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Abstract
To achieve China’s “double carbon” goal, it is necessary to make quantitative evaluation of the power grid enterprises’ con-
tribution to carbon emission reduction. This paper analyzes the contribution of power grid enterprises to carbon emission 
reduction from three points: power generation side, power grid side, and user side. Then, PLS-VIP method is used to screen 
the key influencing factors of carbon emission reduction contribution of power grid enterprises from three aspects: consump-
tion of clean energy emission reduction, reduction of line loss emission reduction, and substitution of electric energy. Based 
on GA-ELM combined machine learning algorithm, we establish an intelligent evaluation model of power grid enterprises’ 
carbon emission reduction contribution. Furthermore, according to the distribution law of key influencing factors, this paper 
uses Monte Carlo simulation method to calculate the contribution of power grid enterprises to carbon emission reduction 
by scenario, so as to evaluate the contribution of power grid enterprises to carbon emission reduction. Finally, combined 
with the relevant data of power grid enterprises from 2003 to 2019, this paper makes an empirical study on the completion 
of carbon emission reduction contribution and the promotion path.

Keywords  Monte Carlo simulation · GA-ELM method · Power grid enterprises · Carbon emission reduction contribution · 
Assessment

Introduction

Background and motivation

In September 22, 2020, general secretary Xi Jinping 
announced in the general debate of the seventy-fifth UN 
General Assembly that we should strive to achieve the peak 
of carbon dioxide emissions by 2030 and strive to achieve 
carbon neutralization before 2060, that is, the goal of “dou-
ble carbon” (Xi 2020). Therefore, low-carbon emission 

reduction has become the development direction of all 
walks of life in China. It is estimated that in 2020, the total 
carbon emission of Chinese power industry will be about 
3.6 billion tons, accounting for over one-third of the total 
national emission (about 9.9 billion tons) (BP 2020). As the 
industry with the largest proportion of carbon emission in 
China, the effect of power emission reduction will directly 
affect the successful completion of the “double carbon goal.” 
Among them, power grid enterprises play an important role 
in connecting the preceding and the following in the power 
industry and are one of the key links to achieve the carbon 
emission reduction goal of the power industry (Meng 2021).

Related work

Many studies have been carried out on carbon emission 
reduction, and different studies are committed to different 
links of carbon emission reduction. This paper reviews the 
relevant literature from three aspects: the analysis of the 
influencing factors of carbon emission reduction, the pre-
diction model of carbon emission reduction, and the random 
uncertainty of carbon emission reduction.
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The analysis of the influencing factors of carbon emis-
sion reduction has great significance for the subsequent data 
calculation of carbon emission reduction, which is directly 
related to the scientificity and effectiveness of the calcula-
tion results. Scholars at home and abroad have conducted a 
lot of research in this regard. In order to test the common 
benefits of carbon emission reduction and air pollution con-
trol, Jiang et al. analyzed the emission reduction and emis-
sion reduction factors of Jiangsu, Zhejiang, Yunnan, and 
Shanghai power industries, as well as the synergistic fac-
tors of technical and structural emission reduction measures 
(Jiang and Alimujiang 2020). Zhu et al. used the generalized 
partition index model to decompose the changes of carbon 
emissions of China’s power industry from 2000 to 2015, 
and fully considered the impact of economy, population, and 
energy consumption on carbon emissions (Zhu et al. 2018). 
Liao et al. derived seven different drivers of carbon emis-
sions in the power industry based on the log average factor 
index (LMDI) decomposition model. The positive or nega-
tive contribution of each driving force to the growth rate of 
carbon emission as well as the change of contribution rate 
and emission dynamics of each province is analyzed (Liao 
and Wang 2019). Some scholars have constructed the evalu-
ation index system from five aspects affecting the regional 
carbon emission reduction capacity and established a com-
prehensive evaluation model based on entropy method (Pu 
and Li 2016). Cosimo magazzino, Marco Mele, and Nico-
las Schneider studied the causal relationship between solar 
and wind energy production, coal consumption, economic 
growth, and carbon emissions in China, India, and the USA 
(Cosimo magazzino et al. 2021). Xia et al. combined multi-
ple regression analysis, input–output analysis, and structural 
decomposition analysis to analyze the impact of input–out-
put and structural decomposition on future carbon emissions 
(Xia et al. 2019). From the perspective of carbon emission 
efficiency, Sun et al. applied stochastic frontier analysis to 
screen the factors affecting carbon emission intensity (Sun 
et al. 2022). Other scholars use the extended STIRPAT 
model and ridge regression model to screen the influencing 
factors of carbon emission (Liu et al. 2018a, b).

The data of carbon emission reduction of power grid 
enterprises have the characteristics of continuity, fluctua-
tion, and long time series. Therefore, it is suitable to use the 
relevant models in the field of machine learning to predict 
carbon emission reduction.. Chinese carbon emission pre-
diction research has been carried out for a long time. From 
similar studies in other carbon emission fields, we can find 
inspiration for the carbon emission reduction research of 
power grid enterprises. Gao et al. proposed a new fractional 
grey Riccati model. A fractional cumulative grey Gompertz 
model is designed to predict the trend of industrial carbon 
emission in the USA (Gao et al. 2021, 2022). Ren et al. con-
structed a fast learning network (FLN) prediction algorithm 

based on chicken swarm optimization (CSO) to predict the 
carbon emissions of Guangdong Province from 2020 to 2060 
(Ren and Long 2021). Dong et al. took 12 major industrial 
carbon emission industries in Henan Province of China as 
the research object, combined with LMDI method and Tapio 
decoupling model, built a decoupling effort model to ana-
lyze the impact of each effect on the decoupling relationship 
(Dong et al. 2021). In order to predict and analyze China’s 
carbon emission trend, Zhou et al. proposed a new grey roll-
ing mechanism based on the principle of information prior-
ity (Zhou et al. 2021). Other studies have constructed the 
carbon emission intensity prediction model based on factor 
analysis and limit learning machine and the BP neural net-
work prediction model of carbon emission (Sun et al. 2022; 
Liu et al. 2018a, b; Sun and Huang 2022).

