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Abstract
In order to �nd the model of rural energy transformation in Henan Province. This paper examines the
effects of population, per capita income, total value of agricultural output, per capita housing area,
electric motor power, total power of rural durable goods on rural power consumption (PC) and effective
irrigation area, per capita housing area, total power of agricultural machinery, total value of agricultural
output, rural population, and energy intensity on rural total energy consumption (TEC) employing Tapio
decoupling model. In addition, PSO-BOP is used to predict the values of each in�uencing factor in 2020-
2025. Last, the STIRPAT model is used to forecast TEC and PC from 2020-2025 based on the data of
rural energy consumption in Henan Province from 2009-2019. The results show that other factors besides
population promote TEC and PC to different degrees. Moreover, the in�uencing factors, TEC and PC form
a virtuous cycle of mutual promotion. Then, TEC and PC consumption show an increasing trend year by
year in 2020-2025. It is worth noting that after 2022, the variation of PC is greater than that of TEC. To
sum up, improving rural electri�cation level is a necessary way to realize its low-carbon energy transition.

1. Introduction
Energy is an important material foundation for the survival and development of human society. It is vital
to the national economy and people's livelihood and the strategic competitiveness of a country. In today's
world, the massive use of fossil energy brings about a series of problems in the �elds of environment,
ecology and global climate change. Countries around the world have taken the initiative to solve the
dilemma and accelerate energy transformation and development. Yet now, around 2.8 billion people
worldwide still rely on traditional biomass for cooking, heating and so on, 95% of which are concentrated
in rural areas in Asia and Africa (Ma et al. 2021b; Han et al. 2021).

China is a big agricultural country with vast rural area and the rural population. About half of China's
population lives in the countryside. Since the reform and opening up, the traditional rural energy
consumption structure has also undergone signi�cant changes (Jin et al. 2019). Nonetheless, China's
combined agricultural and rural greenhouse gas emissions account for about 15 percent of national
emissions (Han et al. 2021). Promoting rural energy revolution and realizing rural energy transformation
and upgrading are crucial measures to implement the spirit of the 19th CPC National Congress and
General Secretary Xi Jinping's strategic thought on energy revolution. Therefore, it is an effective way to
realize the green development of rural areas to explore the path of low-carbon energy transition in China.

Henan is the largest agricultural province in central China, with a population of 96.4 million. Residents of
Henan Province are heavily concentrated in the countryside. As an important province with a large
population and large grain and agricultural production, Henan is the main battle�eld of the rural
revitalization strategy (Wu et al. 2015; Zi et al. 2021).

In January 2017, the People's Government of Henan Province issued the 13th Five-Year Energy
Development Plan of Henan Province, which put forward eight key tasks, including accelerating the
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development of non-fossil energy, strengthening rural energy construction and building a smart energy
system. The supply-side structural reform in the energy sector has achieved remarkable results. The
average annual concentration of PM2.5 and PM10 has dropped by more than 30%, and all environmental
indicators have reached the best level in the past �ve years. The 14th Five-Year Plan points out that it is
necessary to build a low-carbon and e�cient rural energy support system in Henan Province, continue to
promote the energy revolution, and actively develop new and renewable energy.

In addition, the strategic Plan for Rural Revitalization of Henan Province (2018-2022) speci�es the key
tasks of "promoting the rural energy revolution". It is mainly re�ected in optimizing the rural energy supply
structure and constructing a clean, low-carbon, safe and e�cient modern rural energy system.

Therefore, exploring the driving factors of rural energy consumption in Henan Province and predicting the
trend of total energy consumption (TEC) and power consumption (PC) in Henan Province are crucial
steps to explore the mode of rural energy transformation and upgrading in Henan Province.

For these reasons, the main tasks of this paper are to analyze the current situation of rural energy
consumption in Henan Province, explore the driving factors affecting TEC and PC in rural areas of Henan
Province, and forecast TEC and PC to analyze their changing trend. So as to explore the low-carbon
energy transformation model of Henan Province. In addition, the technical roadmap for this article is
shown in Fig. 1.

The contributions and originalities of this paper can be summarized as follows:

(1) In this paper, the decoupling states between rural PC and TEC and its in�uencing factors in Henan
Province are analyzed by using decoupling principle creatively.

(2) Since there is multicollinearity among the 6 in�uencing factors of TEC, and the same problem exists
among the 6 in�uencing factors of PC. Therefore, based on STIRPAT model, this paper uses ridge
regression method to �t the linear equations of TEC and PC originally, and the validity of the �tted
equations are veri�ed. Rather than simply summing up the primary energy consumption of rural Henan
Province.

(3) In addition, this paper optimizes the BP neural network by PSO, and innovatively predicts the values of
in�uencing factors of PC and TEC.

(4) Finally, the consumption of TEC and PC in 2020-2025 are obtained by STIRPAT using ridge regression.
Also, the forecast results of TEC and PC are analyzed to �nd the mode of rural energy transformation in
Henan Province.

The rest of the article is structured as follows: Section 2 provides a relevant literature review for rural
energy consumption, rural power consumption and the application of STIRPAT model. Variable selection
for total energy consumption and power consumption of Henan Province are introduced based on Tapio
decoupling model in Section 3. Theoretical model construction and data in Section 4. Section 5 analyzes
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and discusses the results of regression equations. Section 6 provides the conclusions and policy
recommendations.

2. Literature Review

2.1. Research on rural energy consumption
In China's rural areas, energy consumption is mainly used for villagers' life, such as heating, cooking,
lighting, transportation and agricultural production activities, such as irrigation, planting, harvesting and
fertilization (Ma et al. 2021a). Due to China's rapid urbanization process, energy consumption in rural
areas is increasing. Moreover, a large amount of CO2 gas is emitted, which poses a threat to the health of
villagers (Amagai et al. 2014).

Technological advances in energy e�ciency and replacing conventional energy with renewable energy
are generally regarded as effective measures to solve the problem of harmful gas emissions (Wu 2020;
Du et al. 2021; Su et al. 2022).However, the consumption of fossil fuels supports the total consumption
of rural energy, and the use of clean energy is less.

Consequently, many scholars have explored the transformation mode of rural energy. Han et al.(Han et al.
2021) used the space-time model to study the space-time characteristics of energy ladder in agriculture
and rural life of developing countries, taking China as an example, by analyzing rural life and production
activities. From the perspective of information reliability and standard non-compensation, Peng et al.
(Peng et al. 2021) constructed a decision support framework for managing the choice of new energy in
rural areas. This is of great signi�cance to the realization of the national low-carbon sustainable goal. He
et al.(He et al. 2014) proposed to reduce the total energy consumption in rural areas by improving the
energy e�ciency of rural buildings. Jia et al.(Jia et al. 2022) analyzed the impact of the energy
consumption revolution on the health of the elderly in rural areas and its mechanism. And put forward,
should improve the rural medical security level. So as to improve the physical and mental health of the
elderly to ensure the successful realization of the rural energy revolution. Yahyaoui et al. (Yahyaoui et al.
2016) explored the installation scheme of renewable clean energy power generation devices in remote
rural areas. It provides important policy suggestions for the green and sustainable development of rural
areas. Ma et al. (Ma et al. 2021a) analyzed the current situation of energy consumption in rural China,
obtained the main factors affecting rural energy consumption, identi�ed the key factors to improve
energy e�ciency, and provided a meaningful reference for rural low-carbon energy transformation.
Lemence and Tamayao (Lemence and Tamayao 2021) identi�ed hybrid solar systems as a powerful
solution for sustainable energy in rural Philippines, and developed a grid connection solution with the
lowest cost for solar photovoltaic. Zou and Luo (Zou and Luo 2019) used Tobit model to estimate the
determinants of energy consumption of rural households in China, based on the data of 1,472 rural
households in a comprehensive survey. The results show that households with higher economic and
educational levels have higher levels of electri�cation of energy consumption (Zou and Luo 2019; Li et al.
2021). Imran et al. (Imran et al. 2019) collected primary data from 196 households in four districts of
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Pakistan's Punjab province to explore the impact of biomass energy on human health in rural areas. Zi et
al. (Zi et al. 2021) analyzed the cooking energy mode in rural areas of Henan Province and learned that
the low-carbon transformation of cooking energy is of great help to the transformation of rural energy.

Thus, only by analyzing the current situation of rural energy consumption can we �nd a way out of rural
energy transformation. However, most of the above literature is cross-regional analysis of the path of
national rural energy transformation. Hence, this paper focuses on the analysis of the current situation of
rural energy in Henan Province.

2.2. Research on rural power consumption
Studies on power consumption in rural areas have found that, with the improvement of rural living
standards, energy consumption increases and electricity consumption also shows a rising trend
(Tesfamichael et al. 2020; Agrawal et al. 2020). The increase of per capita income makes the
transformation of rural energy use to commercialization (Asmare et al. 2021). That is, the villagers will
gradually shift their dependence on non-commercial energy sources such as straw, �rewood and bulk
coal to electricity (Riva and Colombo 2020). The improvement of rural electri�cation can not only improve
the e�ciency of people's work and study, but also diversify people's ways of entertainment and study,
thus improving people's physical and mental health (Han et al. 2020). Electri�cation has also increased
the use of household appliances in rural areas and improved the quality of life of the people (Mahajan et
al. 2020), thereby changing lifestyles, improving the per capita income, and accelerating the pace of
urbanization in rural areas towards a relatively well-off society (Sedai et al. 2021).

Yet 1.2 billion people still do not use electricity, and most of them live in rural areas (Robert and Gopalan
2018; Vinicius et al. 2021). Therefore, the driving factors for improving rural electri�cation level should be
explored while improving grid coverage.

Ma et al. proposed that the purchase rate of energy-saving household appliances is greatly affected by
the education level of rural households, per capita income and government subsidies (Ma et al. 2018), as
well as the in�uence of place and custom (Zou and Mishra 2020). (Rahman et al. 2013) analyzed that the
success of rural electri�cation program in Bangladesh is signi�cantly related to the driving factors of
system investment, community participation, anti-corruption characteristics, standardized practices and
performance incentives. It provides a meaningful reference for rural electri�cation in other countries.
Minaei et al. (Minaei et al. 2021) proposed to improve rural electri�cation by improving the quality of life
in rural and remote areas through clean electricity.

Nonetheless, these studies only focus on the in�uencing factors of rural electri�cation from a single
perspective. Correspondingly, the task of this paper is to explore the driving factors affecting rural
electricity consumption from various aspects.

2.3. Research on STIRPAT
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STIRPAT model has been successfully applied to study the environmental pollution caused by various
factors. Based on STIRPAT model, the scenario of peak household carbon dioxide emissions at provincial
level in China was simulated by Zhao et al.(Zhao et al. 2021). Wu et al., Ghazali and Ali (Ghazali and Ali
2019; Wu et al. 2021, p. 2) used the extended STIRPAT model to analyze the drivers of the downward
trend of CO2 emissions in developed countries. Using the extended STIRPAT model, Lin et al.(Lin et al.
2017) explores the impact of urbanization and real economy development on co2 emissions in
developing countries.

