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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
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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 is014064-2:2006. 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

@ Springer



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

23424

0S0Z 03 Z10T woij eury)) Jo seouraoxd ¢ ur syuow
-)redop [ELNSNPUL 4] JO SPUI) UOISSIWD 7O Y} ISLIAI0]
1580910} UnI-}10ys (A Y} JO anfea
uoneordde pue AoeIndooe ay) AjepIfeA sjnsal Junsdy Ay [,
swiyILIoS[e J9ylo uey)
Koeanooe uonorpaid 1oy31y sey YAS pazrundo OmMD-dd
uononpar
UOISSTW U0qIed Jo A3I0uAS oy} ysI[qeiso 0} omod puim
pue 1omod [euLIay) JO UONBUIqUOD 1s9q Y} djowoid 1oyng

renudjod uononpar uorssIwa 1eaIsd sey 309foxd
1omod styy ‘syuerd romod paig-[eod Areurpro yym paredwo))

101038
Jomod oY) WOIJ SUOISSTWS IPIXOIP UOGIED PIONPAI SBY UOT)
-e1ou03 1omod [onJ-[I1SSOJ-UOU JO dJYS ) U ISBIIOUT Y],
Aysuoyur uoqIed 2oNpal [[Im
uonezIueqin pue asn ASIoUQ A[qBMOURI IIYM ‘AJISUSIUL
u0qIed 9SBAIOUI [[IM UOTIRZI[BLI)SNPUT pue A)isudjul A31oug

uononpoid Iouea[do d[qeuIeIsSns

pU® [[& JO [e03 3} SB AFI19UQ U213 pue ASIUD UBI[O e,
SUOISSTW U0GIed

19yS1y 01 P9 2ARY YIMOIS OTWOU0I? pue uoneziueqin prdey
SIUQWISSASSE [BD

110381y ur dAnIsod ueaq eAey SuoIssIwe 7O uo syeduwr [y

[epouwr uonezrundo [erodura)Iour J0303S-NNA]

ana

OMD-Ed VId ‘OSSV'1

Tepowr uonezrumndo 1snqo1 paIngLnsIq

KI09Y) JUSWISSISSE [0KD I

S7ISTSD

ONd “1adV
1591 AjITesned Jo3ueln)
yoeoidde Jurpjor densjoog

SpPOYIAW PJIALIOI
-seIq pue pagrpour A[[nj payepdn Ajsnonunuo))

00dl

10)99S [ELISNPUI S,BUIYY) WOIJ SUOISSIWA APIXOIP UOGIED)

BUIYD) UT UOT}ONPAI UOISSIW UOGTE))

Ayennau
uoqgIed Jo punoIgyoeq Jy) I9pun SUOISSIUID UOGIED S BUIYD)

uoronpar

UOISSTW? U0qIed pue Surydjedsip romod uoqres mo|

syoofoxd
19mod puIm JO sJgauaq UOTIONPAI UOISSIUIS UOQIR))

s[onj-[Issoj-uou pue Ansnput ramod s eury)

SQIWIOU0J9 FUISIOWD }S9TIe] G S, PIIOM dY],
ATennau uoqred Jo 3xAQU0d Y} ul £o1j0d d1UOU0I? SN
SUOISSTW UO0QIed BOLIFY YIION pue Jseq [PPIA

KoyIng, ur uonsNquIod
[onJ [ISSOJ WIOI} SUOISSIWD U0qIed pjdsfoId pue [ed110)SIH

(0207) 'Te 10 ueq
(T2ot) Suex pue oeyz

(zoo) WS

(2200 Te 0 up

(0200) T80 1T

(6102) V'T pue Suep

(2200) T8 10 urwyey
(2200 Te 10 pfeN
(2200 T8 10 ung

(6107) a3ng pue suQy]

uoIsSN[OU0))

poyjeu Yoreasay

109[qo yoreasay

3y

AmjeId| Jo Arewwing | 3jqey

pringer

Qs



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

23425

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:

CTB, = ACpy, + ACg + ACs + AC g + AC, (1)
ACpg, = AEpg X 1lpg, 2
ACg = AER X1 )
ACg = AEg X 1y (@)
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ACgg = AEpg X Nyg )
ACp = AEL X g 6)

CTB, refers to the contribution of carbon emission
reduction, ACpq, refers to the reduction of line loss, ACy
refers to the consumption of clean energy, ACj refers to
the substitution of electric energy, AC, refers to the
reduction of comprehensive energy services, and ACy
refers to the reduction of energy supply and energy effi-
ciency services, with the unit of 10* t. AEp, refers to
reducing line loss and saving electricity, AEy refers to
clean energy generation, AE refers to electricity substitu-
tion, AE ;¢ refers to comprehensive energy service sav-
ing, AEy refers to optimized energy supply and energy
efficiency service saving, with the unit of 108 kWh.
#pq, tefers to the carbon emission reduction conversion
coefficient of line loss electricity, 7 refers to the carbon
emission reduction conversion coefficient of clean energy
electricity, #q refers to the carbon emission reduction con-
version coefficient of electricity substitution electricity,
s refers to the emission reduction conversion coeffi-
cient of comprehensive energy services, and #p 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

@ Springer

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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® Reduce line loss

® Clean energy
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Fig. 3 Proportion of influencing factors

Extreme learning machine

Limit learning machine (ELM) is a single hidden layer feed-
forward neural network learning algorithm (Huang et al.
20006). 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.

