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Abstract: To achieve sustainable social development, the Chinese government conducts electric
power substitution strategy as a green move. Traditional fuels such as coal and oil could be replaced
by electric power to achieve fundamental transformation of energy consumption structure. In order to
forecast and analyze the developing potential of electric power substitution, a forecasting model based
on a correlation test, the cuckoo search optimization (CSO) algorithm and extreme learning machine
(ELM) method is constructed. Besides, China’s present situation of electric power substitution is
analyzed as well and important influencing factors are selected and transmitted to the CSO-ELM
model to carry out the fitting analysis. The results showed that the CSO-ELM model has great
forecasting accuracy. Finally, combining with the cost, policy supports, subsidy mechanism and
China’s power consumption data in the past 21 years, four forecasting scenarios are designed and the
forecasting results of 2019–2030 are calculated, respectively. Results under multiple scenarios may
give suggestions for future sustainable development.

Keywords: electric power substitution; potential forecasting; CSO-ELM; green
sustainable development

1. Introduction

With the rapid growth of economy and the increasing consumption of fossil resources, China is
facing problems of resource shortage, climate change and environmental governance [1], showing an
increasing contradiction between social development and unsustainable energy structure. The overdose
of coal combustion, large number of automotive exhaust emissions and improper treatment of pollutants
are all leading to serious atmospheric pollution, which seriously threatens the quality of people’s lives
and has an irreversible impact overall on the ecological environment [2]. In order to mitigate the
effects of pollution emissions, it is urgent to develop and promote highly efficient and green energy
technologies in order to reach social sustainability. According to China Energy Statistical Yearbook
(2017), 50% to 60% of particulate matter 2.5 (PM 2.5) air pollution comes from coal combustion and
20% to 30% from oil combustion. Meanwhile, the National Development and Reform Commission
and the National Energy Administration of China has proposed that, by 2020, the total amount of
electricity replacing coal and oil combustion is estimated to reach 130 million tons of standard coal,
and the proportion of electric energy in the end-stage energy consumption should be 27%, increasing
by about 1.5%. The additional consumption of electricity in the “13th Five-Year Plan” is set to be
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450 billion kWh [3]. Under the global trend of low-carbon green development, “Two substitutions”,
which includes both clean-energy substitution and electric power substitution, is meant to guide the
energy structure optimal reform [4]. Therefore, studies on electric power substitution potential will
give suggestions and guidance for its further sustainable development.

As an energy consumption pattern [5], electric power substitution can make further use of the
environmental capacity in different regions, in order to reach the balance of pollutants emissions and
optimal resources allocation [6,7]. By replacing coal and fuel with electric power, pollutions can be
effectively cut down and energy efficiency improved [8]. With the development of energy technology
revolution, electric power substitution can be applied into transportations, electric boilers, electric kilns,
electric heating and electric cookers, replacing fossil resources such as oil and coal. At present, the
industrial energy efficiency is relatively low. Clean energy substitution would effectively improve the
efficiency of energy utilization [9]. The market potential for promoting electric power substitution in
China is about 22 trillion kWh. The potential of substituting coal and oil with electricity is prospectively
18 trillion and 400 billion kWh, showing huge potential of the substitution market. Presently, electric
power substitution is gradually becoming a research focus both in China and globally. Scholars have
made achievements regarding electric power substitution with two different approaches: one is the
technical and economic research of the power substitution, and the other is related to methods used
for forecasting.

By analyzing the technical and economic efficiency of energy substitutions, Wu et al. [10] proposed
that the sustainable use of energy would be the main direction of future development. Based on
the system dynamics model, Song et al. [11] analyzed the emission reduction effect of the renewable
energy substitution in China. Besides, while researching energy substitution, many scholars achieved
energy substitutions on the power supply side by combining multiple renewable energy resources [12].
He et al. [13] introduced the environmental utility in the environmental consumption (EUEC) model
to discuss the relationship between urban energy consumption and environmental utility changes.
Barreto [14] demonstrated the dynamic substitution effect of renewable energy replacing fossil fuel by
building a theoretical framework that incorporates alternative energy and traditional fossil energy
into the endogenous growth model. Liu et al. [15] established a dynamic system model combining
multiple renewable energy sources and made an empirical analysis. By changing the proportion of
electric vehicles in the power system, André et al. [16] compared and analyzed the emission reduction
benefits of the system under multiple scenarios. Kumar et al. [17] discussed the innovative capabilities
that enterprises need to adopt, such as pollution prevention and clean technology strategies, in order
to achieve sustainable development.

The development of electric power substitution is influenced by many factors, such as
technology, economy, environmental protection requirements, policy measures, demand response,
etc. Wu et al. [18] pointed out that the initial investment was high; therefore, promoting the projects
is facing greater resistance. Similarly, Shaligram [19] argued that the current barriers to substitution
mainly contained the high cost of substitute technology. By summarizing the practical experience
in the Jiangsu Province, Li [20] found that there were some problems in the promotion work, such
as insufficient policy support, less response from users and lower technology level. Combined with
various factors, Liang et al. [21] constructed the evaluation index model of power substitution scheme
and analyzed its substitution potential. Lu and Xie [22] empirically analyzed the intensity of enterprises
conducting clean substitution under the pressure of carbon emission reduction. Faced with the carbon
emission reduction, the sense of conducting cleaner production will increasingly rise.

