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Abstract: In the context of international carbon neutrality, energy prices are affected by several non-
linear and nonstationary factors, making it challenging for traditional forecasting models to predict
energy prices effectively. The existing literature mainly uses linear models or a combination of multi-
ple models to forecast energy prices. For the nonlinear relationship between variables and the mining
of historical data information, the prediction strategy and accuracy of the existing literature need
to be improved. Thus, this paper improves the prediction accuracy of energy prices by developing
a “decomposition-reconstruction-integration” thinking strategy that affords medium- and short-term
energy price prediction based on carbon constraint, eigenvalue transformation and deep learning
neural networks. Considering 2011–2020 as the research period, the prices for traditional energy
resources and polysilicon in clean photovoltaic energy raw materials are selected as representatives.
Based on energy price decomposition using the Singular Spectrum Analysis (SSA) method, and
combining it with Learning Vector Quantization (LVQ) cluster technology, the decomposed quantities
are aggregated into price sequences with different characteristics. Additionally, the carbon intensity
is considered the leading market’s overall constraint, which is input with the processed price data
into a Long Short-Term Memory network (LSTM) model for training. Thus, the SSA-LSTM combined
forecasting model is developed to predict the energy price under carbon neutrality. Four indices
are employed to evaluate the prediction accuracy: Root Mean Squared Error (RMSE), Mean Abso-
lute Error (MAE), Mean Absolute Percentage Error (MAPE) and R-squared. The results highlight
the following observations. (1) Using a sequence decomposition clustering strategy significantly
improves the model’s prediction accuracy. This strategy enhances predicting the overall trend of
the price series and the changes in different periods. For coal price, the RMSE value decreased from
0.135 to 0.098, the MAE value decreased from 0.087 to 0.054, the MAPE value decreased from 0.072 to
0.064, and the R-squared value increased from 0.643 to 0.725. Regarding the polysilicon price, the
RMSE value decreased from 0.121 to 0.096, the MAE value decreased from 0.068 to 0.064, the MAPE
value decreased from 0.069 to 0.048, and the R-squared value increased from 0.718 to 0.764. (2) The
prediction effect is better in the case of carbon constraint. Considering “carbon emission intensity” as
the overall constraint of the leading market, it can effectively explore the typical characteristics of
energy price information. Four evaluation indicators show that the accuracy of the model prediction
can be improved by more than 3%. (3) When the proposed SSA-LSTM model is used to predict both
prices, the results show that the evaluation index of the prediction error remained at about 1%, while
the model’s accuracy was high. This also proves that the proposed model can predict traditional
energy prices and new energy sources such as solar energy.
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1. Introduction

With the acceleration of human industrialization and urbanization, the environmental
and climate change concerns are becoming increasingly prominent, especially greenhouse
gas emissions, attracting extensive attention worldwide [1,2]. In this context, more than
two-thirds of the world’s countries and regions signed the Paris Agreement in 2015 and put
forward the vision of carbon neutrality. Tackling and mitigating global climate change has
become a broad consensus in the international community. In May 2021, the International
Energy Agency (IEA) released the world’s first roadmap for net-zero emissions by 2050,
pointing out that the energy sector produces about 3/4 of global greenhouse gases. Pro-
moting low-carbon transformation in the energy industry is a crucial measure to overcome
climate change, while transforming the energy industry will affect the trend of international
energy prices [3,4]. Therefore, accurately predicting energy prices in the context of carbon
neutrality has become a research focus in the current energy field.

Against the background of carbon neutrality, the global energy price fluctuation caused
by low-carbon transformation has also been of increasing interest for the academic commu-
nity. Energy prices have more prominent medium- and long-term characteristics, mainly
because the large orientation of global economic integration has strengthened the law of
energy price fluctuations. The adjustment of energy structure, the increased importance of
mineral resources and the policy orientation of decarbonization in various countries have
led to the long-term rise in energy prices. