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Abstract: Forecasting China’s clean energy consumption has great significance for China in making
sustainably economic development strategies. Because the main factors affecting China’s clean
energy consumption are economic scale and population size, and there are three variables in total,
this paper tries to simulate and forecast China’s clean energy consumption using the grey model
GM (1, 3). However, the conventional grey GM (1, N) model has great simulation and forecasting
errors, the main reason for which is the structural inconsistency between the grey differential equation
for parameter estimation and the whitening equation for forecasting. In this case, this paper improves
the conventional model and provides an improved model GM (1, N). The modeling results show
that the improved grey model GM (1, N) built with the method proposed improves simulation and
forecasting precision greatly compared with conventional models. To compare the model with other
forecasting models, this paper builds a grey GM (1, 1) model, a regression model and a difference
equation model. The comparison results show that the improved grey model GM (1, N) built with
the method proposed shows simulation and forecasting precision superior to that of other models
as a whole. In the final section, the paper forecasts China’s clean energy consumption from 2019 to
2025 using the improved grey model GM (1, N). The forecasting results show that, by 2025, China’s
clean energy consumption shall reach the equivalent of 1.504976082 billion tons of standard coal.
From 2019 to 2025, clean energy consumption shall increase by 11.32% annually on average, far above
the economic growth rate, indicating China’s economic growth shall have a great demand for clean
energy in the future. Studies have shown that China’s clean energy consumption shall increase
rapidly with economic growth and population increase in the next few years.

Keywords: clean energy consumption; grey model; time response equation; forecasting precision

1. Introduction

The Chinese economy is in an important development stage—the middle and late period of
urbanization. Currently, economic growth has entered into the new normal, and environmental
management also faces great challenges. China is currently the biggest CO, and SO, emitting country
in the world. The emission of SO, causes the deaths of approximately 0.18 million people each year
in China and has a medical cost of more than CNY 0.3 trillion. The latest statistics from the World
Bank show that China’s total economic loss caused by air and water pollution accounts for about
8-12% of China’s GDP. Because of the great damages to the environment made by extensive economic
growth, China has to find a sustainable development mode for the mutual benefit of economic growth
and environmental protection. In the urbanization stage, the main reasons for the continuously
increasing environmental load in China include the rapid increase in energy consumption brought
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by the improvement of the urbanization level and the energy consumption structure dominated by
fossil energy emitting high pollutants. For this reason, to reduce the large number of emission of air
pollutants, such as CO, and SO;, in the process of urbanization, and break through the bottleneck of
sustainable economic growth caused by environmental pollution, China vigorously advocates the
energy conservation of all the people and accelerates the development of clean and renewable energy
to replace fossil energy. Apparently, environmental management is the core task currently for China to
promote sustainable economic development and increasing the proportion of clean energy consumption
has become the key content in China’s environmental management strategies. Forecasting clean energy
consumption has great significance for China in making sustainably economic development strategies.

China’s clean energy studied in the paper includes renewable energy, such as ocean energy, solar
energy, wind energy, biological energy, hydraulic energy, geothermal energy, hydrogen energy, and so
on, and nonrenewable energy, such as nuclear energy, and so on. China generally converts all energy
statistics into the equivalents of tons of standard coal.

China’s energy production and consumption has realized the leaping development over the
70 years since its establishment, and China’s energy structure is changing from the raw-coal-dominated
type to the clean & low-carbon type. With the research and development of technology and the
fast changes in equipment manufacturing capacity, China’s clean energy shall have a continuously
rising right of speech in the international market. China’s installed capacity for clean energy has
increased by more than 1000 times and its power generating capacity has increased by over 2000 times
over the past 70 years. In 1949, the only installed unit of power of clean energy in China was the
hydropower installed unit. However, by 2018, China’s installed capacity of hydropower, wind power
and photovoltaics has been 352,260 MW, 184,260 MW and 174,630 MW, respectively, all ranked first
in the world. In China, the total proportion of clean energy in total energy consumption was about
22.2% in 2018, increasing by 7.7%compared with the figure in 2012; however, to realize the goals of 25%
and 35% in 2020 and 2030, China needs to do a lot more. The future variation trend of clean energy
consumption in China is of common concern, and so forecasting China’s clean energy consumption
has great significance for China to make energy development strategies.

