall changes and provide valuable references for policy makers. However, in
order to further enhance the reliability and robustness of the results, sensitivity analysis of
the calculated factor weights is crucial. Sensitivity analysis can reveal the degree of
impact of different weight changes on the overall results, helping to identify sensitive
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factors that have a significant impact on the dynamic changes of the system. That is,
according to the actual situation and research needs, the range of weight changes for each
factor is set. By adjusting the weight of each factor, recalculate the results of the LMDI
decomposition method, and observe the extent to which this change affects the overall
economic indicators. Based on the calculation results, identify the sensitive factors that
have a significant impact on the overall economic indicators. These factors are the ones
that we need to pay special attention to when making policies and decisions.

By following the above steps, the construction of the LMDI model for dynamic
carbon emission factors can be completed, decomposing the changes in total carbon
emissions into the contributions of various factor changes.

2.3 Dynamic carbon emission factor weighting

Empowerment can more accurately measure the contribution of each factor to changes in
total carbon emissions. Different factors may have different importance and influence in
the process of carbon emissions. By weighting, this difference can be reflected, allowing
for a deeper understanding of the mechanisms and interrelationships of each factor in the
carbon emission process, and thus achieving a more precise hierarchical classification of
dynamic carbon emission factors. The entropy method can calculate the information
entropy between various dynamic carbon emission factors and obtain the weights of each
factor (Du et al., 2022). In the dynamic carbon emission factors of cities, there may be
different levels of importance between factors in each dimension, and the entropy method
can allocate reasonable weights in hierarchical research to reflect the impact of each
dynamic carbon emission factor on the overall carbon emission total. Therefore, after
completing the construction of the LMDI model for dynamic carbon emission factors, the
weight of urban dynamic carbon emission factors is determined based on the entropy
method.

For the y-th dynamic carbon emission factor in the x-th dimension, according to the
research objectives and data availability, the positive and negative indicators of the factor
represent different meanings, so it is necessary to standardise the factor data. This
includes converting the absolute values of factors into relative values to solve the
problem of homogenisation of data with different quality factors. The calculation formula
is as follows:

DxAX,
Zizlzil A’W

In the formula, Q,, represents the standardised data of the y-th dynamic carbon emission

O, = ®)

. . . 6 34 .
factor in the x-th dimension, and E | E Ay, represents the total standardised data of
=l L =1 0

all samples in the Y-th dynamic carbon emission factor in the x-th dimension.

Based on the obtained standardised factor data Q,,, the information entropy values of
dynamic carbon emission factors for each dimension can be calculated using the
following formula:

U - 0,
W 6 34
Zx=l Zy:l (UX}’ In ny )

€
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6 34
k= _sz=12y=l(UW U, ), F%]xy (10)

In the formula, U., represents the proportion of the y-th dynamic carbon emission factor
in the x-th dimension; When Uy, = 0, U,InU,, =0. F represents the relative value of the
proportion.

In the application process of entropy method, the redundancy of information entropy
can be used to evaluate the contribution of urban dynamic carbon emission factors to the
total carbon emissions. Redundant information entropy reflects the randomness and
uncertainty between dynamic carbon emission factors in different dimensions (Cai et al.,
2023). If the redundant information entropy of a dynamic carbon emission factor in a
certain dimension is small, it indicates that the change of the dynamic carbon emission
factor is not closely related to the total carbon emissions, and the weight of the factor is
low. On the contrary, if the redundant information entropy of a dynamic carbon emission
factor in a certain dimension is large, it indicates that the change of the dynamic carbon
emission factor plays an important role in the total carbon emissions, and therefore the
weight of the factor is high. Therefore, it is necessary to calculate the redundancy of
information entropy and use it to determine the weights of various dynamic carbon
emission factors. The specific calculation process is as follows:

U, (k)
xy U—

Xy

an

(12)

o = M,,
ST
x=1 y=1 Y

In the formula, M,, represents information entropy redundancy. w; represents the weight

of the y-th dynamic carbon emission factor in the x-th dimension.

The weight of dynamic carbon emission factors can measure the importance level of
each factor in the total carbon emissions. Therefore, the weight of dynamic carbon
emission factors under each dimension is obtained, as shown in Table 2.