Also, some literatures also use STIRPAT model to explore the driving factors of energy consumption. Gani
(Gani 2021) researched the impact of fossil fuel power generation on environmental quality, based on a
STIRPAT model that incorporated economic, social and institutional factors. Using STIRPAT model,
Shahbaz et al. (Shahbaz et al. 2017) re- investigated the relationship between urbanization and energy
consumption in Pakistan during 1972Q1-2011Q4. And it con�rmed that urbanization increases energy
consumption. Employing the extended STIRPAT model, Wang et al. (Wang et al. 2013) inspected the
effects of population, economic level, technological level, urbanization level, industrialization level,
service level, energy consumption structure and foreign trade level on energy consumption in Guangdong
from 1980 to 2010. The empirical results show that population, urbanization level, per capita GDP,
industrialization level and service level can lead to the increase of total energy consumption, and then
increase CO2 emissions.

Whereas, there is no literature to assess the main drivers of rural energy in China applying STIRPAT
model. Therefore, the primary purpose of this paper is to investigate the driving factors affecting rural
energy consumption in Henan Province based on STIRPAT model.

3. Analysis Of The Current Situation Of Rural Energy In Henan
Province
This section introduces the decoupling principle to analyze the in�uencing factors of rural energy
consumption and electricity consumption in Henan Province.

3.1. Variable selection

3.1.1. The decoupling theory
The word "decoupling" originated in physics. Decoupling means that environmental pressure and
economic growth are no longer interdependent, and changes in environmental pressure indicators such
as carbon emissions are no longer synchronized with changes in economic development, and do not
affect each other (Gong et al. 2021). The Tapio decoupling model analyzes the decoupling relationship
between variables through the concept of elasticity. Tapio decoupling model is not only not affected by
the change of statistical dimension, but also can decompose the causal chain of the decoupling index by
using the identity, so as to realize the in-depth analysis and research on the in�uencing factors behind the
decoupling state (Duan et al. 2021). This paper studies the decoupling relationship between rural TEC
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and its in�uencing factors in Henan Province and the decoupling relationship between rural PC and its
in�uencing factors.

The expression is as follows:

D =
ΔQ/Q
ΔYi/Yi

1
where, D is decoupling elasticity index; Q is rural TEC or EC; Y is the in�uencing factor.

Consequently, the equation of energy in�uencing factors based on decoupling theory can be written as:

D =
ΔE/E

ΔWi/Wi

2
where, Wi represents the ownership of various factors affecting rural TEC in Henan Province; ΔWi
represents its increment; E andΔE represent the rural TEC and its increment in Henan Province in the
current year.

Consequently, the equation of electricity in�uencing factors based on decoupling theory can be written
as:

D =
ΔC/C

ΔNi/Ni

3
where, Ni represents the ownership of various factors affecting rural PC in Henan Province; ΔNi
represents its increment; C andΔC represent the rural PC and its increment in Henan Province in the
current year.

Tapio decoupling indicators take the positive and negative values of ΔQ and ΔY, as well as the elastic
values of 0.8 and 1.2 as critical values, respectively, to judge the state and degree of decoupling. Eight
decoupling states are de�ned according to the value of decoupling elasticity (Wenbo and Yan 2018), as
shown in Table 1. 
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Table 1
Classi�cation of Tapio decoupling states.

Decoupling state Decoupling type ΔQ ΔYi Elastic coe�cient D

Negative decoupling Negative decoupling of growth

(NDG)

>0 >0 D>1.2

Strong negative decoupling

(SND)

>0 >0 D<0

Weak negative decoupling

(WND)

>0 >0 0<D<0.8

Concatenate Growing concatenate

(GC)

>0 >0 0.8<D<1.2

Recession concatenate

(RC)

>0 >0 0.8<D<1.2

Decoupling Weak decoupling

(WD)

>0 >0 0<D<0.8

Strong decoupling

(SD)

>0 >0 D<0

Recession decoupling

(RD)

>0 >0 D>1.2

3.1.2. The variable selection
In this paper, EIA, PS, PAM, V, POP and EE are taken as the in�uencing factors of TEC in Henan Province.
Based on the data of TEC and in�uencing factors in rural areas of Henan Province from 2009 to 2019, the
decoupling analysis is conducted based on equation (2). The results are shown in Table 2 and Fig. 2.
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Table 2
Decoupling states between TEC and in�uencing factors.

Time EIA PS PAM V POP EE

2009-2010 NDG NDG GC WD SND SND

2009-2011 NDG NDG NDG WD SND SND

2009-2012 NDG NDG NDG WD SND SND

2009-2013 NDG NDG GC WD SND SND

2009-2014 NDG NDG GC WD SND SND

2009-2015 NDG NDG NDG WD SND SND

2009-2016 NDG GC NDG WD SND SND

2009-2017 NDG GC NDG WD SND SND

2009-2018 NDG NDG NDG WD SND SND

2009-2019 NDG NDG NDG WD SND SND

According to the Table 2, there is a negative decoupling of growth between EIA and total energy
consumption TEC. The association between PAM and TEC is negative decoupling of growth and growing
concatenate. Also, the relationship between PAM and TEC is negative decoupling of growth and growing
concatenate. The relationship between V and TEC shows weak decoupling. POP and EE show strong
negative decoupling relationship with TEC.