Many researchers have performed studies on forecasting clean energy consumption at home
and abroad. Qian et al. [1] proposed various methods for improving the forecast precision of wind
power generation. They mixed different technologies to construct hybrid models. Their research
first decomposed the wind speed/rate time sequence into relatively stable subsequences and then
built forecasting models for each subsequence. Decomposition-based hybrid forecasting models were
classified into different groups based on the decomposition methods. They explored decomposition
methods in the background of optional forecasting algorithms. Lu [2] offered a renewable energy
forecasting method with small samples. The research combined the heuristic fuzzy time sequence
with the improved grey forecasting model to improve forecasting precision. In particular, this
proposed method could improve the forecasting precision of renewable energy to more than 90%,
so its forecasting results could be used by managers for reference when making energy strategies.
Tsai et al. [3] studied the forecasting of growth trends of renewable energy consumption in China.
Their research only collected 22 samples because renewable energy was an emerging technology.
The amount of historical data samples of renewable energy was limited, and the data did not follow
the normal distribution; in this case, the forecasting methods analyzing a great amount of data were
not applicable, so researchers adopted a grey forecasting method. This method could be used to
make comprehensive analyses, observe the system’s development and changes and make long-term
forecasts. However, to overcome the limitations of studies on grey forecasting and improve forecasting
precision, this research adopted the grey model GM (1, 1) and the nonlinear grey Bernoulli model
NGBM (1, 1) for theoretical derivation and verification, and then compared the two models with the
regression analysis model to determine the models’ forecasting precision and fitness. In terms of mean
absolute error, mean square error and mean absolute percentage error, the NGBM (1, 1) had the highest
forecasting precision, followed by the GM (1, 1) and the regression analysis model. The results show
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the improved NGBM (1, 1) grey forecasting model had a good forecasting ability. Abedinia et al. [4]
proposed a hybrid forecasting method based on the neural network and the metaheuristic algorithm
for solar energy forecasting. They optimized the free parameters of the neural network using the
metaheuristic algorithm. The method included a two-level characteristic selective filter for invalid
input characteristics. To verify the effectiveness of the forecasting method proposed, they used the
method in a practical engineering test case. The test results show that the method had a certain
superiority compared with other forecasting methods. Reikard et al. [5] forecasted wave energy in
a short time. They made simulations in three places—Canada, Britain and British Columbia—and
calculated the power series of six types of wave energy converter (WECs), of which four types were
for deepwater and two types were for shallow water. They made forecasts using the physics-based
model and the statistical model. Considering the inherent nonlinearity and randomness of wind
energy forecasting, Yang et al. [6] developed a hybrid wind energy forecasting and analysis system
containing the deterministic forecasting module and the uncertainty analysis module to alleviate the
challenges in current research. The developed hybrid system included three steps: first, preprocessing
data, capturing and digging the wind energy time sequence’s main characteristics, and reducing
the negative influence of noise; second, proposing a multi-objective optimization method, realizing
the forecasting of subsequences and improving the precision and stability of forecasting precision;
finally, searching for the optimal function using the optimized extreme learning machine based on
various modeling objectives, and getting the deterministic forecasting and uncertainty analysis results.
The researchers made an experimental simulation using the data measured in three wind power plants
in an actual wind power plant. The results show that the system developed had good performance in
engineering applications. The system was not only an effective tool for wind energy’s deterministic
forecasting and uncertainty analysis but also could be used in the engineering application filed in
the future. Xiao et al. [7] summarized the hybrid models of wind energy forecasting and classified
the hybrid forecasting methods of wind energy. To further research hybrid models, they proposed
two hybrid models, the hybrid models of NNCT (Non-Negative Constraint Theory) and artificial
intelligent algorithm. Using the regional data of Chengde, China, they verified the effectiveness of
hybrid models and the results show that the hybrid models proposed offered satisfactory forecasting
results compared with existing conventional hybrid models. Rodriguez et al. [8] proposed the ANN,
an artificial neural network forecasting photovoltaic generating units’ solar energy generating capacity.
The tool developed by them solved the problem of complexity of system control based on solar energy.
The tool could forecast related parameters of solar energy generation, so that people could estimate
the future power generation and then optimize the power grid. The tool used an artificial neural
network developed with MATLAB software. The results show that the difference between energy
generated actually and forecasted was about 0.5-9%, indicating the accuracy was sufficient to be
installed in the system of integrated solar power generators. Kim and Hur [9] proposed a method
for short-term probability forecasting of wind energy through enhanced integration. The improved
integrated forecasting methods were mainly divided into time integrated forecasting and space
integrated forecasting. The researchers used the auto-regression integrated mobile averaging method,
the polynomial regression method of time sequence data, and the analog integrated method of
probability for the time integrated forecasting. The space integrated forecasting was realized through
the geographical statistic model and the geographical attribute data interpolation. In addition, they
used the stochastic simulation integrated method to reduce the uncertainty of wind power forecasting
and considered adopting the numerical weather forecasting model for accurate wind power forecasting.
The experiment results show that the model showed good performance while offering probability
forecasting. Zheng et al. [10] made a numerical forecasting experiment for China’s wave energy using
the latest wave model and built a short-term wave energy forecasting system suitable for China’s seas.
Considering the wave power density (WPD), the wave energy rise, the diurnal total energy storage and
the effective energy storage, the researchers designed a series of short-term wave energy forecasting
products. Because China’s seas and the surrounding waters have relatively frequent cold air in winter,
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early spring and late autumn, there is sufficient wave energy. Although wind energy and solar energy
has been the main source of renewable energy by far, wave energy is increasingly being considered as
a feasible energy source in coastal areas. Reikard et al. [11] combined wind energy with solar energy in
the research and integrated the wave energy into the power grid. The northwest Pacific Ocean area in
America has a good combination of the three types of energy. Solar power generation is characterized
by a daily cycle and seasonality, but also shows nonlinear changes due to clouds, atmospheric turbidity
and rainfall. Wind power generation is mainly controlled by the large slope incident, i.e., the irregular
transition between high power state and low power state. Wave energy shows seasonal cycles and is
stable generally. Researchers made a forecasting test of three types of renewable energy for 14 h and
found that wave energy could be forecasted more easily than wind energy and solar energy. Simulation
results showed that wave energy had a forecasting error of 5-7% in one hour, while solar energy and
wind energy had the errors of 17% and 22%, respectively. Wave energy had the lowest storage cost,
which was less than a half of the cost of wind energy or solar energy. Galvan et al. [12] gave an interval
forecasting method for renewable energy (solar energy). They proposed a multi-objective evolution
method which could optimize two objectives at the same time. The method built a complicated
nonlinear model using a neural network, of which the output is the top and bottom limitations of the
forecasting interval. They compared the results with the results of the single object optimization with a
similar neural network structure and the baseline algorithm and found that the neural network could
offer accurate results. Li et al. [13] proposed a hybrid forecasting method for intelligent residential
districts” net load forecasting specific for the short-term forecasting of intelligent residential districts’
wind power and photovoltaic power generation and load. The method could build a real-time
forecasting model with self-adjusting parameters. Compared with conventional forecasting methods,
such as the SVM (Support Vector Machine), the method could make a fluctuation optimization to the
forecasting model’s parameters. In addition, to reduce the calculation time in the forecasting process,
the researchers proposed an optimized grid genetic algorithm. Therefore, the method could improve
forecasting precision even if there was great uncertainty in wind power and photovoltaic power
generation and load. They made a comparative analysis on conventional forecasting methods and
the forecasting method proposed through a detailed case analysis. The analysis results show that the
method proposed had an adaptive ability for the fluctuations of wind power and photovoltaic power
generation, and improved forecasting precision and efficiency greatly. Li et al. [14] estimated and
compared two comment methods, the ANN and the SVR (support vector regression), for the purpose of
forecasting the energy output of solar photovoltaic systems in Florida. Basing on the machine learning
algorithm tested, they proposed a delaminating method which determined the model’s precision by
calculating error statistics, such as the MBE (Mean Biased Error), the MAE (Mean Absolute Error),
the RMSE (Root Mean Square Error), the MPE (Mean Percentage Error) and the rRMSE (relative RMSE).
Jeon et al. [15] developed short-term forecasting for waves. Wave energy’s discontinuity stimulated
the applications of probability forecasting. The researchers made probability forecasting of wave
energy with the unconditional kernel density estimation, the conditional kernel density estimation,
the univariate and bivariate ARMA—GARCH (Auto-Regressive Moving Average—Generalized
Auto-Regressive Conditional Heteroscedasticity) model and the regression-based method. They built
a binary ARMA-GARCH model. The empirical study proved that the binary ARMA-GARCH model
of fluctuation height and period had the highest forecasting precision for wave energy as a whole.
Ibarra-Berastegi et al. [16] analyzed the performance of three statistical models and proposed a famous
physics-based wave energy flux forecasting model. The forecasts were of five buoys in the Bay of
Biscay within 24 h. The data resolution was once per hour. The time framework of 1999~2005 was
used for training models. The forecasted time was within 6 years, from 2006 to 2012. The statistical
forecasting models used three technologies: the analogy, the random forest and the combination of
two methods. The physical model was a wave model (WAM). The forecasting results show that the
random forest model was superior to other models. The random forest model had a high-precision
forecasting ability because it could combine the information offered by atmospheric and sea state
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variables successfully. Merigaud et al. [17] explored the full range of wave modeling activity, including
various time scales, and introduced modeling methods of the time scales and the causality input
driving the models. Some models were based on the physical description of the system, including
sounding, while some models only used measured data to form time sequence models. Their research
introduced the proper structures of forecasting models and how to make parameter estimations
for models in details, and offered some cases to explain these modeling methods. Ma et al. [18]
proposed and used a machine learning forecasting algorithm, which did not contain a great number
of independent variables or hypotheses, for the modeling and forecasting of American renewable
energy consumption (REC). They forecasted the biomass and hydro power’s REC in years 2009-2016.
Martin-Vazquez et al. [19] forecasted wind power generation capacity using two machine learning
methods. The individual method constructed a model for each layer, while the global method obtained
a model allied to all layers. Each method had its advantages and disadvantages. The SVM was used to
construct the individual and global models. The research performed tests with the energy production
data obtained from wind power plants and the meteorological data offered by the European Center
for Medium-Range Weather Forecasting. Additionally, considering the great number of variables
involved, to improve the models” performance, the researchers adopted a characteristics selection
algorithm. The experiment results show that the global model was more accurate than the single model,
especially in the case of characteristic selection. Mehedintu et al. [20] analyzed the trend of renewable
energy consumption using the data of 28 countries of the EU. The data came from the Eurostat’s
database of the years 1995-2016. The researchers got the simple statistics of three macroeconomic
indexes on the level of the EU and made an economic analysis, and then estimated the evolution of
renewable energy consumption’s proportion in the final energy consumption using five regression
models (the polynomial, ARIMA). The empirical estimation of the proportion of renewable energy in
the final energy consumption showed that all groups had a growth trend. Dumitru and Gligor [21]
analyzed different time sequence modeling methods for the purpose of forecasting the power output
of renewable energy like wind energy. They used two models, the random model (ARIMA) and the
model based on neural network (FFANN or MLP) for the forecasting.