For forecasting methods, many scholars have made many achievements. Common methods
include single forecasting models and combined forecasting models, such as Support Vector Machine
(SVM), artificial neural network, genetic algorithm, grey forecasting model, and a combination of
forecasting methods. Wei et al. [23] combined a neural network and statistical linear model to predict
wind power output. Michael et al. [24] incorporated the forecasting model based on machine learning
to predict the household energy consumption. Zhang et al. [25] proposed a forecasting model for
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building demand response with random forest and ensemble learning method. Wu et al. [26] forecasted
the short-term load of a power system based on generalized regression neural network method.
Based on artificial neural network method, Xia et al. [27] combined a virtual instrument and radial
basis function neural network and created long-term, medium-term and short-term load forecasting.
Shan et al. [28] used the extremum learning machine (ELM) method based on Back Propagatio (BP) and
SVM to forecast photovoltaic (PV) generation. Chen and Yu [29] used SVM on wind signal prediction.
Lee and Tong [30] combined grey model and incorporating genetic algorithm together to forecast and
analyze the demand for electric power. A hybrid model composed by SVM and a Seasonal Auto
Regressive Integrated Moving Average was proposed for short-term PV generation forecasting [31].
Yu and Xu [32] used an optimized genetic algorithm and improved BP neural network (BPNN) to
forecast the load of natural gas. In the actual implementation process of power substitution work,
an accurate forecast on power consumption and the changing trend can provide data support and
policy guidance for further power substitution work promoting [33,34]. Sun et al. [35] forecasted the
potential of power substitution using particle swarm optimization (PSO)-SVM. Yin [36] established a
grey energy demand-forecasting model to forecast the terminal energy demand in Beijing. Zheng [37]
constructed the potential forecasting model on rural electric power substitution, and made middle and
long-term analysis of electricity consumption. Li [38] used the improved TOPSIS method to analyze
the potential of regional power substitution.

Above all, scholars have made achievements in presenting electric power substitution, promoting
methods and digging related influencing factors [39]. However, few have mentioned the developing
potential forecast of the substitution works. Most existing works on potential analysis used the
comprehensive evaluation method, which cannot show the future developing trend of the power
substitutions. Therefore, in order to make up for the deficiencies of the existing research on the potential
analysis of power substitution, a CSO-ELM model based on the Pearson correlation test is constructed
to forecast the market potential of electric power substitution projects. The main contributions of this
work are summarized as follows.

(1). To overcome the limitation of single algorithms, a forecasting algorithm combining Cuckoo Search
Optimization (CSO) and Extreme Learning Machine (ELM) is constructed, which can make full
use of the superior global search ability of the Cuckoo algorithm and the learning efficiency and
generalization ability ELM. The proposed algorithm is highly sensitive to the market potential of
power substitution projects and can accurately reflect the development potential.

(2). Starting from the current electric power substitution in China, factors that affect the promotion
of electric power substitution projects, such as economy, policy and technology are analyzed
systematically, so as to make up for the deficiency of the existing research on the influencing
factors analysis of electric power substitution potential.

(3). A relevance test is conducted to choose effective influencing factors. Factors with a significant
influencing level will be taken as input factors of the forecasting model, and factors with
insignificant or general influencing degree are excluded.

(4). The validity and superiority of the forecasting model are verified by the actual situation of
China’s electric power substitution. some feasible suggestions are put forward based on the
forecasting results under multiple scenarios to promote the orderly progress of electric power
substitution work.

The paper is organized as follows: Section 2 presents the structures and features of the forecasting
method. Section 3 introduces the current situation of the electric power substitution in China and gives
summary of all influencing factors. In Section 4, specific data is used to verify the effectiveness of the
proposed method, and four scenarios are given to address further discussion of the future development
of the substitution work. Finally, the conclusion is given in Section 5.
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2. Current Situation and Influencing Factors Selection of Electric Power Substitution in China

2.1. Current Situation of Electric Power Substitution

The rapid growth of China’s economy is accompanied by excessive energy consumption. In order
to narrow the gap of energy utility between China and developed countries, the concept of energy
conservation should be penetrated through energy exploitation, transportation and utilization.
Proper use of energy and improving energy efficiency are the main goals of energy development in
the future. Electric power substitution projects have great development potential in the future.

Electric power substitution uses electric power to replace coal-fired heating. Through the
large-scale centralized conversion of power, electric power substitution can improve the efficiency
of fuel use and reduce pollutant emissions to optimize the terminal energy structure and promote
environmental protection. Electric power substitutions include coal substitution by electricity, oil
substitution by electricity, and electrification of agricultural production, etc. Different substitution
methods for each field are shown in the Table 1 below.

Table 1. Electric power substitution methods.

Substitution Fields Substitute Methods

Substitute Coal by Electricity
Electric heating replacing coal-fired heating
Electric boiler replacing industry coal-fired boiler
Electrification in family and catering industry

Substitute Oil by Electricity
Electric vehicles replacing fossil-fueled vehicles
Electric pump replacing agricultural oil pump
Shore power supply replacing diesel engines

Substitute Gas by Electricity Electricity replacing natural gas

Power Trans-Regional Transmission Long-distance transmission of clean power

Despite various methods to promote electric power substitution, scientific and reasonable
policies are necessary in promoting the substitution work. Since 2015, the Chinese government has
promulgated 226 supporting policies to encourage electric power substitution, guiding the society to
choose electric energy actively, and gradually eliminate the high pollution and low efficiency of energy
use. Government support is not only subjective to propaganda and guidance, but also to strengthen
the construction of electric power to improve the competitiveness of electricity continuously in power
market. The relevant electricity alternative development policies are shown in the Table 2 below.

As can be seen from Table 2, a good policy environment has been provided to develop energy
substitutions. The government issued guidance on electric power substitution promotion, using the
substitution work as a national strategy. Then, supporting policies came to support the pilot work
of clean energy heating in winter in northern areas, to promote the prevention and control of air
pollution in Beijing-Tianjin-Hebei Region and the surrounding areas. Electric power substitution has
been regarded as an important part of the national “13th Five-Year Plan” in the electricity industry and
modern comprehensive transportation system.
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Table 2. Policies supporting electric power substitution work.

Policies Year Contents

Guidelines for Improving Power System
Regulation Capability 2018

Comprehensively promote electric power substitution. By 2020, the aim is to achieve
450 billion kWh of the substituting electricity, and the electricity consumption accounts
for 27% of the total energy consumption.

Guidelines on Promoting Clean Energy Heating in
Cities and Towns in Northern China 2017

Promote the work of “coal to gas”, “coal to electricity” and renewable energy heating in
“2 + 26” cities in Beijing-Tianjin-Hebei region and the surrounding areas to improve the
efficiency of clean energy heating

Demand Side Management in Electricity
Industry (Revised) 2017

Promote the electricity work in the demand side to help control air pollution and
expand electricity consumption. Bring innovations to electric power substitution work
and create new methods and the substituting fields to expand the promoting scale.