As shown in Fig. 2, EIA, PS, PAM, and V all show positive decoupling effects on TEC. Among them, the
most in�uential factor is the EIA, which shows a trend of wave rise. In addition, the decoupling index of
PS, PAM and V have approximately the same trend. However, POP and EE have a negative decoupling
effect on TEC, and the decoupling elasticity index of POP is large.

In terms of PC, V, EEP, POP, PI, PS, and TP are taken as the in�uencing factors of PC in Henan Province.
Based on the data of PC and in�uencing factors in rural areas of Henan Province from 2009 to 2019, the
decoupling analysis is conducted based on equation (3). The results are shown in Table 3, and Fig. 3. 
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Table 3
Decoupling states between PC and in�uencing factors.

Time V PI PS EEP POP TP

2009-2010 WD WD NDG NDG SND WD

2009-2011 WD WD NDG NDG SND WD

2009-2012 WD WD NDG NDG SND WD

2009-2013 WD WD NDG NDG SND WD

2009-2014 WD WD NDG NDG SND WD

2009-2015 WD WD NDG NDG SND WD

2009-2016 WD WD NDG NDG SND WD

2009-2017 WD WD NDG NDG SND WD

2009-2018 WD WD NDG NDG SND WD

2009-2019 WD WD NDG NDG SND WD

The Table 3 shows that the variables V, PI and TP show weak decoupling with rural electricity
consumption PC in Henan Province. In addition, the states of PS and EEP are negative decoupling with
PC. However, there is a strong negative decoupling between POP and PC.

As shown in Fig. 3, the analysis of V, PI, PS, EEP and TP from 2009 to 2019 show a positive decoupling
effect on PC. Among them, EEP has the most signi�cant impact on PC, the second is the PS, and V, PI and
TP have the same in�uence on PC.

4. Theoretical Model Construction And Data
In this study, to fully investigate the characteristics of rural energy usage of Henan Province in total
energy consumption (TEC) and power consumption (PC). Firstly, STIRPAT method is used to �t and
forecast the total amount of rural energy consumption and electricity consumption in Henan Province,
and the model is veri�ed. The next, PSO- BP is involved to predict the change of the in�uencing factors of
TEC and PC in Henan Province.

4.1. Theoretical model construction

4.1.1. The STIRPAT theory
The STIRPAT model originated from IPAT(Impact by Population A�uence and Technology), �rst
proposed by Ehrlich and Holdren (1971) (Yang et al. 2018; Gani 2021; Zhao et al. 2021).The IPAT identity
(I = PAT) is often used as a basis for investigating the effects of various factors on environmental
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pollution. Hence, STIRPAT model has become an important tool for analyzing energy consumption and
other types of pollution (Huo et al. 2020; Lin and Li 2020).

I = PAT (4)

where, I is the impact, which is usually measured by the emission level of pollutants; P is the size of the
population; A is the wealth of a country; T is the technical index.

In order to fully study the factors affecting environmental change, IPAT model is too simple and has its
limitations. Therefore, using this model as the basis, Dietz and Rosa proposed the STIRPAT model as
follows (Huo et al. 2020; Lin and Li 2020):

It = aPb
t Ac

tT
d
t ϵt

5
where, a is the intercept term; P, A, and T are the same as in Equation (4); B, C and D represent the
elasticity of environmental impact on P, A and T respectively. ϵt is a random disturbance, and the
subscript t indicates the year.

STIRPAT model has been widely used to analyze the factors affecting environmental pollution(Li et al.,
2011; Wang et al., 2013).To eliminate possible heteroscedasticity, all variables are in logarithmic form.
Thus, the equation can be rewritten as:

LnIt = lna + b lnpt  + c lnAt  + d lnTt  + ϵt (6)

where, P represents population size (10E4 persons); A is per capita GDP (yuan); T is a technical indicator,
measured by energy e�ciency (energy consumption in ISI/its actual output − ENE).

To further investigate the driving forces of TEC in rural areas of Henan Province. Based on the speci�c
situation of Henan Province, total rural machinery power, effective irrigation area, energy intensity, rural
population, total agricultural output value and per capita housing area of farmers are incorporated into
STIRPAT model for improvement and expansion. The rewritten expression is:

LnTECt = Lna + β1LnPAMt + β2LnEIAt + β3LnEEt + β4LnPOPt + β5LnVt + β6LnPSt + ξt

7
where, TECt represents the rural energy consumption of Henan Province in t years (10E4▪ tons); PAM
represents the total power of agricultural machinery; EIA stands for effective irrigation area; EE stands for
energy intensity; POP stands for rural population; V represents the total value of agricultural output; PS
represents per capita residential area; t is the year.

In addition, total agricultural output value, electric motor power, rural population, per capita income, per
capita housing area of farmers and total power of rural durable goods are incorporated into STIRPAT

( ) ( ) ( )
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model for improvement and expansion. The econometric model and equation of rural PC in Henan
Province is established:

LnPCt = Lna + β1LnVt + β2LnEEPt + β3LnPOPt + β4LnPIt + β5LnPSt + β6LnTPt + ξt

8
where, P represents the rural PC of Henan Province (100 million kw▪h); V represents the total agricultural
output value; EEP stands for electric motor power; POP stands for rural population; PI stands for per
capita income; PS represents per capita housing area; TP represents the total power of rural durable
goods.