Analyzing the historical data of carbon emission reduc-
tion and predicting the future change trend cannot ignore 
the random uncertainty research of carbon emission reduc-
tion. In order to ensure the optimal development of com-
plex power management system, Xie et  al. established 
an interval fuzzy programming risk measurement model 
considering carbon capture technology and carbon emis-
sion reduction targets (Xie et al. 2019). Jin et al. proposed 
a stochastic dynamic economic scheduling model consid-
ering wind power uncertainty and carbon emission rights 
(Jin et al. 2019). Under the constraints of carbon emission 
intensity, Zhao et al. allocated carbon emissions to 41 indus-
try departments in China to achieve the emission reduction 
target in 2030. A comprehensive allocation method based 
on input–output analysis and entropy weight is proposed 
(Zhao et al. 2017). Setting multiple scenarios is an effective 
method to study the uncertainty of carbon emission reduc-
tion. Meng et al. calculated the carbon emission reduction 
caused by three-phase load management imbalance on the 
basis of analyzing the relationship between current imbal-
ance and network loss and iso14064-2:2006. At the same 
time, Monte Carlo method was used for the first time to 
predict the carbon emission of power industry in 2017–2030 
under three different scenarios (Meng et al. 2018). Liu et al. 
constructed a low-carbon path analysis model of China’s 
power industry based on era model and made a comparative 
analysis of carbon emissions under reference scenario, low-
carbon scenario, and enhanced low-carbon scenario (Liu 
et al. 2018a, b).

The research and achievements of other scholars are 
shown in the Table 1.

Since the end of 2019, COVID-19 has swept the world, 
and the world situation has become more complex, which 
has profoundly affected and changed global and regional 
energy consumption and carbon emissions. Wang et al. 
analyzed the various impacts of COVID-19 on China’s 
environmental development, and discussed Chinese future 
economic development and its impact on the world economy 
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by scenarios (Wang and Su 2020; Wang et al. 2021, 2022; 
Whang and Zhang 2021). It also needs to explore the devel-
opment mode of carbon emission reduction of power grid 
enterprises to adapt to the new international environment.

Contribution and organization

Generally speaking, there are few studies on carbon emis-
sion reduction of power grid enterprises, and there are few 
studies on the evaluation method of carbon emission reduc-
tion contribution of power grid enterprises. In addition, the 
research on carbon emission reduction mostly focuses on 
one of the above aspects, and there is a lack of research that 
integrates the three aspects. Therefore, under the background 
of the national evaluation of carbon reduction contribution 
of energy industry (Su 2021), this research has important 
theoretical and practical significance.

This paper combines the influencing factors of carbon 
emission reduction, data prediction model,, and uncertainty 
analysis. Collect and sort out the relevant data of carbon 
emission reduction and influencing factors of power grid 
companies, screen out the main influencing factors of carbon 
emission reduction contribution of power grid enterprises by 
using the combination with qualitative and quantitative anal-
ysis methods, replace the training sample set constructed by 
the main influencing factors and carbon emission reduction 
contribution value of power grid enterprises over the years 
into GA-ELM model for training and learning, and design 
the carbon emission reduction differentiation scene of power 
grid enterprises, The Monte Carlo simulation method is used 
to randomly generate influencing factors’ value of carbon 
emission reduction, which is substituted into the trained 
GA-ELM model for the prediction and analysis of carbon 
emission reduction contribution value. Finally, according 
to the statistical index analysis of carbon emission reduc-
tion contribution prediction value, the evaluation of carbon 
emission reduction contribution of power grid enterprises is 
completed, so as to provide decision-making basis for power 
grid enterprises to carry out optimal management of carbon 
emission reduction.

Influencing factors

Current situation of carbon emission reduction 
contribution of power grid enterprises

As a link and platform connecting the upstream and down-
stream of the power industry, power grid enterprises will play 
an important strategic supporting role in realizing China’s 
carbon peak and carbon neutralization strategic objectives. 
Through the in-depth implementation of the new energy 
security strategy of “four revolutions and one cooperation,” 

take measures to support clean energy consumption, real-
ize fine line loss management, and improve the proportion 
of energy consumption and power efficiency of power termi-
nals, so as to contribute to the goal of carbon peak and carbon 
neutralization.

State Grid Corporation of China (SGCC) vigorously pro-
motes clean energy substitution, changes energy consump-
tion mode, focuses on “new electrification,” comprehensively 
builds a modern power grid, drives the upstream and down-
stream of the industrial chain and value chain, and speeds up 
the construction of a clean, low-carbon, safe, and efficient 
energy system. At the same time, adhere to green development 
and serve the goal of “carbon peak and carbon neutralization.” 
By the end of 2020, the State Grid Corporation of China had 
completed the task of “replacing coal with electricity” in this 
year, accounting for 26.8% of renewable energy power gen-
eration, recovered 220.6 tons of sulfur hexafluoride gas, and 
completed 193.8 billion kWh of electricity substitution (China 
State Grid Corporation 2020).

In accordance with the carbon emission reduction plan, 
China Southern Power Grid has strengthened the allocation 
of clean energy and helped the five southern provinces build 
a low-carbon and clean energy structure. The installed capac-
ity and electricity of non-fossil energy in the whole network 
have accounted for more than 50% for 5 consecutive years; 
continuously optimize the power grid structure, control the 
line loss rate at 5.59%, and save 3.66 billion kWh and 1.07 
million kW of power on the demand side (China Southern 
Power Grid 2020).