In various forecasting models, the grey model is an important type. In the applications of grey
model, many researchers used the GM (1, 1) model and its improved models for forecasting. Because
clean energy consumption is affected by other variables, it’s proper to build a grey model GM (1, N)
for the forecasting of clean energy consumption. In recent years, the GM (1, N) model has been used
widely [22-26]. However, when forecasting with the models in practice, there are always great errors,
for which reason many researchers have studied the model. Currently the studies focus on the model’s
optimization, modification and extension. Zhengxin Wang [27] proposed a grey multivariable time-lag
GM (1, N) model and its solving method for the modeling of small-sample systems with time-lag
causality. Haijun Su and Yi Shao [28] proposed an optimized combination GM (1, N) model considering
the model’s defects in simulation and forecasting. Ji Huang [29] proposed a grey multivariable delay
GM (1, N) model for the control system with little information, many variables and lagged input and
output, gave the model’s parameter estimation form and approximation time response formula and
obtained two derived models. Gaofeng Zhang et al. [30] made an experimental study on the grey
multivariable self-memory model and gave the method building grey GM (1, N) self-memory models.
Manxi He and Qin Wang [31] made a modeling mechanism analysis on a grey differential equation GM
(1, N) according to the time sequence’s structure and characteristics, and proposed a new algorithm to
build GM (1, N) forecasting models based on the Simpson formula. Song Ding et al. [32] introduced a
dummy variable into the conventional GM (1, N) model to construct a GM (1, N) model controlled by
a dummy variable. Wei Zhou and Zhigeng Fang [33] proposed two nonlinear optimization GM (1, N)
models. Qiuping Wang et al. [34] combined the grey theory with the Markov model for forecasting to
improve forecasting precision. Xiaojun Bi and Xin’an Wu [35] offered a multistage grey model GM (1, N)
with a feedback mechanism for complex systems. These research methods improved GM (1, N) model’s
forecasting precision to different extents. In fact, a main reason for the poor forecasting precision of
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conventional GM (1, N) model is the structural inconsistency between the grey differential equation
for parameter estimation and the whitening equation for forecasting [36-38]. The paper derives the
modified model of conventional grey differential equation on the basis of the whitening equation,
in which way the structure of the grey differential equation obtained is basically consistent with the
structure of the whitening equation, and then substitutes the parameter estimate obtained with the grey
differential equation into the whitening equation (time response equation), and the solution obtained
shows small forecasting errors. In the grey differential equation, the selection of background value is
very important. Generally, the background value is the adjacent mean sequence, i.e., the generating
coefficient of background value is an equal-weighted constant, which is the approximate value of
the background value, but sometimes the model forecasting precision is poor, so many scholars have
made important studies on this problem [39-43]. However, in fact, the background value function has
many forms. If the generating coefficient of the background value is an unequal-weighted constant
or unequal-weighted variable, to improve forecasting precision, we can use an optimization method
to select the generating coefficient. This paper uses the grey differential equation of an improved
GM (1, N) model for parameter estimation and gives a parameter estimation method with optimized
background value. For the time response equation of conventional GM (1, N) model, there is generally
no analytical solution, and researchers generally use an approximation method [44—48]. This paper
gives a scientific solving method for the time response equation of the improved model. The empirical
analysis shows that the improved grey model GM (1, N) proposed and the method proposed improve
simulation and forecasting precision greatly compared with conventional models. To compare with
other models in terms of forecasting, this paper builds a grey GM (1, 1) model, a regression model
and a difference equation model. The comparison results show that the improved grey model GM
(1, N) built with the method proposed is superior to other models as a whole in terms of simulation
and forecasting precision. In the final part, this paper forecasts China’s clean energy consumption
using the improved model and method proposed. Forecasting results show that China’s clean energy
consumption shall grow rapidly with the growth of economy and population in the next few years.