The relevant variables in Equations (7) and (8) are de�ned in Table Nomenclature.

4.1.2. The BP theory
BP network (Back Propagation) was proposed by a group of scientists headed by Rumelhart and
McCelland in 1986 (Wen and Yuan 2020a; Kim et al. 2020). BP is a kind of multilayer feed-forward
network trained by error backpropagation algorithm, which is one of the most widely used neural network
models. The learning process of BP includes the forward propagation of information and the back
propagation of error. After repeated training, the network weight and deviation changes are calculated
continuously in the direction of relative error function gradient descent, gradually approaching the target.
A typical three-layer BP neural network structure is shown in Fig. 4 (Keshtkarbanaeemoghadam et al.
2018). In the �gure, Σ represents weighted sum; ∫  is the activation function.

4.1.3. The particle swarm optimization (PSO) theory
Particle Swarm Optimization (PSO) was proposed by Dr. Eberhart and Dr. Kennedy in 1995 inspired by
arti�cial life. It simulates the random foraging behavior of a �ock of birds in space (Suman et al. 2021;
Malik et al. 2021).

Assuming that none of the birds know exactly where the food is, but they do know roughly how far it is,
the simplest and most effective method is to search the area around the bird that is currently closest to
the food. Hence PSO treats each bird as a particle with position and velocity. Then, the particle uses the
closest location it has found to the food and the closest location the group has found so far to change its
direction of �ight. Finally, the whole population is directed to the same place, and that place is the area
closest to the food.

In the process of optimization, the velocity and position of each particle are updated according to the
following formulas:

VT +1
i ,d = wvT

i ,d + c1r1 P l̇best − xT
i , d + c2r2 gbest ,d − xT

i ,d

9

( ) ( )
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xT +1
i ,d = xT

i ,d + vT +1
i ,d

10
where, d=1, …,n; xT

i  and vT
i  represent the position and velocity of the ith particle in the T iteration

respectively. c1 represents self-cognition coe�cient; c2 represents social cognition coe�cient; r1 and r2
are random numbers between [0,1]; P l̇best represents the individual optimal position found by the ith
particle until the T iteration; gbestrepresents the global optimal position of the whole population until

iteration T; xT +1
i ,d  and VT +1

i ,d  represent the position and velocity of the ith particle obtained after the T+1

iteration of the particle d, respectively.

4.1.4. The PSO-BP model
Based on the introduction of BP and PSO above, this paper uses PSO to improve BP to predict the
changes of various in�uencing factors (Wen and Yuan 2020b; He et al. 2020; Wu 2021). The speci�c
steps are as follows:

Step 1: The �tness function of PSO is set as shown in formula (11).

F(z) = e

11
where e is the error function in formula (12):

e = λMAE + µRMSE + ηMAPE (12)

where λ and µ are non-negative weights. Also, the expressions of MAE and RMSE are shown below:

MAE = 
1
n ∑n

i=1 a i − â i  (13)

RMSE = 
1
n ∑n

i=1

a i−â i

a i
 (14)

MAPE = \frac{1}{n}\sum _{\text{i}=1}^{\text{n}}({\text{a}}_{\text{i}}-{\widehat{\text{a}}}_{\text{i}})² (15)

where, {a}_{i} and {\widehat{a}}_{i} are the actual value and predicted value respectively, and n is the
number of samples.

Step 2: Initialize the position and velocity of each particle, initialize parameters c1,c2, maximum velocity
Vmax, and minimum velocity Vmin, population size N, and maximum iteration Tmax.

Step3: The �tness function of each particle in the population is calculated, and the initial individual
optimum and the total optimum are obtained.

| |
| |
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Step4: Update the velocity and position of each particle according to equations (9) and (10). Also, update
individual and global optimality.

Step5: If the iteration number is equal to Tmax, the algorithm ends. And output the optimal value and the
optimal particle.

Step 7: Otherwise, iter = iter+1, returning step 4.

Step 8: The value of the optimal particle is taken as the weights and thresholds of BP.

Step 9: Finally gets a trained network of BP.

The �ow chart of PSO-BP is shown in Fig. 5. In the �gure, E is the error of backpropagation, and ε is the
number that is in�nitely close to 0.

   (16)

where, O is the output vector of the output layer; d is the expected output vector; x is the expected input
vector; l is the dimension of the output vector of the output layer; w is the connection weight between the
output layer and the hidden layer; v is the connection weight between the input layer and the hidden layer;
m is the dimension of the hidden layer output vector.

4.2. Data
Data were mainly drawn from government statistical yearbooks. The energy consumption and power
consumption of Henan Province are from China Energy Statistical Yearbook (National Bureau of
Statistics, 2020). The data of in�uencing factors total power of agricultural machinery, effective irrigation
area, energy intensity, rural population, per capita housing area, total value of agricultural output, electric
motor power, per capita income, and total power of rural durable goods are from the Statistical Yearbook
of Henan Province (Henan Bureau of Statistics, 2020).

5. Results And Discussion

5.1. Recognition results of regression equation

5.1.1. Multicollinearity analysis
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The multicollinearity test is performed based on the data of each in�uencing factor and rural TEC and
rural PC from 2009 to 2019. The multicollinearity test results of various in�uencing factors of rural TEC
are shown in Table 4 and Table 5. The multicollinearity test results of various in�uencing factors of rural
PC are shown in Table 6 and Table 7.