Work Plan for Air Pollution Control and Prevention in
Beijing-Tianjin-Hebei and Surrounding Areas in 2017 2017 Support the heating and gas substituted projects that provide services for residents’

livelihood, and give capital supports for equipment purchasing.

“13th Five-Year Plan” of Comprehensive Work on
Energy Conservation and Emission Reduction” 2017

During the “13th Five-Year Plan” period, the proportion of electric energy in the
consumption of terminal energy should be continuously increased. The construction of
charging facilities should be pushed forward. Promote central electric heating to
replace small coal-fired boilers gradually.

Intensive Plan for Air Pollution Prevention and Control
in Beijing-Tianjin-Hebei Region 2016 Promote the clean energy substitution work in rural areas of

Beijing-Tianjin-Hebei Region.

Guidelines on Promoting Electric Power Substitution 2016
Electric power substitution will be promoted in the four key areas, such as heating in
northern areas, production and manufacturing, transportation, power supply and
consumption.

Notice on Further Pilot Work of Energy Conservation
and New Energy Vehicle Demonstration and Promotion 2016 Encourage the development of new energy vehicles and electric vehicles, and mobilize

the enthusiasm of all units to use energy-saving and new energy vehicles.
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With the creation of new policies, the scale of electric power substitution has been expanding.
Implementation plans of electric power substitution have come out as well. Presently, China’s
electric power substitution projects are mainly carried out in the field of substituting coal and oil.
Electric heating and electric vehicles—as the main alternative methods—have achieved remarkable
results. In 2017, 101,807 electric power substitution projects were implemented nationwide, with
128.6 billion kWh of electricity in all substituting fields. Among them, 8.8 billion kWh comes from
residential heating, 77.4 billion kWh from industrial (agricultural) production and manufacturing, 12.8
billion kWh from transportation, 23.9 billion kWh from electric power supply and consumption, and
5.8 billion kWh from household electrification and other fields, which is equivalent to a reduction of
64.4 million tons of coal-fired burning. The emission reduction is about 110 million tons of carbon
dioxide, 5.2 million tons of sulfur dioxide and nitrogen oxides.

2.2. Analysis on Influencing Factors of Electric Power Substitution Potential

With the development of global energy internet, electric power substitution is facing new
opportunities. The substitution work is affected by energy consumption, GDP, energy prices, investment
in renewable power assets and average concentration of P.M. 2.5 and other factors.

(1). Electricity consumption
Electricity consumption is an important index used to measure the level of national electrification.

Electrification represents the proportion of electric power, and reflects the changes of social energy
consumption structure. The increase of electricity consumption directly leads to the improvement
of social electrification. Meanwhile, the improvement of electrification shows an increase in social
energy-use technology, which can effectively reduce the cost of electric power substitution projects and
reach further promotion of electric power substitution.

(2). GDP per capita
GDP is an important indicator reflecting the economic development in China, which is an

important factor affecting the demand of electricity. The economy of a region will have impacts on
electricity and other energies’ consumption. Research on power and energy has been made, and
scholars have regarded GDP per capita as the decisive factor affecting electricity demand, which
means that China’s electricity demand and GDP growth are endogenous with a significant and stable
relationship. In addition, the rise in GDP can promote residents’ living standards. As people are
becoming richer, they may pay more attention to the energy structure. Thus, the promotion of electric
power substitution can be further improved. Therefore, GDP per capita is chosen as an indicator to
show the impact of economic development on power substitution in China.

(3). Annual investment increment in electric power industry
The relationship between the investment in electric power industry and social electricity

consumption is positive. Investing in electric power assets shows the attention society attaches
to the development of the electric power industry. The investment in the electric power industry
includes investment in power grid construction and investment in generators. Both will bring an
increase in electricity consumption, which can indirectly improve the replacing effects of electricity to
other energy resources. Two indicators—the annual investment increment in electric power industry
and in power grid construction—are chosen in the following analysis.

(4). Electric power installed capacity
The electric power installed capacity is proportional to the total generating capacity, which

helps promote electric power substitution work. In addition, renewable power generation has lower
operating costs and less pollution emissions. Substituting fossil resources with renewable power will
further improve the social benefits and achieve pollution reduction from power supply side. Therefore,
as an important indicator, electric power installed capacity of renewable energy is considered in
forecasting the market potential of electric power substitution projects.

(5). Renewable power generation
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Renewable energy utilization is significant to energy structure adjustment under low-carbon
mechanism. Using clean energies to generate will effectively reduce the proportion of coal-fired thermal
power, thereby reducing the environmental burden. Besides, integrating more renewable power into
the substitution work will help with the power curtailment problem, and large-scale utilization of
renewable energy achieves substitutions for traditional fuels from the generation side. Thus, the
implementation scope of electric power substitutions will be further expanded, and the environmental
benefits will be significantly improved.

(6). Carbon emissions
The rising carbon emissions has forced the government and all sectors of society to pay

more attention to the energy consumption structure. According to China’s “National Independent
Contribution” in 2030—compared with the situation in 2005—carbon dioxide emissions should achieve
the peak value, carbon dioxide emissions per unit GDP will decrease by 60% to 65% and the proportion
of non-fossil energy in primary energy consumption should reach about 20%. Facing the double
pressures of international emission reduction commitments and domestic resources and environment,
promoting clean energy usage is an important means to achieve carbon emission reduction. Constrained
by carbon emission targets, enterprises’ awareness of environmental protection will raise. With the
development of clean technology, the electric power substitution work shall be promoted in large
scale [22].

3. Methodology

3.1. Pearson Test

Pearson correlation coefficient is a method used to measure the degree of correlation between two
variables. The correlation value is between 1 and −1, where 1 means that variables are completely
positive, 0 means irrelevant, and −1 means completely negative. The correlation value between (X, Y)
is calculated as follows.