2. Methodology

2.1. Conventional Grey Model GM (1, N)

We supposed the system characteristic factor’s time sequence to be x&o (k)
factor’s time sequence to be {x i(o) (k)}i = 2,3,---,p), ie, xl@) (k) = {x( )(1),x1(0 (2),--- x(o) (N)}
(i=1,2,--,N).

The first-order accumulated generating equation is

} and correlative
)

W)=Y xO6), k=12 N Q)

The conventional grey model GM (1, N)’s grey differential equation is

2 (k) + a2V (k) = baal? (k) + b3V (k) + -+ bl (k) )

in which the background value zgl) (k) = 0.5x§1) (k—1)+ 0.5x§1) (k).
The whitening equation is

+ (k) = boal? (k) + bl (k) + -+ Bl (k) 3)



Sustainability 2020, 12, 698 7 of 20

Its solution is

AVt = [ thx1> +Zfbx” ”fdt] @)

The equation above generally has no analytical expression. When time sequence {xfl)(k)}
(i=2,3,---,p) had few changes in time interval [f, t; 1], the time response equation of GM (1, N)’s
whitening equation was approximate to

P 4
1 1
AW (E41) = e—uf(x§1>(1) -y b+ )|+ Y b+ ) 5)
i=2 i=2
where
a
by
B=| by |=(XX)'XY (6)
bl’
-0.5(xM(2) + xM(1)) AV (2) % (2) X0 (2)
- 6 1) (1) (1) (0)
X = 0.5(xM(3) +x(2)) x, " (3) x, " (3) Y= x (3) @)
~05(xD(N) +xO(N-1)) ANy - D *O(N)

Then, from £ (£) = 2 (¢) — 21 (¢ — 1), we calculated the simulated value and forecasted value
of original sequence.
If time sequence {xfl) (k)}(i = 2,3,---,p) had great changes in time interval [t, t;, 1], we could

substitute the time response function of GM (1, 1) model built with them into {x(l) H}i=2,3,---,p)
of xil)(t) = e |x ( (1) - t): b; x(1 )+ IZ f b; x (t)e"dt] to get the analytical expression of time

response equation of GM (1 N) model.
2.2. Improved Grey Model GM (1, N)

2.2.1. Mechanism Analysis on Improved Grey Model GM (1, N)

We supposed the system characteristics factor’s time sequence to be { x (0) ( )} and correlative
factor’s time sequence to be {xl@) (k)}i = 2,3,---,p), ie., xgo) (k) = {xl( )(1), 1(0)( ), ,xgo) (N)}
(i=1,2,---,N).

The first-order accumulated generating equation is

D (k) = Z xfo)(i), k=1,2,---,N ®)

To improve grey model GM (1, N)’s forecasting precision, we modified the conventional whitening
equation to be

1
dt

e 1) 1) 1)
——— +axy (k) = bax; (t) +baxy ' (t) + -+ bpx, () + b 9)
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We used the Lagrange’s mean value theorem to derivable curve xil) (t) in (k—1,k), and there was
a &g € (k—1,k), allowing
dxM

k) -k -1) = L (10)

t=¢&

t=E

(1)
In this case, we made t = &, for both sides of dx]dt(t) + alxﬁl) = bzxgl)(t) + nggl)(t) +-

bpx;(jl) (t) + b, and then got

xio) (k) + alxgl) (&) = bzxg) (&) + b3x§l) &)+ + bpx,f,l) (&) + b (11)

where xl.(l) (&)(i=1,2,---,p) is the background value. We reecorded zfl) (k) = xl.(l) (&k), and then got
the modified grey differential equation

2V (k) + a2V (k) = byzl (k) + bazl) (k) + - + bzl (k) + b (12)

Generally, xgl)(t) was a monotonic sequence, and then xlm(ék) € (xl.(l)(k— 1),xi(1)(k)),
and there was