Table 4
Correlation test results of factors of TEC.

  lnPAM lnEIA lnEE lnPOP lnV lnPS

lnPAM 1          

lnEIA 0.904** 1        

lnEE 0.932** 0.769** 1      

lnPOP 0.973** 0.921** 0.856** 1    

lnV 0.992** 0.898** 0.927** 0.980** 1  

lnPS 0.941** 0.897** 0.776** 0.981** 0.944** 1

Table 5
OLS regression results of factors of TEC.

OLS result Unstandardized coe�cient t-Statistic

Sig.

VIF

Constant -13.214 0.105 -

lnPAM -1.790 0.023 133.725

lnEIA 3.104 0.014 9.217

lnEE 0.582 0.009 34.595

lnPOP 0.122 0.610 125.312

lnV 0.218 0.486 132.827

lnPS 1.087 0.121 75.874

Adjusted R2 0.973 - -

F-statistic Sig. 0.000 - -

According to the results shown in Table 4, it is clear that more than half of the variables are correlated,
among which the relationship values of total agricultural machinery power, energy e�ciency, population,
gross output value and housing area per capita are all high.

In addition, VIF is the most common collinearity evaluation standard. The VIF values of agricultural
machinery power, population, total agricultural output value and housing area per capita, energy
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e�ciency are all well above 10 in Table 5. That is, there is a serious multicollinearity between these
variables.

Table 6
Correlation test results of factors of PC.

  lnV lnEEP lnPOP lnPI lnPS lnTP

lnV 1 - - - - -

lnEEP 0.991** 1 - - - -

lnPOP -0.969** -0.976** 1 - - -

lnPI 0.981** 0.986** -0.985** 1 - -

lnPS 0.962** 0.973** -0.978** 0.985** 1 -

lnTP 0.993** 0.995** -0.979** 0.988** 0.971** 1

Table 7
OLS regression results of factors of PC.

OLS result Unstandardized coe�cient t-Statistic

Sig.

VIF

Constant -53.941 -2.737 -

lnV -0.171 -0.395 80.080

lnEEP -8.295 4.454 115.347

lnPOP 1.147 0.646 38.552

lnPI -0.166 -0.441 92.217

lnPS -0.852 -1.236 39.439

lnTP -0.248 -0.707 165.934

Adjusted R2 0.961 - -

F-statistic Sig. 0.000 - -

According to the results shown in Table 6, it is obvious that more than half of the variables are correlated,
and the VIF values of all the in�uencing factors of rural electricity consumption are much higher than 10
in Table 7. That is, there is a serious multicollinearity between these variables.

5.1.2. Construction of regression equations based on
STIRPAT
In this paper, ridge regression is used to estimate the coe�cients in STIRPAT model for TEC and PC.
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In the aspect of TEC, according to the ridge regression equation, Fig. 6 and Fig. 7 respectively show the
relationship between ridge trace and {R}^{2} and k. Each independent variable �rst changes rapidly with
the increase of k value, and then becomes rapidly stable after k = 0.67. Fig. 6 shows that {R}^{2} of ridge
regression changes at a high rate of change before K = 0.67, and the change rate becomes much lower
when the value of k is 0.67. Thus, the minimum value of k (k = 0.67) can be performed with a high
adjustment {R}^{2} of 0.941. Therefore, it is reasonable to choose k as 0.67 in this paper.

F test can be passed and the result of F-Sig is 0.000 0049 < 0.05. This implies that there is a linear
relationship between the independent variable TEC and the dependent variables. At the same time, the t-
sig of constant term and regression coe�cient is less than 0.1, in Table 8. This indicates that all
independent variables should be introduced into the regression equation. Finally, the �tting ridge
regression equation of LnTEC is as follows:

{ln}TEC=-3.985+0.226{ln}PAM+1.362{ln}EIA-0.103{ln}EE- 0.500{ln}POP+0.115{ln}V+0.260{ln}PS  (17)

Table 8
Test results of each independent variable and constant for TEC.

Variable constant lnPAM lnEIA lnPHI lnPOP lnV lnPS

Coe�cient’s t Sig -3.985* 0.226* 1.362** -0.103** 0.500*** 0.115*** 0.260**

Note: *** signi�cant at 1%, ** signi�cant at 5%,* signi�cant at 10%.

In the aspect of PC, ridge regression is used to estimate the coe�cients in the STIRPAT model (Fig. 8 and
Fig. 9), and k = 0.66.

F test can be passed and the result of F-Sig is 0.0001732 < 0.05. This implies that there is a linear
relationship between the independent variable TEC and the dependent variables. At the same time, the t-
sig of constant term and regression coe�cient is less than 0.1, in Table 9. This indicates that all
independent variables should be introduced into the regression equation. Finally, the �tting ridge
regression equation of LnPC is as follows:

{ln}PE=2.545+0.151{lnV}+0.554{ln}EEP-0.572{ln}POP+0.105{ln}PI+0.213{ln}PS+0.081{ln}TP
18

Table 9
Test results of each independent variable and constant for PC.

Variable constant lnV lnEEP lnPOP lnPI lnPS lnTP

Coe�cient’s t Sig 2.545* 0.151*** 0.554*** -0.572** 0.105*** 0.213* 0.081***

Note: *** signi�cant at 1%; ** signi�cant at 5%; * signi�cant at 10%.

5.2. Discussion of regression results

5.2.1. Prediction results of in�uencing factors
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In this paper, PSO-BP model is used to predict the factors affecting rural TEC and PC in Henan Province.
In addition, the rolling method of the prediction of the �rst three years and the next year is adopted to
obtain the predicted values of in�uencing factors affecting TEC and PC in Henan Province during 2020-
2025, as shown in Table 10 and Table 11.