Table 2 Weights of dynamic carbon emission factors under different dimensions
Dimension Weight Dynamic carbon emission factor Weight
Energy types 1.52  Carbon emission factors from coal, oil, and natural 1.83
and gas combustion
consumption Renewable energy (wind, solar) carbon emission factors 1.30

Total energy consumption and carbon emission factors 1.28
Carbon emission factor for energy consumption 1.25
per unit GDP
Industrial 1.50  Carbon emission factors in high-energy consuming 1.18
process industries such as steel, cement, and chemical industry
Overall carbon emission factors for the 1.15

manufacturing industry

Carbon emission factor per unit product 1.05
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Table 2 Weights of dynamic carbon emission factors under different dimensions (continued)
Dimension Weight Dynamic carbon emission factor Weight
Industrial Production process technical efficiency carbon 0.90
process emission factor

Carbon emission factors for industrial waste treatment 0.85
Transportation 1.45  Carbon emission factors for private cars 1.75
Carbon emission factors for public transportation (such as 0.80
subways and buses)
Air transport carbon emission factors 1.68
Carbon emission factors for railway transportation 1.65
Carbon emission factors for ship transportation 1.63
Carbon emission factors for logistics transportation 0.75
The impact factors of traffic congestion on 0.75
carbon emissions
Construction 1.30  Carbon emission factors for building material production 1.60
and real estate Carbon emission factors during construction process 1.58
Carbon emission factors for building heating 1.55
Carbon emission factor for building refrigeration 1.53
Carbon emission factors for building lighting 0.70
Building energy efficiency carbon emission factors 0.68
Carbon emission factors for building demolition and 1.53
waste disposal
Agricultural 1.25  Carbon emission factors from farmland cultivation 1.52
production Carbon emission factors for crop production 1.51
Carbon emission factors in animal husbandry (including 1.50
feed production, animal digestion processes, etc.)
Carbon emission factors for agricultural waste treatment 1.47
Carbon emission factors of agricultural mechanisation 1.47
Carbon emission factors for farmland irrigation 1.45
Regional and 0.85 Regional energy structure carbon emission factors 0.66
climatic The impact factors of climate change on energy 0.60
factors

consumption and carbon emissions

The impact factors of extreme climate events (such as heat ~ 0.50
waves and cold waves) on carbon emissions

The impact factors of urban heat island effect on 0.45
carbon emissions

Factors related to regional economic development level 0.35
and carbon emissions

2.4 Dynamic carbon emission factor hierarchical classification

The priority and importance of carbon emission reduction may vary among different
levels of carbon emission factors. By dividing carbon emission factors according to their
characteristics and degree of impact, it is possible to have a clearer understanding of the
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characteristics and contributions of different carbon emission sources. After hierarchical
classification, resources can be more targeted and prioritised to address factors that have
a significant impact on carbon emissions, thereby achieving efficient utilisation of
resources. SVM as a powerful classification tool, is suitable for handling multi
classification problems and can learn the boundaries between different categories through
training data, thereby achieving hierarchical classification of carbon emission factors.
SVM can handle nonlinear problems by introducing kernel functions to map raw data to
high-dimensional space, thereby finding the optimal classification boundary. This makes
SVM have better classification performance when dealing with complex carbon emission
factor data. SVM searches for the optimal classification hyperplane by maximising the
interval, which helps to reduce overfitting and improve the model’s generalisation ability.
At the same time, SVM performs well in small sample situations, which means that even
with limited data on carbon emission factors, SVM can still perform effective
classification. Therefore, using SVM for hierarchical classification of carbon emission
factors has significant advantages and significance, which helps to better manage and
reduce carbon emissions, promote green development and environmental protection (Zhu
et al., 2022). One class support vector machine (OC-SVM) is a variant of SVM, mainly
used to solve single class classification problems. It is an unsupervised learning algorithm
that is more suitable for classification problems of unlabeled data. Traditional SVM
requires positive and negative samples to find classification boundaries, while OC-SVM
only requires one type of sample. This makes OC-SVM only use positive examples
(target class) samples for learning when solving the problem of hierarchical classification
of dynamic carbon emission factors, with the goal of finding an optimal hyperplane so
that the positive examples are located as much as possible above that hyperplane. In this
way, when new sample points are mapped to the feature space, dynamic carbon emission
factors can be effectively stratified and graded based on their position relative to this
hyperplane.