(1)

i

(&) = oV (k= 1) + (1 = a)xV (k), (0 < o < 1) (13)

X )
1

ie, 2 (k) = axM (k=1) + (1—axM k), (i =1,2,---,p).

i
2.2.2. Time Response Equation of Improved Grey Model GM (1, N)

To get the solution of grey model GM (1, N)’s whitening equation, we substituted the time
(1)

response equation for x; "’ (i = 2,3, -+, p) in the whitening equation, and so supposed

Ci\ —a.(t— C .
() = () (1) = e 4 8 (=23, p) (14
and then the whitening equation was
(1) 4 :
dx;” (1) . .
1 1) _ 1M (1) = Gyeramit-1) 4 G
o ) = i;bl[(xi (1= 2 +b (15)
ie.,
ax\V (1) P , b
1 1 _ i (D py Z Gyt DiCi
e T ;[ble R _ +b (16)

P
We recorded B; = bje” (xfl) (1) - %) and By = }. (%) + b, and then

ai
i=2

D

1 (1) oAt
o +ax;(t) = 22 B;e %" + By (17)
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0]
t

The solution of + alxgl) (t) = Bje™it was

A0t = o (1) + ff k"B eatay)

— —al (t-to) [x 1 +f el (n- tO)B ol td’)] (18)
- B; t
= e~m(t=to) [x(1) (1) + (ot ce(=aita)n— alto))to]
_ altg( (1)(1> _ —ﬂiﬂl g—ﬂito)e—lhi + _ﬂiB‘:’H] ot
1) 4
In this case, the solution of w + a1x§1) (t) = Y Bie ™' + By was
i=2
1 P B gy — B g
AV (r) = }zz[eﬂlto (xD (1) = Eemaito)ent 4 Bipmit] 1)
1=
By - B
+emfo (x() (1) = Z0)emmt 4 20
i.e., the time response function of whitening equation was
p bieti (x\V (1)- bieti (x V) (1)-
(0 = T o (00 (1) = g et T
2 P (b P (b (20)
) ,Z( ’11)+b ‘ZZ( ’l’)+b
+efto (x(1) (1) — IT)e_alt + IT
2.2.3. Parameter Estimation of Improved Grey Model GM (1, N)
The improved grey differential equation is
2 (k) 4+ gz (k) = bazl (k) + b3zl (k) + -+ b2l (k) 4+ b 21)

where zfl) (k) = akxfl)(k -1)+(1- ak)xfl)(k).
If the generating coefficient was an equal-weighted weight, i.e,a;y = 0.5, the estimate of
parameter was

.
by
B= b3 = (X'X)"'X'Y (22)
bp
| b ]
where
05" (2) + V(1)) 05N (2) + 2" (1)) 05(x}"(2) + V(1)) 1
x| —05617 ) +xV2) 05(x,"(3) +x(2)) 05(x)" (3) +x,"(2)) 1 o3
05NN +x V(N =1)) 056 () + 2V (N -1)) 05(x) ) (N) +x) (N -1)) 1
x©)(2)
v=| O e
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If the generating coefficient is an unequal-weighted constant, i.e., ax = a, in which case,

2V = axV(k-1)+ (1M (k) 0<a<1) (25)

1

The estimate of the parameter is

m
by
B= b?’ = (X'X)"'X'Y (26)
bP
| b ]
where
—a (-0 a1+ (-5 ) (1) + (1)) (2) 1
x| @ - (-l ) arlV(2) + (1-a)xl)(3) axy)(2) + (1-a)x (3) 2
~alV -1 - (1-aVN) eV N-D + (- () eV (- (V) 1
x(O)(z)
(0)
v=| 0 @)
xO(N)

We used the optimization method to define a. That is, in [0, 1], we took the value of & from 0 to 1
N [0 )0
by the step size of 0.01, and chose the a, making MAPE = ﬁ )3 %
t= 1

After getting all the parameters, we substituted the parameters into the following time sequence
response equation:

X 100% the minimum.

X

p bieti () (1)~ ¢ 4 biei V(1))
1) = e (G0 (1) - e e ek
= (29)
Begpe . S0
+eM (x(l)(l) - ’:2—)e—ﬂ1k =2 -

a

From xgo) (k) = (k) go (k—=1),(k =2,3,---,N), we got the simulated value of the original
sequence {xgo) (k)}; from xio k) = J?§ (k) - J?go) (k-=1),(k=N+1,--- ,N+¢q) we got the forecasted
value of the original sequence {xgO (k)} at the gt step.

3. Empirical Analysis

3.1. Variables and Data

Clean energy is energy which does not emit pollutants. It includes renewable energy, such as ocean
energy, solar energy, wind energy, biological energy, hydraulic energy, geothermal energy, hydrogen
energy, and so on, and nonrenewable energy, such as nuclear energy, and so on. Forecasting China’s
total consumption of clean energy has great significance for developing energy development strategies.
Because the main influencing factors of clean energy consumption are economic scale and population
size, and there are a total of three variables, this paper tries to simulate and forecast China’s clean
energy consumption using the grey model GM (1, 3). Because the conventional grey GM (1, N) model
has great simulation and forecasting errors, this paper improves the conventional model to obtain the
improved grey model GM (1, N), and then simulates and forecasts China’s clean energy consumption
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with the improved grey model GM (1, N). the variables are selected as follows: xgo) (t) is the actual
value of China’s clean energy consumption (10,000 tons of standard coal); xéo) (t) is GDP (CNY 0.1

billion); xéo) (t) is the population (10,000 people). The time range is from 2006 to 2018. The data source
is the China Statistical Year Book, 2019, published by the National Bureau of Statistics of China. This
paper uses software Matlab 2016a for calculation.

3.2. Empirical Results

Table 1 gives the related data of China’s clean energy consumption from 2006 to 2018. This section
builds an improved grey model GM (1, 3) for China’s clean energy consumption.