Fig.4 Road map of carbon

emission reduction assessment
model

Historical data of carbon
emission contribution of
power grid enterprises
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Suppose there are N training samples(xi, yi), input
data x; = [x,-l S X e ,x,»m] T,and the expected output
isy; = [J’n SV ,y,-m] , that is, there are m neuron nodes in the
input layer and n neuron nodes in the output layer. Let the hidden
layer have [ nodes, w;; represents the weight of the input layer
node i and the output layer node j, and b, represents the threshold
of the hidden layer node /, both of which are randomly generated.
If ;i 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

!
y}=2ﬂi'g(wi.xi+bi)’j=1727"'?” )
i=1

The model can be expressed as
Hep=T ®)

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

g(wlxlbl) g(wlxlbl)
H= : : 9)
g(wlbel) 8(501be1)

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

12)

n is the number of samples, y:. is the predicted value
obtained from ELM training, and y; 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
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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 Fy(x) is the random variable
defined on (0,1), which is recorded as U, and its cumula-
tive frequency function is

Fya)=P{U<a}=P{X<F (@)} =FF (@)=«
(13)

where F!is the inverse function of F, because
Fyla)=a (14)

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

X=F'(a) (15)

On the basis of the above principle, a hypothetical func-
tion Y = f(x;,x,, -+, x,) is set, in which the probability
distribution of variables is x, x,, ---,x,. A set of random
variable values x;;, x,;, -*+, X,; are obtained by generating
random numbers, and the value y; of the function Y is
obtained from the corresponding relationship.

Vi =f(x1i,x2,», ’xni) (16)

A set of function Y values y;, y,, -*-, ¥, 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.

@ Springer

(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

1< 2
RMSE = | - =y, 17
w2 0im) a7
MAPE is mean absolute error
MAPE = IOO%Z Yi— Vi (18)
3l Vi
MAE is mean absolute error
1 © o
MAE = — =y,
. ; I = vl (19)

The range of evaluation indexes is [0, + co0), which is
equal to O 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.
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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
4
14210 .
—-o-True value
1.3 H——-GA-ELM 5
BP
1.2 SVM
PRA .
[}
£ 1 -
&
0.9 / 1
0.8 a
0.7
06\ \ \
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Prediction sample

Fig.6 Comparison of learning accuracy of three prediction models

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 R? 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.
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Table 3 Interval values of influencing factors in four scenarios

Control type

Enhanced electric
energy substitution

Strengthen and reduce Strengthen the
line loss type consumption of clean
energy

Grid line loss/10® kWh
Length of high voltage transmission line/km

[3001.3,3079.9]

Auvailability factor of high voltage trans- [99.82,99.84]

former/%

Unified regulation of maximum power [95,079.6,114,331,8]

load/10* kW
Hydropower installation/10* kW
Hydropower generation/10% kWh
Wind power installation/10* kW
Wind power generation/10® kWh
Nuclear power installation/10* kW
Nuclear power generation/10% kWh

[23,150.2,24,133.04]
[8364.2,9341.4]
[19,253.9,28,356.8]
[3467.6,4730.9]
[3264.8,4375.1]
[2412.9,3621.9]
[63.04,67.32]
[16.76,20.86]
[55.81,56.07]

Proportion of secondary production/%
Proportion of tertiary industry/%
Asset liability ratio/%

[577,389.5,679,833.9]

[2149.5,2834.6]
[584,772.6,693,605.8]
[99.92,99.99]

[3001.3,3079.9]
[577,389.5,679,833.9]
[99.82,99.84]

[3001.3,3079.9]
[577,389.5,679,833.9]
[99.82,99.84]

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

23,150.2,24,133.04]
8364.2,9341.4]
19,253.9,28,356.8]
3467.6,4730.9]

[ [23,631.9,27,705.7]
[

[

[

[3264.8,4375.1]

[

[

[

[

[8842.1,10,765.2]
[20,131.6,35,046.1]
[3630.1,5935.5]
[3542.6,5628.8]
[2530.13,4342.97]
[63.04,67.32]
[16.76,20.86]
[55.81,56.07]

[23,150.2,24,133.04]
[8364.2,9341.4]
[19,253.9,28,356.8]
[3467.6,4730.9]
[3264.8,4375.1]
[2412.9,3621.9]
[67.42,68.19]
[17.30,24.02]
[58.96,64.20]

2412.9,3621.9]
63.04,67.32]
16.76,20.86]
55.81,56.07]

Table 4 Prediction range of
carbon emission reduction
contribution

Scenario type

Prediction range of car-
bon emission reduction
contribution/10%

Control type

Strengthen and reduce line loss type
Strengthen the consumption of clean energy
Enhanced electric energy substitution

[16,629.24,24,491.95]
[16,142.30,24,711.69]
[15,515.10,27,497.82]
[16,850.51,27,424.04]

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 10* 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-EIm model are
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used to predict the carbon emission reduction contribution
index in the next 5 years, and the predicted average value
is 20101.4x 10* 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
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Fig. 7 Fitting distribution of
predicted value of carbon emis-
sion reduction contribution
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Table 5 Prediction range of
carbon emission reduction
contribution after screening

Scenario type

Prediction range of carbon
emission reduction contribu-
tion/10% t

Control type

Strengthen and reduce line loss type
Strengthen the consumption of clean energy

Enhanced electric energy substitution

[17,854.20,21,329.82]
[17,982.42,21,596.79]
[18,738.90,23,527.22]
[18,550.85,22,593.92]

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

Scenario4

Scenario3

Scenario2

Scenariol

I|"

59.8%

69.8%

38.3%

0.0%

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
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10.0%  20.0%

2

3)

30.0% 40.0% 50.0% 60.0% 70.0%  80.0%

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.

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.

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.
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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.
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