Px,y =
cov(X,Y)
σXσY

=
E((X−µX)(Y−µY))

σXσY

=
E(XY)−E(X)E(Y)

√
E(X2)−E2(X)

√
E(Y2)−E2(Y)

(1)

The numerical value of Px,y reflects the linear correlation degree of Y and X, which is between
[−1, 1]. The conclusion is as follows.

(1). When
∣∣∣Px,y

∣∣∣→ 1 , the correlation between Y and X is stronger.
(2). When

∣∣∣Px,y
∣∣∣→ 0 , the correlation between Y and X is weaker, or non-linear related, even when

not related.

3.2. Cuckoo Search Optimization

Enlighted by the brood parasitism behaviors of cuckoo birds, the Cuckoo Search optimization
(CSO) algorithm, which is a natural heuristic algorithm developed by Yang in 2009 [40]. The cuckoo
bird lays eggs in the nest of the host-bird’s nest and removes the eggs of the host. Occasionally, some
cuckoo eggs look similar to host eggs and get the opportunity to be raised. In other cases, these eggs
may be found by the host birds, who will throw them away or leave the nests to find other places to
build new nests. Each egg in a nest represents a solution, and a cuckoo egg stands for a new solution.
CSO uses new and potentially better solutions to replace not-so-good solutions in the nests.

The CSO method operates as follows. The cuckoo lays only one egg at a time and randomly
places the egg in a nest. The nest with the highest quality egg (the solution to the problem) will remain
to the next turn. The number of the nests which can be laid eggs in is fixed, and the probability that the
host bird can select the cuckoo eggs is pa ∈ [0, 1].

Under this situation, the host bird can choose to throw the cuckoo eggs or find a new nest to replace
the old one. If not detected, the cuckoo eggs will be successfully hatched up and find new hatching
sites through Lévy flight. Considering the Lévy flight behavior of the cuckoo birds’ nest-seeking
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feature, assume that there are N cuckoo eggs in the D-dimensional search space. The location of the
number i egg under the kth iteration is xk

i , and the new solution xk+1
i can be expressed as follows.

xk+1
i = xk

i + δi (2)

δi = α× si ⊕ (xk
i − xbest), (3)

where, α > 0 is the step size, which relates to the scale of the problem. δi is the changing amount of
position that needs to be taken, and ⊕ is the entry wise multiplications.

The random step is produced by the symmetric Lévy distribution.

si =
u

|v|1/β
, (4)

where, u(u1, u2, · · · , ud), v(v1, v2, · · · , vd) are vectors in the D-dimensional space. β = 3/2. The
sub-vectors of u and v obey normal distribution.

u ∼ N(0, σ2
u), v ∼ N(0, σ2

v) (5)

σu ∼ (
Γ(1 + β) · sin(π · β/2)

Γ((1 + β)/2) · β · 2(β−1)/2
)

1/β

, σv = 1. (6)

Lévy flight includes a random directional linear motion sequence with no characteristic scale, and
the step size of each sequence satisfies the heavy-tailed distribution. The relatively short straight-line
move with a larger frequency will be intermittently replaced by the longer-step move with less
frequency. Lévy flight ensures the comprehensiveness of searching, so that the search efficiency of
CSO is higher than that of the standard Gauss random processes.

3.3. Extreme Learning Machine

ELM, proposed by Professor Huang in 2004, is a fast and efficient single-layer feedforward neural
network algorithm. ELM is essentially a linear-in-the-parameter model, so its learning process is easy
to converge to the global minimum. Due to the random input weights and hidden layer thresholds, the
number of hidden layer nodes significantly influence the performance of the model. For a Single-hidden
Layer Feedforward Neural network (SLFN), ELM uses the number of hidden layers to train—which
greatly reduces the training time and computational complexity. The main idea of the ELM model is
to randomly set the network weights and then obtain the inverse output matrix of the hidden layer.
Compared with other learning models, the ELM model operates extremely fast and maintains a better
accuracy and has therefore been widely used in many fields. In the ELM training process, the number
of neurons in the hidden layer is the only need. Therefore, the output weight matrix of the hidden
layer can be calculated without adjusting the connection weight between the input layer neurons and
the hidden layer neurons and the deviation of the hidden layer neurons.

The network-training model of extreme learning machine adopts the former single hidden
layer structure. Assuming there are N sets of initial training set (xi, tt), the input layer includes
xi = [xi1, xi2, . . . xin]

T
∈ Rn, and the target output layer is ti = [t1i, t2i, . . . tmi]

T
∈ Rm. The hidden layer

contains L nodes. The activation function g(x) is expressed as follows.

L∑
i=1

βigi(xi) =
L∑

i=1

βig(wi·x j + bi) = y j j = 1, 2, . . .N , (7)

where, y j represents the output vectors of ELM. βi represents the weight vectors connecting the hidden
layer and the output layer. wi represents the weight vectors that connects the hidden layer and the
input layer. bi and g(wi·x j + bi) are threshold value and the output value of the hidden node i.



Processes 2019, 7, 584 9 of 21

The objective of an ELM is to search for a suitable set of β, ω, and b to approximate all training
sample pairs with zero error.

N∑
j=1

‖t j − y j‖ =
N∑

j=1

‖t j −

L∑
i=1

βig(wix j + bi)‖ = 0. (8)

Formula (7) can be expressed as:
Hβ = T (9)

H =


g(w1x1b1)g(w2x1b2) · · · g(wLx1bL)

g(w1x2b1)g(w2x2b2) · · · g(wLx2bL)

· · ·

g(w1xNb1)g(w2xNb2) · · · g(wLxNbL)


N×L

, (10)

β = [β1, β2, . . . βL]
−1
L×1, and T = [t1, t2, . . . tL]

−1
L×1, (11)

where H is the output matrix of the hidden layer; β is the weights vector connecting the hidden layer
nodes with the output layer neurons; and T represents the target output.

When the activation function is infinite differentiable, ELM analytically calculates the
hidden-output weights by searching for a minimal norm least square solution of the following
linear equation.

‖Hβ̂− T‖ = min
β
‖Hβ− T‖ , (12)

Hβ = T , (13)

β̂ = HTT, (14)

where HT denotes the Moore-Penrose generalized inverse of the hidden-layer output matrix H.