The construction of the optimal hypersphere for OC-SVM can be understood as a
quadratic programming problem, and the calculation formula is:

Pac g (13)
st.|z,—a|<P*+¢,.&,20

In the formula, P represents the optimal hypersphere radius of OC-SVM; a represents the
optimal hypersphere centre of OC-SVM. N represents the total number of dynamic
carbon emission factors, with a value of 34. z, represents the feature vector of the n-th
dynamic carbon emission factor after feature extraction. &, represents the OC-SVM
relaxation factor. # represents the penalty factor.

Since the actual data of dynamic carbon emission factors are not distributed in a
spherical way, a kernel function can be introduced into OC-SVM to map the dynamic
carbon emission factors to a high-dimensional space, and the quadratic programming
problem can be transformed into a dual problem for solution. The calculation formula can
be expressed as:
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. N N N
rmn(Z:”=1 jzlanajx(zn, z; ) —znzlanlc(znm z; )a)

N <, < 1
S.t. nz]a'n —1,0_(1’1 _;,I_N

(14

In the formula, ¢, and ¢; represent the corresponding Lagrange multipliers of the » and j
respectively. x(z,, z;) represents Gaussian kernel function. The reason for choosing this
function is that when the dataset is not linearly separable in the original feature space, the
Gaussian kernel function can map the original feature space to a higher dimensional
space, making data that is not separable in the original space linearly separable in the
high-dimensional space. This has significant advantages for processing complex carbon
emission data, especially datasets with nonlinear relationships. Moreover, Gaussian
kernel functions can have considerable flexibility by adjusting parameters, which enables
them to adapt to different datasets and requirements. o represents the core parameter.

The shape of the OC-SVM hypersphere is determined by the kernel parameter ¢ and
the penalty factor 7. In order to obtain the optimal hyperplane and achieve the
hierarchical classification of dynamic carbon emission factors, it is also necessary to
jointly optimise ¢ and 7. When using the OC-SVM model for dynamic carbon emission
factor classification, it is crucial to ensure the stability and accuracy of the model in the
face of the influence of disturbance factors. In order to improve the robustness of the
model, it is first necessary to identify and evaluate the impact of these disturbance factors
on model performance, that is, to achieve this goal through in-depth data analysis, cross
validation, and error analysis, in order to achieve disturbance factor identification. Once
the disturbance factor is identified, a series of methods can be used to improve the
classification ability of the model, which is, using Gaussian kernel functions to map data
to high-dimensional space to enhance the model’s ability to handle nonlinear
relationships. Throughout the entire process, it is necessary to continuously monitor and
evaluate the performance of the model, and adjust parameters and strategies as needed.
Thus improving the optimal hyperplane position in the OC-SVM model, enhancing its
accuracy and robustness in classifying dynamic carbon emission factors.

At the same time, OC-SVM is used to analyse the training samples of dynamic
carbon emission factors, set 1 as the disturbance factor, update the optimal hyperplane
position with the disturbance factor, and achieve the hierarchical classification of
dynamic carbon emission factors. The calculation formula is as follows:

u

A= fitness
dP
P (t+At)=P(t)+At d: .
! A
E=D (2 Z/)J(Pu(t+At)><n7jG

In the formula, P,(f) represents the location of the optimal hyperplane update at the u-th
iteration in time ¢. Af stands for time interval. Hpax represents the maximum update speed.
d stands for plane spacing. J represents the slope term in the straight line. G represents
the intercept term of the hyperplane in high-dimensional space.
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Table 3 Hierarchical classification results of dynamic carbon emission factors

Carbon emission range

Dynamic carbon emission factor

Level 1 (Scope 1)
Direct carbon emissions

Level 2 (Scope 2)
indirect carbon
emissions

Level 3 (Scope 3) Off
value chain carbon
emissions

Carbon emission factors from coal, oil, and natural gas combustion
Carbon emission factors for private cars

Air transport carbon emission factors

Carbon emission factors for railway transportation

Carbon emission factors for ship transportation

Carbon emission factors for building material production

Carbon emission factors during construction process

Carbon emission factors for building heating

Carbon emission factor for building refrigeration

Carbon emission factors for building demolition and waste disposal
Carbon emission factors from farmland cultivation

Carbon emission factors for crop production

Carbon emission factors in animal husbandry (including feed
production, animal digestion processes, etc.)