Table 1. Related Data and Calculation Results of China’s Clean Energy Consumption.

Actual Actual Actual Conventional Model Improved Model
Year No. Value Value Value GM (@, 3) GM (@, 3)
xio) (1) xio) (1) x;o) (1) Simulated Relative Simulated Relative
Value Error % Value Error %
2006 1 21,198.56 219,438.5 131,448.0 - - - -
2007 2 23,358.15  270,092.3 132,129.0 12,940.71 44.60 23,923.56 242
2008 3 26,931.32  319,244.6  132,802.0 24,140.84 10.36 26,235.73 2.58
2009 4 28,570.71  348,517.7 133,450.0  29,015.09 1.56 28,820.47 0.87
2010 5 33,900.91 412,119.3 134,091.0  31,980.87 5.66 31,710.13 6.46
2011 6 32,511.61 487,940.2 134,735.0 34,472.43 6.03 34,940.91 7.47
2012 7 39,007.39 538,580.0 135,404.0  36,965.61 5.23 38,553.28 1.16
2013 8 42,525.13  592,963.2 136,072.0  39,629.32 6.81 42,592.51 0.16
2014 9 48,116.08 641,280.6 136,782.0 42,535.38 11.60 47,109.23 2.09
2015 10 52,018.51 6859929 137,462.0  45,726.16 12.10 52,160.07 0.27
Forecasted Relative Forecasted Relative
Value Error % Value Error %
2016 11 57,988.00 740,060.8 138271.0  49,236.53 15.09 57,808.36 0.31
2017 12 61,897.02 820,754.3 139,008.0  53,101.13 14.11 64,124.94 3.60
2018 13 66,352.00 900,309.5 139,538.0  57,356.93 13.56 71,189.00 7.29
Average Simulation Relative Error (2006-2015) - 11.55 - 2.62
Average Forecasting Relative Error (2016-2018) - 14.29 - 3.73
Average Relative Error (2006-2018) - 12.24 - 2.90

First, build the GM (1, 1) model for GDP: xgo) (k) + azzgl) (k) = co.

To improve the simulation precision, we supposed the background value as Zél) (k) = axél) (k-1)+
(1- a)xél) (k) and made a change from 0 to 1 by the step size of 0.01, and then calculated the average
simulation relative error MAPE. Figure 1 shows the results.

N
When o = 0.41, MAPE is the minimum and MAPE = 5 ¥, X 100% = 4.62%.
=2

1.
i

In this case, the background value is
xW (&) = 0.41xM (k= 1) 4 0.59x ) (k) (30)
Then, we got the estimate of the parameter

ap; = —0.097882, c; = 271521.0
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and then
G =) (1) - 2)ent-n 4 2 -
= 2993401.0263¢0-097882(t-1) _ 2773962 5263

0.1

MAPE

0.04

«

Figure 1. Curve of average simulation relative error changing with a.

We then built the GM (1,1) model for population size: xéo) (k) + a3z§1) (k) = cs.
To improve the simulation precision, we supposed the background value as zgl) (k) = axél) (k-1)+

l1-« x(l) k) and made a change from 0 to 1 by the step size of 0.01, and then calculated the average
2 g y P g

simulation relative error MAPE. Figure 2 shows the results.

x107°

«

Figure 2. Curve of average simulation relative error changing with a.

) o 1 N0 )-20)(1)
When a = 0.50, MAPE is the minimum and MAPE = x5 . —on X 100% = 0.0116%.
i=2

In this case, the background value is
xW (&) = 0.50xM (k- 1) + 0.50xM) (k) (32)
Then, we got the estimate of the parameter

a; = —0.00492609, ¢, = 131156.0



Sustainability 2020, 12, 698 13 of 20

and then
G = (V1) - 2)eali-D 4 2 )
= 26756215.3104¢0-004926(t~ 13 26624767.3104

If we built the conventional GM (1, 3) model, i.e., the model was

xgo) (k) + alzgl) (k) = bzxgl)(k) + nggl)(k) (34)

in which the background value z§l) (k) = O.5x§1) (k=1)+ O.5x§1) (k).
From the grey differential equation, we got

a; = 1.13401, by = 0.0613443, b3 = 0.100992

The whitening equation is

dxD
d_lt + alx(l) = b2x§1) + nggl) (35)

1)

To get the analytical solution, we substituted the time response equation of GM (1, 1) for xgl), Xy

in the equation above, i.e.,

O D [ @ € e L G
i —i—alxl :Zbi[(xi (1)—a—i)€ ! +ﬂ_l] (36)
i=2
We got the solution
1 3 etV ()-3) - weiV()-3)
xg)(t):Ez[eal(xﬂ)(l)——al_ai L)t 4 ——L I pmait
a . - (37)
t) L A
et (2 (1) = SE—)e + =

We substituted the related parameters, and then get the time response equation

A\ (1) = 64629.9241e71 13401 1 135162.2760e" 97852 1 2360861.38906% 4260 _ 2521176.6820

We calculated the simulated value and the forecasted value of the original sequence from.
See Table 1 for the results. Table 1 shows the relative errors and average relative errors in the periods.

Next, we built the improved grey model GM (1, 3) proposed.

The grey differential equation of improved grey model GM (1, 3) is

20 (k) + w2z (k) = bozl (k) + bazl) (k) + b (38)

The background value is zgl) (k) = axl(l) (k—1)+ axfl) k), (i=1,2,3).
We let the generating coefficient a changes from 0 to 1 by the step size of 0.01, calculated and got

the average simulation relative error MAPE. Figure 3 shows the results
20(t)

When o = 0.49, MAPE is the minimum and MAPE = 1 ): )

X 100% = 2.61%.