The contribution of carbon emission reduction proposed 
in this paper can be understood as a new concept, which is 
divided into five parts according to various channels of energy 
conservation and emission reduction. By calculating the saved 
electricity consumption or clean energy power generation of 
each part, assuming that these electricity are generated by ther-
mal power generation, the converted carbon emission reduc-
tion can be calculated through the coal electricity conversion 
coefficient, and the final carbon emission reduction contribu-
tion of power grid enterprises can be obtained by accumulating 
all parts. Based on the carbon emission reduction work cur-
rently carried out by China’s two major power grid enterprises, 
this paper designs the calculation formula of carbon emission 
reduction contribution, as follows:

(1)CTBc = ΔCP% + ΔCR + ΔCS + ΔCIES + ΔCE

(2)ΔCP% = ΔEP% × �P%

(3)ΔCR = ΔER × �R

(4)ΔCS = ΔES × �S
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CTBc refers to the contribution of carbon emission 
reduction, ΔCP% refers to the reduction of line loss, ΔCR 
refers to the consumption of clean energy, ΔCS refers to 
the substitution of electric energy, ΔCIES refers to the 
reduction of comprehensive energy services, and ΔCE 
refers to the reduction of energy supply and energy effi-
ciency services, with the unit of 104  t. ΔEP% refers to 
reducing line loss and saving electricity, ΔER refers to 
clean energy generation, ΔES refers to electricity substitu-
tion, ΔEIES refers to comprehensive energy service sav-
ing, ΔEE refers to optimized energy supply and energy 
efficiency service saving, with the unit of 108  kWh. 
�P% refers to the carbon emission reduction conversion 
coefficient of line loss electricity, �R refers to the carbon 
emission reduction conversion coefficient of clean energy 
electricity, �S refers to the carbon emission reduction con-
version coefficient of electricity substitution electricity, 
�IES refers to the emission reduction conversion coeffi-
cient of comprehensive energy services, and �E refers to 
the emission reduction conversion coefficient of energy 
supply and energy efficiency services, in kg/kWh.

Due to the difficulty of data collection of comprehen-
sive energy service emission reduction, energy supply, and 
energy efficiency service emission reduction, this exam-
ple only considers three parts: reducing line loss emission 
reduction, consuming clean energy emission reduction, and 
electric energy substitution emission reduction.

Analysis on influencing factors of carbon emission 
reduction contribution

Selection of screening methods for influencing factors

In order to systematically analyze the influencing factors 
of the contribution of power grid enterprises to carbon 
emission reduction (Lin and Qi 2018), starting from the 
three sub indicators constituting the contribution of power 
grid enterprises to carbon emission reduction, based on 
artificial experience and literature review, 26 influenc-
ing factors on the three sub-indicators of carbon emis-
sion reduction contribution are collected. The details are 
shown in Fig. 1 (note: the length of high-voltage trans-
mission line refers to the length of ≥ 220 kV AC trans-
mission line, and the availability factor of high-voltage 
transformer refers to the availability factor of trans-
former ≥ 110 kV and above).

This paper studies a variety of influencing factor 
screening methods and compares the traditional principal 

(5)ΔCIES = ΔEIES × �IES

(6)ΔCE = ΔEE × �E

component analysis method, grey correlation degree method, 
and PLS-VIP method. Compared with PLS-VIP method, the 
influencing factors screened by principal component analysis 
method and grey correlation degree method have a higher 
repetition rate of influencing factors among sub-indexes and 
poor performance in the preliminary trial calculation learn-
ing accuracy. Therefore, PLS-VIP method is determined to 
be used as the influencing factor screening method in this 
paper.

Influencing factors screening by PLS‑VIP method

Based on the preliminary collection of influencing factors, 
this paper uses PLS-VIP screening method (Liu and Jiang 
2017; Liu 2016) and considers the VIP value of influencing 
factors and the actual correlation. Thirteen main influenc-
ing factors are screened from three aspects: consumption 
of clean energy emission reduction, reduction of line loss 
emission reduction, and electric energy substitution emis-
sion reduction. The details are shown in Figs. 2 and 3 (note: 
the 13 influencing factors obtained by screening are shown 
in bold text in the figure).

In order to highlight the impact of the three sub-indicators 
of carbon emission reduction contribution on the contribu-
tion of carbon emission reduction, according to the selected 
influencing factors and combined with the reality, this paper 
sets up four scenarios: control type, strengthening the reduc-
tion of line loss type, strengthening the consumption of clean 
energy type, and strengthening the power substitution type. 
The four scenarios correspond to the change range combina-
tion of different influencing factors. The subsequent contri-
bution analysis of carbon emission reduction in this paper is 
based on these four scenarios (Tian et al. 2021).

Methodology

In this paper, the machine learning combination algorithm 
and Monte Carlo simulation method are combined to con-
struct the carbon emission reduction contribution evaluation 
model of power grid enterprises. The specific process of the 
model is shown in Fig. 4.

GA‑ELM model

Genetic algorithm

Genetic algorithm (GA) is a heuristic intelligent search algo-
rithm with good robustness and strong global search ability 
(Holland 1975). Its implementation path is shown in Fig. 5.
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Fig. 1   Influencing factors of 
carbon emission reduction 
contribution

Contribution 

to carbon 
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emission reduction
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Social power load
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Length of high voltage transmission line
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transformer

Hydropower installation

Wind power installation

Hydropower generation

Wind power generation

Photovoltaic installation

Nuclear power installation

Photovoltaic power generation

Nuclear power generation

Unified regulation of maximum power load

Total electricity consumption

GDP

Proportion of primary production

Proportion of secondary production

Proportion of tertiary industry

Per capita disposable income

Asset liability ratio

Per capita GDP

Reduce line loss and displacement
S/N                     Influencing factor M1 VIP
8 High voltage transmission line length 1.55989
9 Availability factor of high voltage 1.45041

transformer:
2 Line loss of power grid 1.12215
5 The qualified rate of comprehensive 0.76414

voltage  

1 Power grid investment 0.75626

4 Grid power supply 0.71906

6 Social power load 0.71632

7 Household electricity consumption 0.71565

3 Electricity sales of power grid: 0.71112

Consumption of clean energy and emission 
reduction

S / N Influencing factor M1 VIP
11 Wnd power installed capacity 1.06718
13 Wind power generation 1.06224
14 The maximum power load 1.05546

for unified regulation
12 Hydropower generating capacity 1.0532
18 Nuclear power generation 1.04795
16 Nuclear power installed capacity 1.0439
10 Hydropower installed capacity 1.03599
15 PV installed capacity 0.75584