Table 10
The estimated values of each in�uence factor of TEC.

Year PAM

(M▪kw)

EIA

(M▪ha.)

EE POP

(M)

V

(B▪RMB)

PS

(sq.m.)

2020 12 4.51 5.4367 0.25 49.08 815.4 52.15

2021 12 5.15 5.4369 0.26 47.77 849.7 52.71

2022 12 5.32 5.4383 0.25 46.83 856.5 52.76

2023 12 5.56 5.4376 0.24 46.34 822.2 52.93

2024 12 5.68 5.4380 0.24 46.11 821.1 52.93

2025 12 5.74 5.4379 0.25 46.03 869.4 52.98

From Table 10, it can be seen that PAM, V, and PS increase to varying degrees over time from 2020 to
2025, POP shows a decreasing trend, also EIA and EE have changed very little. This means that with the
gradual increase of V and PS, the use of coal, oil, natural gas and other primary energy will inevitably
increase in rural areas of Henan Province.

Figure 10 shows the trends of the in�uencing factors of TEC from 2009 to 2025. Among them, EE and
POP show a decreasing trend, while other in�uencing factors increased year by year.

Table 11
The estimated values of each in�uence factor of PC.

Year V

(B▪RMB)

EEP

(M▪kw)

POP

(M)

PI

(RMB)

PS

(sq.m.)

TP

(W/ 100 households)

2020 815.4 12.473 49.08 16436 52.15 400790

2021 849.7 12.476 47.77 18242 52.71 418510

2022 856.5 12.477 46.83 19665 52.76 428810

2023 822.2 12.478 46.34 21453 52.93 423440

2024 821.1 12.478 46.11 22996 52.93 428140

2025 869.4 12.478 46.03 25332 52.98 431930

From Table 11, it can be seen that of the six factors affecting rural PC in Henan Province from 2020 to
2025, only the number of POP is constantly decreasing, while V, EEP, PI, PS and TP are increasing to
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varying degrees in Henan Province over time.

This means that the increase of EEP, PS and TP will directly lead to the increase of rural electricity
consumption. The increase of V and PI improves the living standard of villagers and indirectly leads to
the increase of PC.

Figure 11 shows the trends of the in�uencing factors of PC from 2009 to 2025. Among them, only POP
shows a decreasing trend, while other in�uencing factors increased year by year.

5.2.2. Prediction results of TEC and PC
In order to predict rural TEC and PC in Henan Province, the predicted values of in�uencing factors in
2020-2025 are put into Equation (17) and Equation (18) respectively.

Thus, the predicted TEC and PC in rural areas of Henan Province from 2020 to 2025 can be calculated, as
shown in Table 12 and Table 13.

Table 12
Predicted values of TEC in rural areas of Henan

Province from 2020 to 2025.
Year TEC (B▪tons) Year TEC (B▪tons)

2020 248.448 2023 258.550

2021 253.012 2024 259.237

2022 257.044 2025 260.165

As shown in Table 12, from 2020 to 2025, the TEC in Henan Province keeps a steady growth, and the
predicted values of TEC in 2020 and 2025 are 24.84 million tons and 26.02 million tons, respectively. The
TEC in rural areas of Henan Province in 2025 is 4.72% higher than that in 2020.

Table 13
Predicted values of PC in rural areas of Henan

Province from 2020 to 2025.
Year PC (B▪kw▪h) Year PC (B▪kw▪h)

2020 39.078 2023 41.752

2021 40.498 2024 42.240

2022 41.435 2025 43.034

As shown in Table 13, the total rural PC in Henan Province keeps a steady growth from 2020 to 2025, and
the predicted values of PC in 2020 and 2025 are 39.078 billion kwh and 43.034 billion kwh, respectively.
In 2025, rural PC in Henan Province will increase by 10.12% compared with 2020.

As can be seen from Fig. 12, both PC and TEC in Henan Province are increasing year by year. However,
the growth range of TEC will decrease signi�cantly from 2022, while that of PC will increase signi�cantly,
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which means that the implementation of Henan Province's rural revitalization strategic plan has achieved
signi�cant results in the key task of "promoting rural energy revolution".

Nonetheless, after converting the annual PC in rural areas of Henan Province into standard coal, it
accounts for less than 30% of TEC. This shows that rural electri�cation in Henan Province is at a low
level and relies more on fossil energy such as coal, oil and natural gas. According to the forecast values
of TEC and PC in Henan Province from 2020 to 2025, in the future, rural TEC in Henan Province will still
rely more on fossil energy without transformation. This will undermine the goal of carbon peaking by
2030.

Consequently, the realization of Henan Province's rural energy transformation needs the substitution of
low-carbon energy and the improvement of electri�cation level.

6. Conclusions And Policy Implications
Rural areas account for 12% of global carbon emissions. China, as a major agricultural country, is
exploring a low-carbon transformation model of rural energy as a necessary path to achieve carbon
neutrality by 2060. This paper takes rural areas of Henan Province as an example to explore the path
suitable for the low-carbon transformation of rural energy in Henan Province. The research results of this
paper can be summarized into the following aspects.

(1) In this paper, the decoupling states between rural PC and TEC and its in�uencing factors in Henan
Province are analyzed by using decoupling principle. The results show that there are different degrees of
decoupling between TEC and PC.