In this case, the background value is

2V (k) = 049 (k- 1) + 0512 (k), (i = 1,2,3) (39)
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We calculated this and got
a1 = —0.11054731, b, = 0.00014035613, b3 = —0.0038000549, b = 20976.208

The time response equation is

C.

( 3 beti (V) (1)) beti(xf (1)-3)

1 a;) g\ — 4
1 )(t> = iz . el (x(l)(l) — Tile al)e art = e a;t
N (40)
s (—bj;fi J+b 3 (—b};j" Jro
LMo (x(l)(l) =2

m

X

)e—alt + i=2

m

«

Figure 3. Curve of average simulation relative error changing with a.

From £ (t) = £ () =21 (¢ = 1), we calculated the simulated value and forecasted value of
original sequence. See Table 1 for the results. From the average simulation relative errors and
the average forecasting relative errors, we can see that the improved model has the simulation
and forecasting precision obviously superior to that of conventional models and shows an average
simulation relative error of only 2.61103% and an average forecasting relative error of only 3.73303%,
far less than 10%. The model has high precision and thus can be used for forecasting.

To compare the model proposed with other models in terms of simulation and forecasting
precision, the paper builds the following three models using the data from year 2006 to year 2015.

The grey GM (1, 1) model built is

#1(1) = 28872.9191e293%(-1) _207674.3591 (41)
R* = 0.9872
From fcgo) (t) = 3251) (t)— 9251) (t-1),(t=2,3,---,10), get the simulated value of original sequence;

from fcgo) (t) = fcgl) (t) - fcil) (t—1), (t =11,12,13), get the forecasted value of original sequence at the

third step. Table 2 shows the results.
The regression model built is

#9() = ~1010866.00 — 0.0346893x\" (£) + 7.89467x." (t) (42)

1 2
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R? = 0.9751

From Equation (42), we calculated and got the simulated values, forecasted values and errors of

x§0> (t) from the regression model. See Table 2 for the relevant results.
The difference equation model built is

29(t) = 349.74 4+ 0307776 (t - 1) + 0.87165x" (¢ - 2) (43)

R? = 0.9699
From Equation (43), we calculated and got the simulated values, forecasted values and errors of

(0)

1 (t) from the difference equation model. See Table 2 for the relevant results.

Table 2. Forecasting results of grey model GM (1, 1), regression model and difference equation model.

Actual Grey Model GM (1,1) Regression Model Difference Equation

Year  No.  Value : : : : : Model :
X (2) Simulated Relative  Simulated Relative Simulated Relative
Value Error % Value Error % Value Error %
2006 1 21,198.56 - - 19,266.83 9.11 - -
2007 2 23,358.15 22,521.97 3.58 22,885.96 2.02 - -
2008 3 26,931.32 24,738.22 8.14 26,494.01 1.62 26,016.29 3.40
2009 4 28,570.71 27,172.55 4.89 30,594.29 7.08 28,998.40 1.50
2010 5 33,900.91 29,846.43 11.96 33,448.48 1.33 32,617.49 3.79
2011 6 32,511.61 32,783.43 0.84 35,902.47 10.43 35,686.93 9.77
2012 7 39,007.39 36,009.44 7.69 39,427.35 1.08 39,905.40 2.30
2013 8 42,525.13 39,552.90 6.99 42,814.47 0.68 40,693.62 431
2014 9 48,116.08 43,445.06 9.71 46,743.59 2.85 47,438.29 1.41
2015 10 52,018.51 47,720.21 8.26 50,560.93 2.80 52,225.24 0.40
Forecasted Relative Forecasted Relative Forecasted Relative
Value Error % Value Error % Value Error %
2016 11 57,988.00 52,416.06 9.61 55,072.14 5.03 58,299.61 0.54
2017 12 61,897.02 57,574.00 6.98 58,091.31 6.15 63,538.37 2.65
2018 13 66,352.00 63,239.49 4.69 59,515.77 10.30 69,944.73 542
“ﬂﬁizﬁﬁ%gﬁghmw ; 6.90 - 3.90 - 3.36
pepleitdie L w s ow
Average Relative Error ; 6.95 ) 465 ) 323

(2006-2018)

Tables 1 and 2 show that for China’s clean energy consumption, the improved model GM (1, 3)
has an average simulation relative error obviously smaller than those of the grey model GM (1, 1),
regression model and difference equation model; the model proposed has an average forecasting
relative error significantly smaller than those of the grey model GM (1, 1) and the regression model and
slightly higher than that of the difference equation model. Overall, the improved model GM (1, 3)’s
average relative error is significantly smaller than those of the grey model GM (1, 1), regression model
and difference equation model. Therefore, the improved model GM (1, 3) built in this paper has the
precision obviously superior to that of the grey model GM (1, 1), regression model and difference
equation model.
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The results in Tables 1 and 2 show that the model built with the improved model proposed and
the method proposed has high simulation precision and forecasting precision.

Table 3 shows the forecasted values of China’s clean energy consumption from 2019 to 2025
obtained with the improved grey model GM (1, 3).

Table 3. Forecasted values of china’s clean energy consumption.

Forecasted Value

Year No. (10,000 Tons of Standard Coal)
2019 14 79,089.1377
2020 15 87,924.4140
2021 16 97,805.6105
2022 17 108,856.6116
2023 18 121,215.9510
2024 19 135,038.5413
2025 20 150,497.6082

Figure 4 is the curve diagram of the actual value, simulated value and forecasted value of China’s
clean energy consumption. It shows that the improved grey model GM (1, 3) built in this paper has
high fitting precision. The forecasting results in Table 3 show that by 2025, China’s clean energy
consumption shall reach 1.504976082 billion tons of standard coal. In this case, China’s clean energy
consumption shall increase by 11.32% annually on average from year 2019 to year 2025, far higher than
the growth rate of the Chinese economy. It also indicates that China’s economic growth shall have a
great demand for clean energy in the future.