17 Photovoltaic power generation 0.74282

Electric energy substitution emission reduction

S / N Influencing factor M1 VIP
25 Asset liability ratio 1.66989
22 The proportion of secondary 1.16577

production
23  The proportion of tertiary industry 1.05467
19 Power consumption of the whole society 0.90842

26 Per capita GDP 0.72717

20 GDP 0.70524

21 The proportion of primary production is 0.67075

24 Per capita disposable income 0.66245

Fig. 2   PLS-VIP screening results of influencing factors of carbon emission reduction contribution
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Extreme learning machine

Limit learning machine (ELM) is a single hidden layer feed-
forward neural network learning algorithm (Huang et al. 
2006). Before training, the algorithm needs to randomly set 
the input layer weight matrix and threshold, and keep the 
matrix and threshold unchanged during the training pro-
cess. The prediction accuracy is improved by optimizing 
the number of hidden layer neuron nodes. It has the advan-
tages of simple structure, few calculation parameters, fast 
training speed, and good generalization performance (Xu 
et al. 2019). Compared with the traditional neural networks, 
especially the single hidden layer feedforward neural net-
works (SLFNS), the limit learning machine is faster than the 
traditional learning algorithm on the premise of ensuring the 
learning accuracy.

23%

54%

23% Reduce line loss

Clean energy

consumption

Electric energy

substitution

Fig. 3   Proportion of influencing factors

Fig. 4   Road map of carbon 
emission reduction assessment 
model
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Suppose there are N training samples
(
xi, yi

)
 , input 

data xi =
[
xi1, xi2 ⋯ , xim

]T ,and the expected output 
isyi =

[
yi1, yi2 ⋯ , yim

]T , that is, there are m neuron nodes in the 
input layer and n neuron nodes in the output layer. Let the hidden 
layer have l nodes, �ij represents the weight of the input layer 
node i and the output layer node j, and bl represents the threshold 
of the hidden layer node l, both of which are randomly generated. 
If �ij is taken as the connection weight between the hidden layer i 
and the output layer j, g(∙) is the activation function, and the two 
are adjustable objects, the actual output y′ can be expressed as

The model can be expressed as

H is the output of the hidden layer node, β is the output 
weight, and T is the expected output.

Among

(7)y
�

j
=

l∑
i=1

�i ∙ g
(
�i ∙ xi + bi

)
, j = 1, 2,⋯ , n

(8)H ∙ � = T

(9)H =

⎛
⎜⎜⎝

g
�
�1x1b1

�
⋯ g

�
�1x1b1

�
⋮ ⋱ ⋮

g
�
�1xNb1

�
⋯ g

�
�1xNb1

�
⎞⎟⎟⎠

The output weight β can be determined accordingly

H+ is the Moore Penrose generalized inverse of the 
matrix. It can be proved that the norm is the smallest and 
unique.

Implementation process of GA‑ELM algorithm

(1)	 Setting of genetic algorithm parameters: the initial 
parameters of genetic algorithm include population 
number, crossover probability, mutation probability, 
chromosome length, selection rules, maximum iteration 
times, etc., different parameter combinations will have 
a great impact on the optimization results. For example, 
the number of populations will affect the calculation 
rate and the potential to produce better solutions, and 
the crossover probability and mutation probability will 
affect the transmission of excellent genes.

(2)	 Population initialization: determine the neural net-
work topology of ELM, including the number of input 
and output nodes of the prediction model, and set the 
number of hidden layer nodes; the weight matrix and 
threshold of ELM neural network are randomly gener-
ated and binary coded to form the chromosome of the 
initial population.

(3)	 Individual fitness calculation: for each individual of 
each generation of population, ELM algorithm is used 
to obtain the output matrix, and the second norm of 
the difference between the calculated result and the 
expected matrix is used as the individual fitness.

The formula is

n is the number of samples, y′

i
 is the predicted value 

obtained from ELM training, and yi is the sample data. The 
smaller the objective function is, the regression fitting error 
will be smaller, and the fitness will be higher.

(4)	 Population iteration: the roulette method is used to 
select the cross population. All individuals in each 
generation will have a certain probability of variation 
and genotype change, which is conducive to a better 
solution. The optimal solution of each generation is 
recorded in the population iteration process. When the 

(10)� =

⎡
⎢⎢⎣

�T
1

⋮

�T
N

⎤
⎥⎥⎦
, T =

⎡
⎢⎢⎣
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⋮
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N
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(11)�∗ = H+ ∙ T

(12)E =

√√√√ n∑
i=1
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�
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− yi

)2

Whether the 

optimization criteria 

are met

Start

Output the best 

individual

Generate initial 

population

Calculate 

individual fitness

Variation

Overlapping

Choose

Y

N

Fig. 5   Basic flow chart of genetic algorithm

23429Environmental Science and Pollution Research  (2023) 30:23422–23436

1 3



maximum number of iterations is reached, the optimal 
value in the optimal solution of each generation is the 
final prediction result.

(5)	 Advantages of GA-ELM model: the neural network 
input parameters of elm are optimized through the 
process of genetic algorithm, including structural 
parameter optimization and weight threshold parameter 
optimization. On the basis of genetic algorithm, it can 
improve the accuracy of elm output prediction value, 
so as to achieve better prediction effect, and provide a 
basis for the subsequent assessment of carbon emission 
reduction contribution by scenario.

Monte Carlo simulation

Monte Carlo method, also known as random simulation 
method, key is to generate random numbers that obey a 
certain distribution. The basic principle is as follows.

Let the cumulative frequency function of the random 
variable be X, and the latter FX(x) is the random variable 
defined on (0,1), which is recorded as U, and its cumula-
tive frequency function is

where F−1
x

 is the inverse function of Fx because

The description U is subject to uniform (0,1) distribution. 
As long as a random number α evenly distributed on (0,1) is 
generated, a value of the random variable X can be obtained

On the basis of the above principle, a hypothetical func-
tion Y = f

(
x1, x2,⋯ , xn

)
 is set, in which the probability 

distribution of variables is x1, x2,⋯ , xn . A set of random 
variable values x1i, x2i,⋯ , xni are obtained by generating 
random numbers, and the value yi of the function Y is 
obtained from the corresponding relationship.