Carbon emission factors for agricultural waste treatment
Carbon emission factors of agricultural mechanisation

Carbon emission factors for farmland irrigation

Renewable energy (wind, solar) carbon emission factors

Total energy consumption and carbon emission factors

Carbon emission factor for energy consumption per unit GDP
Carbon emission factors in high-energy consuming industries such as
Overall carbon emission factors for the manufacturing industry
Carbon emission factor per unit product

Production process technical efficiency carbon emission factor
Carbon emission factors for industrial waste treatment

Carbon emission factors for public transportation (such as subways
and buses)

Carbon emission factors for logistics transportation

The impact factors of traffic congestion on carbon emissions
Carbon emission factors for building lighting

Building energy efficiency carbon emission factors
Regional energy structure carbon emission factors

The impact factors of climate change on energy consumption and
carbon emissions

The impact factors of extreme climate events (such as heat waves
and cold waves) on carbon emissions

The impact factors of urban heat island effect on carbon emissions

Factors related to regional economic development level and carbon
emissions

‘1, 2, 3’ carbon emission range is a classification method to measure the carbon footprint
of organisations or individuals, also known as the three-tier separation of carbon
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measurement. It divides carbon emission sources into three categories. According to the
directness and controllability of emissions, it is helpful to further understand and manage
carbon emissions. Among them, the first level (scope 1) is direct carbon emissions, the
second level (scope 2) is indirect carbon emissions, and the third level (scope 3) is carbon
emissions outside the value chain. The dynamic carbon emission factors are divided into
three levels: direct carbon emissions, indirect carbon emissions, and carbon emissions
outside the value chain. Combined with the dynamic carbon emission factor weights
obtained in Table 2, the hierarchical classification results of dynamic carbon emission
factors are obtained, as shown in Table 3.

3 Experiment

In order to verify the practical application performance of the hierarchical classification
method of dynamic carbon emission factors based on improved support vector machine
proposed in this paper, M city was selected as the test object to conduct hierarchical
classification research on the dynamic carbon emission factors of this city. The Hu et al.
(2022) method and Zhao et al. (2022) method are used as comparison methods to conduct
research together with the methods in this paper.

3.1 Experiment object setting

This experiment takes M city as the research object, which is located in the core area of
the Pearl River Delta Economic Zone. As an important economic hub, it has beautiful
scenery with Lingnan characteristics. It has four distinct seasons, distinctive climate
characteristics, and a stable annual temperature of 22.5 °C. The environment is beautiful.
A classification exploration was conducted on 18 industrial sectors, including the primary
industry (agriculture, forestry, animal husbandry, fishery, and services), the secondary
industry (such as coal mining and selection products, oil and gas extraction products,
electricity and heat production and supply, etc.), and the tertiary industry (such as
transportation, warehousing and postal industry, commercial catering industry, etc.). The
carbon emission statistics of the city from 2017 to 2022 were obtained from the carbon
emission data and related reports regularly released by the city government departments,
carbon footprint calculation tools, and the global carbon project database. The specific
carbon emission statistics of M city from 2017 to 2022 are shown in Table 4.

Table 4 Statistical data table of carbon emissions in M city from 2017 to 2022 (x 10%)

Year

2017 2018 2019 2020 2021 2022
Energy types and consumption 178.76  168.65 189.90 202.87 223.55 227.56

Dimension

Industrial process 167.78 156.78 198.87 23476  245.65  276.71
Transportation 113.67 167.45 188.67 190.67 204.65  223.65
Construction and real estate 256.67 278.78 356.78 325.76 301.56 283.67
Agricultural production 145.44 134.78 120.87 134.87 148.76 165.89

Regional and climatic factors 4523  33.76 43.54 40.12 38.56 36.56
Total 907.55 805.42 1,098.63 1,129.05 1,162.73 1,214.04
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3.2 Experimental environment settings

In order to facilitate data calculation, this experiment environment is set. The specific
experimental environment settings are shown in Table 5.