=—©— Actual value
«-%+ Simulated Value

Forecasted value
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Figure 4. Curve Diagram of Actual Values, Simulated Value and Forecasted Values of China’s Clean
Energy Consumption.

4. Conclusions and Discussion

4.1. Main Conclusions

(1) This paper proposed an improved GM (1, N) model and its modeling method for China’s clean
energy forecasting. To improve forecasting precision, the paper first derives the modified model of
conventional grey differential equation based on the whitening equation, so that the grey differential
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equation obtained is structurally consistent with the whitening equation, and then substitutes the
parameter estimate obtained from the grey differential equation into the solution of whitening equation
(time response equation), in which case the forecasting error is small; next, the paper offers a parameter
estimation method with optimized background value for the improved GM (1, N) model; finally,
to solve the problem that the time response equation of the conventional GM (1, N) model generally
has no analytical solution and is solved with the approximation method with a great forecasting error,
the paper gives a scientific solving method for the time response equation of improved model.

(2) The paper builds the grey model GM (1, 3) for China’s clean energy consumption using
the improved model and method, and the model built has a simulation and forecasting precision
significantly higher than that of conventional grey models. The improved model has a small average
simulation relative error (2.6110%) and a small average forecasting relative error (3.7330%), indicating
the method proposed is highly scientific and reliable. The idea and method in the paper also have
great significance for further studies and wide applications of the grey GM (1, N) model.

(3) For the purpose of comparison, the paper builds a grey model GM (1, 1), a regression model
and a difference equation model for China’s clean energy consumption. The comparison results show
that the model built with the improved model has an average simulation relative error significantly
smaller than those of grey GM (1, 1) model, regression model and difference equation model, and an
average forecasting relative error significantly smaller than those of the grey model GM (1, 1) and
regression model and slightly higher than that of difference equation model. Overall, the improved
model GM (1, 3) built in this paper has an average relative error significantly smaller than those of grey
model GM (1, 1), regression model and difference equation model. It indicates that the model built
with the improved model and method proposed has high simulation and forecasting precision.

(4) The paper forecasts China’s clean energy consumption from year 2019 to year 2025 using the
improved grey model GM (1, 3). From the forecasting results, we can see that China’s clean energy
consumption from year 2019 to year 2025 is 0.7908913768, 0.8792441395, 0.9780561053, 1.088566116,
1.21215951, 1.350385413 and 1.504976082 billion tons of standard coal, respectively, increasing by
11.32% annually on average, far higher than China’s economic growth rate. The Chinese government
should further improve the energy supply system to avoid the lack of energy supply.

(5) From the macro perspective, China’s consumption of clean energy, represented by nuclear
power, wind power and solar energy, is closely connected to China’s economic development and
state policies. China’s clean energy consumption shall grow rapidly with the growth of the economy
and population, and accounting for a yearly increasing proportion in the total energy consumption.
Currently, China is entering into a critical period of economic transition and update, energy pattern
adjustment and overall social reform, so forecasting China’s total consumption of clean energy is of
great importance for Chinese government’s energy development strategy adjustments and economic
decisions in the future.

4.2. Discussion

Clean energy consumption has a great influence on economic growth, so forecasting China’s clean
energy consumption has important significance for China in making energy development strategies
and sustainable economic development strategies. Because the main influencing factors of China’s
clean energy consumption are economic scale and population size and there are three variables in
total, the paper tries to simulate and forecast China’s clean energy consumption using the grey model
GM (1, 3). Because the conventional grey GM (1, N) model has great simulation and forecasting errors,
the paper improves the conventional model to obtain an improved GM (1, N) model. The paper builds
a grey GM (1, 3) model for China’s clean energy consumption and gets the following calculation
results: the average simulation error is 2.62%, the average forecasting error is 3.73%, the average overall
error is 2.90%; while, for the conventional model, the average simulation error is 11.55%, the average
forecasting error is 14.29% and the average overall error is 12.24%. The results show that the improved
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grey model GM (1, N) built with the method proposed has greatly improved precision compared with
the conventional model.

To compare the model built with other forecasting models, the paper builds a grey GM (1, 1)
model, a regression model and a difference equation model. The calculation results show that the three
model’s average simulation errors are 6.90%, 3.90% and 3.36%, respectively, the average forecasting
errors are 7.09%, 7.16% and 2.87%, respectively, and the average overall errors are 6.95%, 4.65% and
3.23%, respectively. We can see that the improved grey GM (1, N) model’s simulation precision is
significantly better than that of the grey GM (1, 1) model, regression model and difference equation
model; meanwhile, the improved grey GM (1, N) model’s forecasting precision is significantly better
than that of the GM (1, 1) model and regression model but not as good as that of the difference equation
model. Overall, the improved grey model GM (1, 1) built with the method proposed has significantly
better precision compared with other models here.

This paper forecasts China’s clean energy consumption from 2019 to 2025 using an improved
grey model GM (1, 3). Forecasting results show that China’s clean energy consumption shall be
1.504976082 billion tons of standard coal by 2025. It indicates that China’s clean energy consumption
shall increase by 11.32% yearly on average from 2019 to 2025, far exceeding the rate of economic
growth. It also means China’s economic growth has a great demand for clean energy in the future.
The research shows that China’s clean energy consumption demand shall increase rapidly with the
growth of economy and population, so China should ensure the adequate supply of clean energy.

China’s clean energy studied in the paper includes renewable energy, such as ocean energy,
solar energy, wind energy, biological energy, hydraulic energy, geothermal energy, hydrogen energy,
and so on, and nonrenewable energy, such as nuclear energy, and so on. Because the official statistics
are about the gross consumption of all varieties of clean energy, and only part of the recent data
are about different types of clean energy, we cannot forecast different types of energy respectively.
As the statistics are perfected and improved, the research and forecasting of various types of energy
consumption shall have greater significance.
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