(2) Since there is multicollinearity among the 6 in�uencing factors of TEC, and the same problem exists
among the 6 in�uencing factors of PC. Therefore, based on STIRPAT model, this paper uses ridge
regression method to �t the linear equations of TEC and PC, and the validity of the �tted equations are
veri�ed. Rather than simply summing up the primary energy consumption of rural Henan Province.

(3) In addition, this paper optimizes the BP neural network by PSO, and innovatively predicts the values of
in�uencing factors of PC and TEC. The results show that the in�uencing factors gradually increase year
by year. Among them, EIA and EE are basically unchanged, while POP gradually decreases. It is shown
that the increase of V can increase PI, thus improving people's living standard, thus improving the work
and study e�ciency in rural areas, and conversely improving V. Which also means that each in�uencing
factor is complementary to each other.

(4) Finally, the consumption of TEC and PC in 2020-2025 is obtained by STIRPAT using ridge regression.
According to the forecast results, the consumption of TEC and PC will continue to increase year by year in
2020-2025. However, from 2022, the growth rate of PC will be greater than that of TEC. This is a good
beginning of the low-carbon energy transition in Henan Province. Nonetheless, rural TEC in Henan
Province will still be more dependent on fossil fuels in 2020-2025.
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These conclusions can provide the following applicable policy implications for rural energy upgrading of
Henan Province and other rural areas in China.

First, rural power grid upgrading should be accelerated. (1) Uni�ed planning. The long-term goal of the
uni�ed construction of power grid, uni�ed power grid equipment sequence, integrated distribution of
power grid services, narrowing the gap between urban and rural power supply services, and promoting the
coordinated development of urban and rural power grids. (2) Classi�ed development. First, in light of
different regions, strengthen power grids in cities and industrial clusters. Second, according to different
voltage levels, the development of strong simpli�cation and orderly, speed up the construction of 110 kv
and 10 kv and below power grid, according to the principle of orderly advance and backward optimization
of 35 kv power grid. (3) Hierarchical progress by region. While improving the overall power supply
capacity of rural power grid in the whole province, we should adhere to the principle of "raising the low
and controlling the high", improve the grid load ratio in backward areas, and control the load ratio in areas
exceeding the upper limit of the guidelines. (4) High-standard construction. (5) Primary and secondary
coordination.

Second, promote renewable energy generation. According to the characteristics of rural regional
distribution and resource endowment, different power supply should be adopted. Clean and renewable
energy should be the focus of future rural development in Henan Province under the "dual carbon" target.
To build a clean and low-carbon rural energy supply system, with the focus on improving the intelligence
level of power grids, promote the development of small hydropower, photovoltaic, wind power, methane
and other renewable energy sources in rural areas, implement the substitution of electric energy and
multi-energy complementarity, improve energy e�ciency, and eliminate prominent problems such as high
pollution and low energy e�ciency in rural development.

Third, promote electric energy substitution projects. (1) To improve the quality of agriculture and promote
the electri�cation of agricultural production. First, centering on the goal of high-standard farmland in
Henan, the government should promote comprehensive matching of farmland, water, forest, roads and
electricity, and turn more "wang-tian farmland" into "high-yield farmland". Second, promoting the
application of technologies such as electric �ue-cured tobacco, electric tea production, electric grain
drying, heat pump drying of wood, and cold storage of fruits and vegetables, so as to ensure power
consumption of intelligent planting and breeding bases and enhance agricultural electri�cation. (2) Build
beautiful villages and electrify rural residents. First, choose heating technology according to local
conditions. Second, do a good job in the construction of supporting power grids in the province's 400
villages with tourism characteristics and "1000 villages demonstration" villages. Third, accelerate the
layout of charging infrastructure networks, and promote clean replacement projects for different types of
vehicles, including buses, taxis, municipal and o�cial vehicles, and private passenger vehicles.

Fourth, in the establishment of national subsidy policies, should be based on the level of agricultural
development in the region. The improvement of agricultural mechanization level can promote rural
economy and urbanization level. Thus, the V and PI of rural areas are improved, and the living standards
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of rural areas are improved, so that the work e�ciency of rural areas is further improved, and a virtuous
cycle is �nally formed, which is the fundamental power of rural energy upgrading in Henan Province. The
upgrade of rural energy can improve the utilization e�ciency of rural energy, promote the great
development of rural economy, improve the income of rural areas and offset the high cost of clean
energy. Therefore, on the one hand, attention should be paid to the collaborative promotion of TEC and
PC, while improving the use of PC in rural areas, the use quality of TEC should be improved, so as to
reduce CO2 emissions in rural areas. On the other hand, agricultural mechanization can increase V and PI,
thereby boosting the rural economy and thus offsetting the additional costs of renewable energy.
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Figure 1

The technical roadmap.

Figure 2

Decoupling elasticity indexes between TEC and in�uencing factors.
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Figure 3

Decoupling elasticity indexes between PC and in�uencing factors.
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Figure 4

Schematic diagram of typical N-dimensional input neuron model.
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Figure 5

The �ow chart of PSO-BP.
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Figure 6

Ridge regression curves.

Figure 7

Variation of K at different RSQ.

Figure 8

Ridge regression curves.

Figure 9
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Variation of K at different RSQ.

Figure 10

The trend chart of six in�uencing factors of TEC from 2009 to 2025.
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Figure 11

The trend chart of six in�uencing factors of TEC from 2009 to 2025.

Figure 12

Line chart of PC and TEC changes from 2020-2025.