A set of function Y values y1, y2,⋯ , yn can be obtained by 
repeating multiple independent sampling. When the simu-
lation times are enough, the probability distribution of the 
function Y can be obtained approximately. Therefore, paying 
attention to the selection of probability distribution of ran-
dom variables is the key to Monte Carlo simulation.

The implementation process of Monte Carlo simulation 
is as follows.

(13)
FU(�) = P{U ≤ �} = P

{
X ≤ F−1(�)

}
= FxF

−1
x
(�) = �

(14)FU(�) = �

(15)X = F−1
x
(�)

(16)yi = f
(
x1i, x2i,⋯ , xni

)

(1)	 Identify the probability distribution of key influencing 
factors from 2003 to 2019 as the basis of Monte Carlo 
simulation.

(2)	 Set the interval value of each influencing factor accord-
ing to the planning value of influencing factors and the 
change law of historical data.

(3)	 Set the scenario according to the interval value combi-
nation of different influencing factors.

(4)	 According to the scenario, the values of influencing fac-
tors are substituted into the GA-ELM model for calcu-
lation, and the corresponding prediction value interval 
is obtained.

(5)	 Carry out carbon emission reduction contribution 
assessment according to scenarios according to the 
predicted value range.

Validation

GA‑ELM model training

Combined with the relevant data of carbon emission reduc-
tion contribution of State Grid Corporation of China from 
2003 to 2019, this paper is divided into 17 samples per year. 
Because the number of data samples is less than 20, the leave 
one out cross validation method is used to divide the origi-
nal samples into training set and test set, and replace them 
into GA-ELM model for training. One sample is selected 
as the test set and other samples as the training set for 17 
times. Calculate the model prediction and evaluation indexes 
RMSE, MAPE, and Mae after each division. Of which,

RMSE is root mean square error

MAPE is mean absolute error

MAE is mean absolute error

The range of evaluation indexes is [0, + ∞), which is 
equal to 0 when the predicted value is completely consist-
ent with the real value; the greater the error, the greater the 
evaluation index value.

The calculation results of model training prediction and 
evaluation indicators are shown in Table 2.

(17)RMSE =

√√√√1

n

n∑
i=1

(
ŷi − yi

)2

(18)MAPE =
100%

n
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|||||
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|||||

(19)MAE =
1

n

n∑
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||̂yi − yi
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It can be seen from Table 1 that the average values of 
RMSE and Mae after training with the leave one cross vali-
dation method are less than 20, and the average value of 
MAPE is less than 1, which can meet the error standard. The 
current model can be used to predict the contribution value 
of carbon emission reduction of power grid enterprises in 
the future.

In order to highlight the prediction accuracy of the model, 
this paper compares the prediction accuracy of the model 
with the prediction results of traditional BP neural network, 

support vector machine model, and limit learning machine 
model. The results are shown in Fig. 6.

The fitting accuracies R2 of three models are 0.9973, 
0.8796, and 0.4724.

Therefore, the GA-ELM model has higher accuracy and 
reliability. The current model can be used to predict the con-
tribution value of carbon emission reduction of power grid 
enterprises.

Carbon emission reduction contribution assessment

This paper uses the crystal ball plug-in to identify the prob-
ability distribution of the historical data of 13 key influenc-
ing factors in Excel as the basis of Monte Carlo simulation.

According to the planning value of influencing factors 
and the change law of historical data, four scenarios are set: 
control type, enhanced line loss reduction type, enhanced 
consumption of clean energy type, and enhanced electric 
energy substitution type.

Scenario 1 is a control type, which is a normal develop-
ment trend without intervention of other policy factors in 
the future obtained by analyzing the historical data of influ-
encing factors, and is used to form a control with the latter 
three scenarios.

Scenarios 2, 3, and 4 are to strengthen the three sub-
indicators of carbon emission reduction contribution, 
respectively, adjust the interval value of key influencing 
factors of the sub-indicators, keep the other influencing fac-
tors unchanged, and generate the enhanced interval value 
combination of influencing factors. Taking scenario 2 as an 
example, based on the interval value of control influencing 
factors, the value interval of power grid line loss is reduced 
according to the lower confidence limit of crystal ball plug-
in predictor by 5%, and the value interval of high-voltage 
transmission line length and high-voltage transformer avail-
ability factor is increased according to the upper confidence 
limit of predictor by 5%, so as to obtain the interval value 
combination of enhanced line loss influencing factors.

The interval values of each influencing factor are set as 
shown in Table 3.

Carbon emission contribution prediction 
and assessment analysis

Four groups of random numbers of influencing factors in 
2000 are generated from the change interval of influenc-
ing factors in four scenarios as the input value of GA-ELM 
model. The trained GA-ELM model is used to predict the 
contribution of carbon emission reduction and sort out the 
output results. The predicted value ranges corresponding to 
the change ranges of different influencing factors under the 
four scenarios are shown in Table 4.

Table 2   Calculation of prediction and evaluation indexes

Test set S/N RMSE MAPE MAE

1 2.317193 0.357813 2.315615
2 1.295339 0.313542 1.159566
3 3.782085 0.03289 3.782001
4 3.113254 0.008745 2.825851
5 3.040492 0.017905 2.635209
6 6.095427 0.021399 6.069361
7 2.981327 0.008311 2.742712
8 1.895883 0.01402 1.773419
9 6.684465 0.192899 6.045269
10 1.376654 0.013619 1.104589
11 9.296619 0.172793 8.799222
12 32.58407 0.0993 29.19733
13 27.2893 0.082711 21.80134
14 18.84218 0.185172 13.27881
15 19.16411 0.10642 15.35119
16 114.4797 0.057287 83.28221
17 79.3367 0.045019 66.28528
Average 19.62205 0.101756 15.79112

Fig. 6   Comparison of learning accuracy of three prediction models
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The fitting distribution of 2000 carbon emission reduction 
contribution predicted value output by each scenario with 
crystal ball plug-in is shown in Fig. 7 (the unit of all carbon 
emission reduction contributions in the figure is 104 t).