Table 5 Experimental environment configuration
Project Configuration
Device name HP ProDesk 400 G6 SFF-Q602103905A
CPU Intel(R) Core(TM) i7-7700HQ @ 2.90GHz 2.90 GHz
ProcessorMathematicalStatistics Tools Statistica
Mathematica
GPU AMD Radeon RX Vega 8(GTX750Ti)
Graphics card GTS250

3.3  Experimental results and analysis

3.3.1 Factor coverage comparison

In order to verify the effect of the method in this paper on the hierarchical classification
of dynamic carbon emission factors in M city, the Hu et al. (2022) method, the
Zhao et al. (2022) method and the proposed method are used to hierarchical classification
of dynamic carbon emission factors in M city. The factor coverage after hierarchical
classification of dynamic carbon emission factors by different methods is compared, as
shown in Figure 1.

Figure 1 Dynamic carbon emission factor coverage using different methods (see online version
for colours)
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According to Figure 1, with the increase of the sample length of data sampling, the factor
coverage rate of dynamic carbon emission factors after hierarchical classification of each
method shows a downward trend. Among them, the coverage rate of Hu et al. (2022)
method is 84%~89%, and the coverage rate of Zhao et al. (2022) method is 80%~87%,
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while the factor coverage rate of this method is 92%~98%, which is far higher than the
two methods compared. After hierarchical classification of dynamic carbon emission
factors, the factor coverage rate can be kept above 90%, which proves that the
hierarchical classification effect of this method is good.

3.3.2 Comprehensive comparison of factors

In order to further verify the comprehensiveness of this method for hierarchical
classification of dynamic carbon emission factors, the dynamic carbon emission factors in
M city are hierarchical classified using the Hu et al. (2022) method, Zhao et al. (2022)
method and proposed method. The comprehensiveness of factors after hierarchical
classification of dynamic carbon emission factors by different methods is compared, as
shown in Figure 2.

Figure 2 Comprehensive dynamic carbon emission factors of different methods (see online
version for colours)
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It can be seen from Figure 2 that the factor comprehensiveness is 76%~84% after
hierarchical classification of dynamic carbon emission factors by the Hu et al. (2022)
method, and 70%~82% after hierarchical classification of dynamic carbon emission
factors by the Zhao et al. (2022) method. However, after hierarchical grading of dynamic
carbon emission factors by the method proposed in this paper, the factor
comprehensiveness is 87%~95%, which is far higher than the two methods of
comparison, and the maximum can reach 95%. This shows that the application of
improved support vector machine to hierarchical classification of dynamic carbon
emission factors in this paper has a better effect, and the analysis is more comprehensive.

Based on the comprehensive analysis of the above results, it can be seen that
compared with traditional methods, the proposed method maintains a factor coverage rate
of over 90%, and the highest factor comprehensiveness can reach 95%. The reason for
this is that this method introduces a kernel function in the improved OC-SVM algorithm
of support vector machines, which maps dynamic carbon emission factors to high-
dimensional space, updates the optimal hyperplane position using disturbance factors,
and achieves hierarchical classification of dynamic carbon emission factors. Therefore,
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the factor coverage rate and factor comprehensiveness of this method are high, and the
practical application effect is good.

4 Conclusions

With the global climate change and the increasing awareness of environmental
protection, the research on carbon emission factors will become increasingly important.
Based on improved support vector machine, this paper conducts in-depth research on the
hierarchical classification of dynamic carbon emission factors. Through a series of
rigorous data processing and model building processes, it successfully improves the
accurate measurement of carbon emission factor contributions, hierarchical classification
of dynamic carbon emission factors, and provides more reliable data support for the
carbon emission trading market. The experimental results show that the method in this
paper can effectively achieve the hierarchical classification of dynamic carbon emission
factors, the factor coverage rate remains above 90%, and the factor comprehensiveness
can reach 95%, which fully verifies the feasibility and effectiveness of the method in this
paper.

In the future research, we will constantly improve and optimise the hierarchical
classification method, more accurately grasp the carbon emissions, and provide a
scientific basis for the government to formulate emission reduction policies and
enterprises to implement emission reduction measures. At the same time, it will also help
promote the healthy development of the carbon emissions trading market and promote
low-carbon transformation and sustainable development worldwide.
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