3.4. CSO-ELM Model

In the basic ELM model, when the number of hidden layer nodes is fixed, the input weights and
hidden layer deviations of the network structure are randomly determined, which affects the stability
of the model itself. After using CSO to improve ELM algorithm, the number of hidden layer nodes,
input weights and thresholds value of ELM model are adaptively selected. The flow chart is shown in
Figure 1. In the CS algorithm, N nests are set. Then, round the position value as the number of the
hidden nodes M. After inputting the sample data, a set of input weight matrices W for ELM networks
will be generated. Then, the threshold value of the hidden layer b will be obtained, and the model
output the weight matrices β. The prediction error calculated by the sample data will be the fitness
value of the present nest. At the end of each iteration, the optimal nest location is preserved, and the
values of W, b, and β are outputted. After satisfying the iteration termination conditions, the fitness
values of nests are compared. Finally, the optimal position of the bird’s nest are obtained, and the
corresponding values of W, b, β will be exported. The improved ELM method operates as follows.

1. Set the parameters of the CSO algorithm. The probability parameter of the nest being discovered
is set as pa. The initial positions of N nests are generated as nest0 = [x0

1, x0
2, . . . , x0

N]. Round the
position values to N different values as the number of nodes of the ELM hidden layer. Input the
sample and calculate the root mean square error (RMSE) as the corresponding optimal fitness
value F0. The maximum number of iterations is max_it.

2. Choose the last optimum nest position xi. Search for the nest position j through the Lévy flight,
and round the position value as the number of ELM hidden nodes. Then, calculate F j and
compare it with Fi to keep the better solution.

3. Generate random number pr and compare it with pa. If pr > pa, choose the nest position randomly
and replace the worst one. Otherwise, nothing changes.
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4. Stop searching after the number of iterations is satisfied.
5. Select the position with minimum fitness as the number of hidden layer nodes of ELM and

output the corresponding values of W, b and β. The electric power substitution market potential
prediction model cased on CSO-ELM is established.
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4. Case Study and Results

4.1. Validation Test of Forecasting Model

The proposed forecasting method is tested by historical data inputting. The data used in this
research is collected from both the “Statistical Yearbook of China” and the “Annual Report of Electric
Power Industry” for the latest 20 years. Given the development of electric power substitution projects
being affected by many factors, Pearson correlation test is carried out for test the correlations of each
factor. Factors with high correlation are used as input data of the forecasting model to accurately
predict the market potential of electric power substitution projects. The historical data are shown in
the Table 3. The correlation test of each factor is carried out by Statistical Product and Service Solutions
(SPSS) software and the results are shown in Table 3 and Figure 2.

Table 3. Correlation degree of influence factors and market potential of electric power substitution.

Factors Correlation
Degree Factors Correlation

Degree

1 GDP per capita 0.966 5 Renewable Energy Generation 0.931

2 Electricity
Consumption 0.987 6 Renewable Energy Installed Capacity 0.915

3 Electric Power
Installed Capacity 0.968 7 Annual Increment Investment in

Electric Power Industry 0.963

4 Carbon Emissions 0.985 8 Annual Increment Investment in
Power Grids 0.975
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The research is used to forecast the market potential of power substitution projects in 2018–2030.
A forecasting model of extreme learning machine based on the cuckoo search optimization is
constructed. By taking historical data of 1998–2017 as an example, the validity of this model is tested.
Due to the substitution work being a gradual process—when the CSO-ELM model is used to forecast
the market potential of electric power substitution projects—the electric power substitution amount in
every year in the future is forecasted in turn. When forecasting, the data of the target year is added to
the training set of the model to give out more accurate results.

Data from 1998 to 2012 is chosen as the training set, and data from 2013 to 2017 is used as the test
set. The BP neural network, ELM and CSO-ELM forecasting models are all used to forecast the electric
power substitution from 2013 to 2017. ELM and BP neural network are introduced as the contrast
algorithm, and the parameters are set to be at the optimal values after comparison. In setting the
parameters settings of BPNN, the number of neurons in hidden layer is set as 6. In addition, the tansig
function is used as the transfer function. The output layer is set as the purelin function. The training
times are set to 1000, and the precision target is set as 0.001. In the ELM forecasting model, the number
of nodes in hidden layer is 30, and the activation function is sig function. The initial population number
of CSO-ELM is 20 and the maximum iteration number is 200. Historical data is listed in Table 4.
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Table 4. Historical Data.