Due to the large deviation of the output results of a small 
number of predicted values, the predicted values with a cumula-
tive probability of 10–90% are selected as the effective predicted 
values. The filtered predicted value range is shown in Table 5.

Comparing the predicted value of carbon emission 
reduction contribution of the four scenarios, it can be 
seen that since the consumption of clean energy currently 
accounts for a large part of the contribution to carbon 
emission reduction, the predicted value range reflects that 
the carbon emission reduction contribution of the devel-
opment model of strengthening the consumption of clean 
energy is the highest. In addition, adopting the develop-
ment mode of strengthening power substitution can also 
bring considerable contribution to carbon emission reduc-
tion. According to the future development trend, without 
considering the introduction of new policies and changes 
in the development mode of power grid companies, the 
control impact factor interval value and GA-Elm model are 

used to predict the carbon emission reduction contribution 
index in the next 5 years, and the predicted average value 
is 20101.4 × 104 t. As shown in Fig. 8, in each scenario, the 
cumulative probability of exceeding the predicted value is 
32.6%, 38.3%, 69.8%, and 59.8%, respectively. It can also 
be concluded that the development model of strengthening 
the consumption of clean energy and strengthening the 
substitution of electric energy can better achieve the con-
tribution index of carbon emission reduction in the future.

Adopting the development mode of strengthening clean 
energy consumption is the future development direction of 
power grid enterprises most advocated in the text. Under 
this mode, it can maximize the carbon emission reduction 
capacity of power grid enterprises, and be in an active and 
advantageous position in the future carbon emission reduc-
tion development planning goals. For power grid enter-
prises, in addition to pursuing the economic benefits of 
enterprise development, they also need to pay attention to 
the social and environmental benefits brought by the devel-
opment process. Therefore, combined with MCS-GA-ELM 
power grid enterprise carbon emission reduction contribu-
tion assessment under various scenarios, it can provide 

Table 3   Interval values of influencing factors in four scenarios

Control type Strengthen and reduce 
line loss type

Strengthen the 
consumption of clean 
energy

Enhanced electric 
energy substitution

Grid line loss/108 kWh [3001.3,3079.9] [2149.5,2834.6] [3001.3,3079.9] [3001.3,3079.9]
Length of high voltage transmission line/km [577,389.5,679,833.9] [584,772.6,693,605.8] [577,389.5,679,833.9] [577,389.5,679,833.9]
Availability factor of high voltage trans-

former/%
[99.82,99.84] [99.92,99.99] [99.82,99.84] [99.82,99.84]

Unified regulation of maximum power 
load/104 kW

[95,079.6,114,331,8] [95,079.6,114,331,8] [98,053.8,117,693.4] [95,079.6,114,331,8]

Hydropower installation/104 kW [23,150.2,24,133.04] [23,150.2,24,133.04] [23,631.9,27,705.7] [23,150.2,24,133.04]
Hydropower generation/108 kWh [8364.2,9341.4] [8364.2,9341.4] [8842.1,10,765.2] [8364.2,9341.4]
Wind power installation/104 kW [19,253.9,28,356.8] [19,253.9,28,356.8] [20,131.6,35,046.1] [19,253.9,28,356.8]
Wind power generation/108 kWh [3467.6,4730.9] [3467.6,4730.9] [3630.1,5935.5] [3467.6,4730.9]
Nuclear power installation/104 kW [3264.8,4375.1] [3264.8,4375.1] [3542.6,5628.8] [3264.8,4375.1]
Nuclear power generation/108 kWh [2412.9,3621.9] [2412.9,3621.9] [2530.13,4342.97] [2412.9,3621.9]
Proportion of secondary production/% [63.04,67.32] [63.04,67.32] [63.04,67.32] [67.42,68.19]
Proportion of tertiary industry/% [16.76,20.86] [16.76,20.86] [16.76,20.86] [17.30,24.02]
Asset liability ratio/% [55.81,56.07] [55.81,56.07] [55.81,56.07] [58.96,64.20]

Table 4   Prediction range of 
carbon emission reduction 
contribution

Scenario type Prediction range of car-
bon emission reduction 
contribution/104t

Control type [16,629.24,24,491.95]
Strengthen and reduce line loss type [16,142.30,24,711.69]
Strengthen the consumption of clean energy [15,515.10,27,497.82]
Enhanced electric energy substitution [16,850.51,27,424.04]
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Fig. 7   Fitting distribution of 
predicted value of carbon emis-
sion reduction contribution

a）Distribution fitting diagram of control prediction results

b）Distribution fitting diagram of strengthen reduce line loss type prediction result 

c）Distribution fitting diagram of prediction results of enhanced consumption of clean energy

d）Distribution fitting diagram of strengthen electric energy substitution prediction results
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new research ideas for the future comprehensive develop-
ment and strategic layout of power grid enterprises.

Compared with previous studies on carbon emission 
reduction, the new concept of carbon emission reduction 
contribution proposed in this paper is used to study power 
grid enterprises to explore their future development path 
in response to the dual carbon goals proposed by the state, 
and opens up a new research direction from the perspective 
of power grid enterprises. It has great innovative value in 
theory and application prospects.

Conclusion

In this paper, GA-ELM model is used to predict the contri-
bution value of carbon emission reduction under various sce-
nario development modes in the future. The prediction error 
is reasonable, and different scenario development modes are 
evaluated according to the results.

This paper has the following suggestions for the develop-
ment of power industry in the future:

(1)	 In the future development of China’s power indus-
try, the scale of clean energy power generation will 
gradually expand. In the scenario of strengthening 
clean energy consumption, the corresponding power 

grid enterprises contribute the most to carbon emis-
sion reduction in all scenarios. Therefore, we should 
first vigorously develop clean energy power generation, 
increase investment in clean energy power generation, 
and increase the proportion of clean energy power gen-
eration in the total power generation. For example, time 
of use tariff is adopted to improve the demand of users 
for clean energy power generation, vigorously develop 
energy storage technology, and enhance the consump-
tion capacity of clean energy power generation.

(2)	 Due to strengthening the reduction of line loss, the con-
tribution of power grid enterprises to carbon emission 
reduction is not significantly higher than that of the 
control. It is suggested to maintain the current line loss 
rate level and ensure the power supply reliability of the 
current scale power generation level.

(3)	 As the contribution of strengthening the electric energy 
substitution scenario to the carbon emission reduction 
of power grid enterprises is significantly higher than 
that of the control scenario, it is suggested to use the 
increased clean energy power generation as an alterna-
tive energy for some fossil fuel energy, such as vigor-
ously developing coal to electricity, accelerating the 
construction of electric vehicle network, and striving 
to achieve a higher level of electric energy substitution 
and emission reduction.

Table 5   Prediction range of 
carbon emission reduction 
contribution after screening

Scenario type Prediction range of carbon 
emission reduction contribu-
tion/104 t

Control type [17,854.20,21,329.82]
Strengthen and reduce line loss type [17,982.42,21,596.79]
Strengthen the consumption of clean energy [18,738.90,23,527.22]
Enhanced electric energy substitution [18,550.85,22,593.92]

Fig. 8   Probability of achiev-
ing carbon emission reduction 
contribution targets in four 
scenarios

32.6%
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69.8%

59.8%
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The above suggestions have certain reference significance 
for the future investment direction, management mode, and 
production mode of China’s power grid enterprises. In the 
future development and construction of power grid enter-
prises, it is an inevitable trend to carry out the updating 
and upgrading of power generation technology and imple-
ment the reform of power grid policies. On the basis of this 
paper, we can continue to carry out research on the field of 
strengthening clean energy consumption and carbon emis-
sion reduction of power grid enterprises, and we can also 
study new carbon emission reduction contribution manage-
ment mode on the basis of new historical data changes.

In the future, with the introduction of further control 
measures taken by China on carbon emission reduction, the 
structure of multi-energy power generation will be further 
adjusted; combined with the impact of COVID-19 on the 
world’s energy development, new development trends will 
appear on the basis of existing historical data. The model 
needs to predict the contribution value of carbon emis-
sion reduction more accurately according to the new data 
obtained in the future and provide more valuable develop-
ment models and strategies. There are more development 
models for the contribution of carbon emission reduction. 
This paper only lists four, and there are other development 
models with better effects to be further explored.

Acknowledgements  This work was supported by National Key R&D 
Program of China (2020yfb1707800).

Author contribution  Jinchao Li is responsible for proposal and guid-
ance of paper framework. Zihao Sun and Shiqiang Lu are responsible 
for data processing, programming, and writing manuscripts.

Data availability  The data used in the current research can be obtained 
from the energy statistical yearbook and the social responsibility report 
of power grid enterprises.

Declarations 

Ethics approval and consent to participate  Not applicable.

Consent for publication  Not applicable.

Competing interests  The author declares no competing interests.

References

BP (2020) BP world energy statistics yearbook 2020 Edition
China Southern Power Grid (2020) Social Responsibility Report (in 

Chinese)
China State Grid Corporation (2020) Social Responsibility Report (in 

Chinese)
Dong J, Li CB, Wang QQ (2021) Decomposition of carbon emission 

and its decoupling analysis and prediction with economic devel-
opment: a case study of industrial sectors in Henan Province. J 
Clean Prod 321:129019

Gao MY, Yang HL et al (2021) A novel fractional grey Riccati model 
for carbon emission prediction. J Clean Prod 282:124471

Gao MY, Yang HL et al (2022) A novel method for carbon emis-
sion forecasting based on Gompertz’s law and fractional grey 
model: evidence from American industrial sector. Renew 
Energy 181:803–819

Holland JH (1975) Adaptation in natural and artificial systems. Ann 
Arbor 6(2):126

Huang GB, Zhu QY, Siew CK (2006) Extreme learning machine: 
theory and applications. Neurocomputing 70(1–3):489–501 (in 
Chinses)

Jiang P, Alimujiang A (2020) Detecting and understanding synergies 
and co-benefits of low carbon development in the electric power 
industry in China. Sustainability 12(1):297

Jin JL, Zhou P et  al (2019) Low-carbon power dispatch with 
wind power based on carbon trading mechanism. Energy 
170:250–260

Jin J et al (2022) Optimization of carbon emission reduction paths 
in the low-carbon power dispatching process. Renew Energy 
188:425–436

Köne AÇ, Büke T (2019) Factor analysis of projected carbon dioxide 
emissions according to the IPCC based sustainable emission 
scenario in Turkey. Renew Energy 133:914–918

Li J et al (2020) Research on carbon emission reduction benefit 
of wind power project based on life cycle assessment theory. 
Renew Energy 155:456–468

Liao CY, Wang SG et al (2019) Driving forces of provincial-level 
CO2 emissions in power sector based on LMDI method. Energy 
Procedia 158(2019):3859–3864

Lin J, Qi Y et al (2018) Summary of research on carbon emission 
reduction contribution sharing to achieve the goal of Paris 
Agreement fairly. Adv Clim Chang Res 14(05):529–539 (in 
Chinese)

Liu JP, Zhang XB et al (2018a) Regional carbon emission evolution 
mechanism and its prediction approach driven by carbon trading 
e A case study of Beijing. J Clean Prod 172:2793–2810

Liu Q, Zheng XQ et al (2018b) Carbon emission scenarios of power 
sector: Impact of controlling measures and carbon pricing 
mechanism. Adv Clim Chang Res 9(1):27–33

Liu XH, Jiang KS (2017) Study on indirect carbon emission of 
Chinese Residents Based on PLS-VIP method. Environ Eng 
35(2):168–173

Liu XH (2016) Research on indirect carbon emissions of Chinese 
rural residents under environmental regulation scenario – based 
on STIRPAT model and PLS-VIP method. Resource Develop-
ment and Market 32(12):1471–1476 (in Chinese)