Year GDP Per
Capita/Yuan

Electric Power
Consumption/Billion

kWh

Renewable
Energy

Generation
/Billion kWh

Electric Power
Installed

Capacity/Million
kW

Renewable
Energy Installed
Capacity/Million

kW

Annual
Increment

Investment in
Electric Power
Grid/Billion

Yuan

Annual
Increment

Investment in
Electric Power

Industry/Billion
Yuan

Carbon
Emission/Million

Tons

Total
Substitution

Amount/Million
Tons of Standard

coal

2018 63,186 6844.9 1867 18,994.8 72,869 537.3 793 10,000 36,946.3
2017 59,660 6307.7 1832.4 17,770.3 65,000 535.6 801.5 9232.6 34,133.5
2016 53,935 5919.8 1866.6 16,457.5 56,400 542.6 883.6 9113.6 32,658.7
2015 50,251 5702 1509.2 15,252.7 48,000 464 857.6 9163.2 29,340.4
2014 47,203 5638.37 1378.4 13,701.8 44,037 411.9 780.5 9204.2 29,544.1
2013 43,852 5420.34 1151 12,576.8 38,700 385.6 772.7 8966.3 28,047.9
2012 40,007 4976.26 1066.6 11,467.6 31,300 369.3 746.5 8792.3 24,957.9
2011 36,403 4700.1 886.3 10,625.3 28,100 368.7 739.3 8104.9 24,957.9
2010 30,876 4193.45 811.1 9664.1 25,648.5 344.8 705.1 7680.7 23,060.9
2009 26,222 3703.21 703.5 8741.0 22,302.1 389.8 770.2 7174.6 18,640.4
2008 24,121 3454.13 674.8 7929.3 18,987.3 288.4 576.3 6710 17,530.9
2007 20,505 3271.18 591.1 7132.9 16,128 245.1 549.3 6515.26 16,638.6
2006 16,738 2858.8 533.8 6222 14,317 209.3 528.7 6002.7 14,271.9
2005 14,368 2494.03 476 5171.8 12,428 152.6 475.4 5447.8 8791
2004 12,487 2197.14 389.8 4423.9 11,294.7 123.8 328.6 4782.7 1873.6
2003 10,666 1903.16 326.2 3914.1 10,163.7 128.4 318.1 4110.4 843.4
2002 9506 1646.54 302 3565.7 9102.4 154.9 229.6 3551.3 312.6
2001 8717 1472.35 279.4 3384.9 8547.5 120.3 238.4 3296.8 123.7
2000 7942 1347.24 260.6 3193.2 8178.1 101.8 204.3 3139.4 38.9
1999 7229 1230.52 228.4 2987.7 7533.4 91 197.8 2908.6 8.1
1998 6860 1159.84 196.3 2772.8 6739.6 77.2 175.4 2991.3 0
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The fitting results of the three methods are shown in Figure 3. The overall fitting effect of ELM is
better than that of BPNN, which is mainly because the forecasting effect of BPNN largely depends
on the quality of historical data and the training of a large number of data. The ELM method is an
improved BPNN, which maintains the advantages of the fast learning speed and strong generalization
ability, and can accurately analyze in the case of small amount of data. The CSO-ELM method combines
the global optimization ability of CSO and optimizing transmission weight of ELM, contributing to a
better forecasting effect.

Processes 2019, 7, 584 14 of 24 

 

The fitting results of the three methods are shown in Figure 3. The overall fitting effect of ELM 
is better than that of BPNN, which is mainly because the forecasting effect of BPNN largely depends 
on the quality of historical data and the training of a large number of data. The ELM method is an 
improved BPNN, which maintains the advantages of the fast learning speed and strong 
generalization ability, and can accurately analyze in the case of small amount of data. The CSO-ELM 
method combines the global optimization ability of CSO and optimizing transmission weight of 
ELM, contributing to a better forecasting effect. 

2013 2014 2015 2016 2017 2013 2014 2015 2016
2.4

2.6

2.8

3

3.2

3.4

3.6
x 10

4

El
ec

tri
ci

ty
 S

ub
sti

tu
tio

n 
A

m
ou

nt
/(t

ce
/te

n 
th

ou
sa

nd
 t）

 

 

 

Actual Data BP ELM CSO-ELM

 
Figure 3. Results of three forecasting models. 

To quantify the effect of the forecasting model, Root Mean Square Error (RMSE), Mean 
Absolute Percentage Error (MAPE), Mean Absolute Error (MAE) and Determining Factor 2R  are 
selected as indicators to evaluate the effect of the forecasting model. The calculation of the four error 
indicators are as follows. 

( )2'

1

1 n

i i
i

RMSE p p
n =

= − , (15) 

'

1

1 100%
N

i i

i i

p p
MAPE

n p=

−
= × , (16) 

'

1

1 N

i i
i

MAE p p
n =

= − , (17) 

( )

( )

2
'

2 1
2

1

n

i i
i

n

i i
i

p p
R

p p

=

=

−
=

−




, (18) 

where, ip  represents the actual electric power substitution amount. 
'
ip  is the forecasting amount. 

ip  is the average of the actual electric power substitution amount, and n  is the data size. The 
calculation results of four indicators are shown in Table 5 and the contrast is shown in Figure 4. 

Figure 3. Results of three forecasting models.

To quantify the effect of the forecasting model, Root Mean Square Error (RMSE), Mean Absolute
Percentage Error (MAPE), Mean Absolute Error (MAE) and Determining Factor R2 are selected as
indicators to evaluate the effect of the forecasting model. The calculation of the four error indicators
are as follows.
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(
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)2

n∑
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(
pi − pi

)2 , (18)

where, pi represents the actual electric power substitution amount. p′i is the forecasting amount. pi is
the average of the actual electric power substitution amount, and n is the data size. The calculation
results of four indicators are shown in Table 5 and the contrast is shown in Figure 4.

Table 5. Calculation results of error indicators.

Models RSME MAPE MAE R2

BPNN 2186.66 7.00 2106.62 2.35
ELM 1168.72 3.56 1071.04 1.083

CSO-ELM 148.10 0.44 132.08 0.92
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From Table 5 and Figure 4, the constructed CSO-ELM model has a better fitting effect, higher
prediction accuracy and less error in the market potential forecasting of electric power substitution.
Therefore, using CSO-ELM model to forecast the substitution potential in the next 13 years can reflect
the future market potential of electric power substitution projects.

4.2. Scenarios Setting

In forecasting the developing potential of future electric power substitution projects, factors such
as the costs, policy support and subsidy mechanism are fully considered. Thus, combined with the
political objectives of energy-consumption structure optimization, energy conservation and emission
reduction, and renewable energy development, four scenarios are designed: basic scenario, high-cost
restraint scenario, policies-supported scenario and subsidy weakening scenario.

In basic scenario, according to the development trend of power substitution related factors in
1998–2018, the market development potential of electric power substitution in 2019–2030 is forecasted.
In the high-cost restraint scenario, the substitution project will be slowed down by the purchase of
expensive equipment and high operating costs. In the policies-support scenario, in order to reduce
the cost resistance and alleviate the environmental pressure caused by fossil energy combustion, the
government encourages the substitution work by policy mechanism. China’s “13th Five-Year Plan for
Electric Power Industry” proposed to encourage the developing of electric power substitution and clean
energy substitution to expand the proportion of electricity in energy consumption. In addition, the
substitution work is supported with appropriate subsidies mechanisms. Relevant subsidy mechanisms
can stimulate the rapid development of electric power substitution projects. With the popularization of
electric power substitution, the cost would be gradually recovered, and the projects may be profitable,
which is when the subsidy mechanism can be weakened or cancelled accordingly, to achieve an
independent development of the substitution projects.