Magazzino C, Mele M, Schneider N (2021) A machine learning 
approach on the relationship among solar and wind energy pro-
duction, coal consumption, GDP, and CO2 emissions. Renew 
Energy 167:99–115

Meng JX, Hao WM et al (2018) Research on accounting method of 
carbon emission reduction for three-phase load balancing pro-
ject of low-voltage power grid.Proceedings Of 2018 IEEE 4th 
Information Technology And Mechatronics Engineering Con-
ference (Itoec 2018) 1134–1138. INSPEC Accession Number: 
18761135

Meng ZP (2021) Highlight the strategic supporting role of power 
grid enterprises in implementing the goals of carbon peak and 
carbon neutralization. People’s Daily (in Chinese)

Nakhli MS et al (2022) Nexus between economic policy uncertainty, 
renewable & non-renewable energy and carbon emissions: con-
textual evidence in carbon neutrality dream of USA. Renew 
Energy 185:75–85

Pan X et  al (2020) Long-term forecasting of industrial CO2 
emissions in 31 provinces of China. Environ Sci Pollut Res 
27:5168–5191

23435Environmental Science and Pollution Research  (2023) 30:23422–23436

1 3



Pu SR, Li J (2016) Measurement and evaluation of Beijing Tianjin 
Hebei regional carbon emission reduction capacity. Res Sci 
Technol Manag 36(05):193–198

Rahman MM et al (2022) Renewable energy, energy intensity and car-
bon reduction: experience of large emerging economies. Renew 
Energy 184:252–265

Ren F, Long DH (2021) Carbon emission forecasting and scenario 
analysis in Guangdong Province based on optimized Fast Learn-
ing Network. J Clean Prod 317:128408

Shi M (2022) Forecast of China’s carbon emissions under the back-
ground of carbon neutrality. Environ Sci Pollut Res 29:43019–
43033 (2022)

Speech of Xi, J P at the general debate of the 75th UN General Assem-
bly Central Government Website (2020)

Su W (2021) Add color to beautiful China. China Electric Power News 
(in Chinese)

Sun W, Huang CC (2022) Predictions of carbon emission intensity 
based on factor analysis and an improved extreme learning 
machine from the perspective of carbon emission efficiency. J 
Clean Prod 338:130414

Sun Y et al (2022) How do renewable energy and urbanization cause 
carbon emissions? Evidence from advanced panel estimation tech-
niques. Renew Energy 185:996–1005

Tian C, Feng GH, et al (2021) Prediction of regional building energy 
conservation and emission reduction potential in Liao dong wan 
new area based on scenario analysis. J Shenyang Archt Univ (Nat-
ural Science Edition) 37(03):542–548 (in Chinese)

Wang Y, Li J (2019) Spatial spillover effect of non-fossil fuel power 
generation on carbon dioxide emissions across China’s provinces. 
Renew Energy 136:317–330

Wang Q, Su M (2020) A preliminary assessment of the impact of 
COVID-19 on environment – A case study of China. Sci Total 
Environ 728:138915

Wang Q, Zhang F (2021) What does the China’s economic recovery 
after COVID-19 pandemic mean for the economic growth and 
energy consumption of other countries. J Clean Prod 295:126265

Wang Q, Li S, Jiang F (2021) COVID-19 pandemic on energy con-
sumption: new insight from difference between pandemic-free 
scenario and actual electricity consumption in China. J Clean 
Prod 313:127897

Wang Q, Li S et al (2022) Underestimated impact of the COVID-
19 on carbon emission reduction in developing countries – a 
novel assessment based on scenario analysis. Environ Res 
204(2022):111990

Xia Y, Wang HJ et al (2019) The indirect carbon emission from house-
hold consumption in China between 1995–2009 and 2010–2030: 
a decomposition and prediction analysis. Comput Ind Eng 
128:264–276

Xie YL, Fu ZH et al (2019) Integrated planning for regional electric 
power system management with risk measure and carbon emis-
sion constraints: a case study of the Xinjiang Uygur Autonomous 
Region, China. Energies 12(4):601

Xu R, Liang X, Qi JS et al (2019) Frontier developent and trend of 
extreme learning machine. J Comput Sci 42(7):1640–1670 (in 
Chinese)

Zhao B, YangW, (2022) Short-run forecast and reduction mechanism 
of CO2 emissions: a Chinese province-level study. Environ Sci 
Pollut Res 29:12777–12796

Zhao R, Min N et al (2017) Allocation of carbon emissions among 
industries/sectors: an emissions intensity reduction constrained 
approach. J Clean Prod 142:3083–3094

Zhou WH, Zeng B et al (2021) Forecasting Chinese carbon emissions 
using a novel grey rolling prediction model. Chaos Solitons Frac-
tals 147:110968

Zhu L, He, LC, et al. (2018) Influencing factors and scenario forecasts 
of carbon emissions of the Chinese power industry: based on a 
generalized divisia index model and Monte Carlo simulation. 
Energies 11(9)

Publisher's note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds 
exclusive rights to this article under a publishing agreement with the 
author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of 
such publishing agreement and applicable law.

23436 Environmental Science and Pollution Research  (2023) 30:23422–23436

1 3


	Assessment of carbon emission reduction contribution of Chinese power grid enterprises based on MCS-GA-ELM method
	Abstract
	Introduction
	Background and motivation
	Related work
	Contribution and organization

	Influencing factors
	Current situation of carbon emission reduction contribution of power grid enterprises
	Analysis on influencing factors of carbon emission reduction contribution
	Selection of screening methods for influencing factors
	Influencing factors screening by PLS-VIP method


	Methodology
	GA-ELM model
	Genetic algorithm
	Extreme learning machine
	Implementation process of GA-ELM algorithm

	Monte Carlo simulation

	Validation
	GA-ELM model training
	Carbon emission reduction contribution assessment
	Carbon emission contribution prediction and assessment analysis

	Conclusion
	Acknowledgements 
	References