In addition, considering the stage characteristics of social and economic development, the
forecasting period is divided into three stages: the first stage (2019–2020), the second stage (2021–2025)
and the third stage (2026–2030). The parameter settings for each scenario and time period are shown in
the Table 6 below.
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Table 6. Scenarios and primary parameter settings.

Primary Parameters Basic Scenario High-Cost Restraint Scenario Policies-Supported Scenario Subsidy Weakening Scenario

Per Capita GDP China’s future economy will be at the stage of medium-high speed growth, with GDP per capita growing about 6.4% to 7.2% each year.
GDP per capita is an objective condition and may barely change in all four scenarios.

Electricity Consumption

In view of the trend of China’s
power consumption, the
electricity consumption is in an
increasing trend with a rate of
4%.

At first, electricity consumption
will continue to grow at a rate of
about 4% in the short term.
Then, due to the high cost of the
substitution projects, the growth
rate will be slightly lower than
that in the basic scenario. So,
the increase rate is about 3.8%.

Relevant industrial policies and
subsidy mechanism will bring
positive effects. Electricity
consumption will steadily
increase with a growth trend of
about 4.2–4.4%.

The weakening of subsidies
only occurs in the later stage, so
the impact on electricity
consumption is not significant.
The growth rate of electricity
consumption can still be
maintained at 4.2% to 4.4%.

Renewable Energy Generation

The growth of renewable energy
consumption may bring an
increase in electricity
consumption. Based on the
increasing trend, the growth
rate is about 10% to 12%.

The high cost of electric power
substitution projects brings
constraints. Without political
supports, the development of
renewable energy power is
slower, with an annual growth
rate of about 9.5%.

Chinese government proposed
to achieve the target of 15% and
20% of substituting fossil energy
by non-fossil energy in 2020 and
2030 respectively. With proper
subsidies, the growth rate can
reach 12% to 13%.

The goal of developing
renewable energy remains
unchanged, but it is assumed
that the subsidy coefficient of
renewable energy will gradually
decrease in the next 13 years.
The growth rate is slightly
lower, about 11.8% to 12.5%.

Electric Power Installed
Capacity

With the gradual saturation of
power-installed capacity, the
installed capacity shows the
trend of deceleration increase, at
a rate of 4% to 4.6%.

Due to the high cost of electric
power substitution projects and
the risk of loss (no subsidy
given), the growth rate of
electric energy consumption is
slower. The construction of
newly-built electric assets will
be affected, and the growth rate
will slow down to about 3.2% to
4.3%.

Renewable energy may increase
its installed capacity. The
growth rate of installed capacity
is about 4.1% to 4.8%.

Similar to the
policies-supported scenario.
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Table 6. Cont.

Primary Parameters Basic Scenario High-Cost Restraint Scenario Policies-Supported Scenario Subsidy Weakening Scenario

Per Capita GDP China’s future economy will be at the stage of medium-high speed growth, with GDP per capita growing about 6.4% to 7.2% each year.
GDP per capita is an objective condition and may barely change in all four scenarios.

Renewable Energy Installed
Capacity

Electric power substitution
strategy brings positive effects
on developing renewable
energy However, the growth
rate, which is about 8.3% to 9%,
is limited by the social demand.

If technology improvement is
the only driving force and no
subsidy incentive is given, the
development of renewable
energy will be restrained. The
growth rate of renewable energy
installed capacity will be slow,
about 5.2%.

Supported by policies and
subsidies, the renewable energy
installed capacity will increase.
The increasing rate is about 8.4%
to 12.54%.

The renewable energy installed
capacity will be slightly lower
than that in the
policies-supported scenario,
and the increasing rate is about
8% to 12%.

Annual Increment Investment
in Power Grid

The increase in renewable
energy power will bring
investments in power grid
construction. The growth rate of
power-grid construction
investment is about 1.7% to
2.3%.

Compared with the basic
scenario, less investment will be
made to construct the power
grid for accessing renewable
power, so the growth rate is
about 1.6% to 2%.

Same as the basic scenario. Same as the basic scenario.

Annual Increment Investment
in Electric Power Industry

According to historical data
from 1998 to 2017, the growth
rate of the annual investment in
power industry will gradually
decrease in the future, about
5.2% to 6.1%.

The volume ratio of the annual
investment under this scenario
is slightly lower than that of the
basic scenario, which is about
4.1% to 4.4%.

Due to subsidy mechanism,
more investment enters into
power industry. The growth
rate of electricity investment
will slow down in the future,
which is about 6.2% to 7.3%.

The investment will increase
progressively at a rate about
6.2% to 7.1%, which is slightly
lower than that of the
policies-supported scenario.

Carbon Emissions

According to the carbon
emission situation in the past 20
years, assume that the trend of
carbon emission reduction in
the future is about 2.1% to 2.5%.

While high cost brings
resistance to the development of
renewable energy, it will also
weaken the environmental
benefits and reduce the
efficiency of carbon emission
reduction indirectly. The trend
of emission reduction is about
1.4% to 1.7%.

The development of renewable
energy will effectively reduce
carbon emissions. Therefore, in
this scenario, the reduction rate
of carbon emissions is about
3.6% to 4%.

The decreasing rate is slightly
lower than that in
policies-supported scenario, at
about 3.6% to 3.8%
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4.3. Results of Scenarios and Discussion

In the four different scenarios, the amount of electric power substitution shows significant growth
trends before 2030. Affected by electricity consumption, renewable energy generation and other factors,
the market potential of electric power substitution has broad market prospects. Electric energy can
effectively reduce carbon emissions to a minimum through scale-effect and technological means (such
as smart grid) in power production and transmission section. Therefore, the realization of electricity
substitution is a low-carbon energy development and utilization strategy as a whole, which will
inevitably have a positive impact on China’s low-carbon economy. Restricted by high construction costs
and operation fees, people’s subjective acceptance of electric power substitution project is relatively
low, which brings difficulties in popularizing. The forecasting results are shown in Table 7.

Table 7. Multi-scenarios forecasting result.

Year
Substituting Amount

Basic Scenario High-Cost Restraint Scenario Policies-Supported Scenario Subsidy Weakening Scenario

2019 382.7618 373.5561 385.4891 385.618
2020 396.7616 378.3581 412.536 415.7296
2021 415.1382 389.6555 429.1873 428.0477
2022 422.5893 401.019 440.9279 441.7451
2023 442.4443 417.0991 463.5306 463.9663
2024 472.7527 431.8294 491.1256 492.1716
2025 493.6642 445.6533 514.5227 515.4268
2026 523.7452 458.8113 543.0128 546.7548
2027 554.6676 473.256 576.6824 587.3033
2028 584.2509 489.9646 608.059 618.2991
2029 604.934 524.5843 640.7256 652.0776
2030 628.2181 538.1725 680.3083 693.8293

In all four scenarios, substituting electricity shows significant increase. In the first stage, the
growth rate is relatively small. During this period, the subsidies of the subsidy weakening scenario
have not been weakened, so there is little difference with other scenarios. In the second stage, due
to social development and technological progress, electric power substitution projects begin to have
a certain scale of promotion. The substitute electricity in the high-cost restraint scenario shows the
slowest increase. In the policies-supported scenario, the substitute electricity amount shows accelerated
growth, while the subsidy mechanism in the subsidy weakening scenario begins to fade down slightly.
In the third stage, after the promotion of the first two stages, the electric power substitution project has
a certain scale effect, and the electric power substitution quantity shows a trend of accelerating growth.

As can be seen in Figure 5, the process of electric power substitution in the policies-support
scenario and subsidy weakening scenario is significantly higher than that in the basic scenario, which
shows that the government support is very important in substitution promoting work. In addition, the
substitution amount in the high-cost restraint scenario is the least one in all four scenarios, about 538.17
million tons of standard coal in 2030. High costs lower the residents’ acceptance of projects, and the
promotion power of manufacturers is insufficient without any subsidies given. In the policies-support
scenario, the government supports by giving subsidies in equipment purchasing, installation, operation
and maintenance process—so that the projects are promoted—with the most increment in electricity
amount, reaching 693.8 million tons of standard coal in 2030. Differing from the policies-support
scenario, changes after power substitution reaching certain scale effects are considered in the subsidy
weakening scenario. With the popularization of electric power substitution projects and technical
progress, government support gradually reduced to raise independence of the substitution industry, as
can be seen from the curve of the subsidy weakening scenario in Figure 5. The increasing trend of
substitute electricity under the subsidy weakening scenario is similar to that of the policies-support
scenario. With the reduction of subsidies, the amount of electric power substitution become less than
that in the policies-support scenario after 2023, but still higher than that in the basic scenario, which
shows the effectiveness of subsidy weakening.
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In the early stage of developing electric power substitution, the main fields for promotion are 
concentrated on substitutions of coal, coal-fired boilers and coal-fired heating—where technology is 
relatively mature. In the middle and later stages, electric power substitution work turns to 
household electrification, substitution to internal-combustion engines by electricity and substitution 
to oil-fired vehicle by electric vehicle. Implementing electric power substitution will bring significant 
changes in China’s energy consumption structure, significantly reducing the proportion of oil and 
natural gas consumption and significantly reduce carbon emissions. 

5. Conclusions 

Electric power substitution is important in environmental management and for optimizing 
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In the early stage of developing electric power substitution, the main fields for promotion are
concentrated on substitutions of coal, coal-fired boilers and coal-fired heating—where technology is
relatively mature. In the middle and later stages, electric power substitution work turns to household
electrification, substitution to internal-combustion engines by electricity and substitution to oil-fired
vehicle by electric vehicle. Implementing electric power substitution will bring significant changes in
China’s energy consumption structure, significantly reducing the proportion of oil and natural gas
consumption and significantly reduce carbon emissions.

5. Conclusions

Electric power substitution is important in environmental management and for optimizing energy
structure. Market forecasting on electric power substitution projects is conducive to the government
and society to develop and promote the substituting work. Therefore, a market potential forecast
model of electric power substitution based CSO-ELM method is proposed. Firstly, the validity of the
influencing factors on the potential of power substitution development are verified through correlation
test. Secondly, combined with CSO algorithm, the ELM method is improved, which overcomes the
limitation of the search ability of the original ELM and improves the forecasting accuracy. In addition,
compared with BP, ELM and other forecasting models, the proposed CSO-ELM model has lower error
and deviation, showing better forecasting effect. Due to government support and the limitations of
industrial development, four scenarios were designed to give specific forecasting results to show how
different factors influence the development of electric power substitution projects. In addition, the
forecasting time period was divided into three stages to take on further analysis. Through comparative
analysis of the forecasting results under different scenarios, some suggestions for promoting electric
power substitution are proposed below.

(1). Compared with the direct utilization of coal, oil and other traditional energy sources on the user
side, electricity production has lower carbon emissions. Therefore, it is of great significance
to promote social energy conservation and emission reduction, and to solve the Urban Haze
problem as well.

(2). Subsidies would help reduce the actual costs for users in applying electric power substitution
projects, which would arouse users and producers’ initiative. For improving the economic
benefits, proper electricity price mechanism and corresponding subsidies should be made to
expand the market scale of substitution projects.
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(3). The forecasting results in the subsidy weakening scenario show that the substituting electricity
amount keeps increasing with weakened subsidies due to the scale effect built in the early stage
with full subsidy mechanism. Therefore, while promoting, the government can change the
subsidy coefficient flexibly according to the economic benefits of electric power substitution
projects. Adjustable subsidy coefficient can also reduce the financial burden of the government,
and encourage the industry to achieve independent development.

(4). Instead of applying renewable energy power into electricity energy substitution, renewable power
can be used in the generation side to substitute the thermal units as well. The application of
cleaner power will help optimize the structure of the whole power industry chain, and realize
high proportion and high efficiency utilization of renewable energy.

(5). Another way to promote the development of renewable energy is to improve the generation
cost of traditional generators. By improving the standard of pollutant emission payments and
applying Renewable Portfolio Standards (RPS) and green power certifications, the utilization of
renewable energy will be further improved.
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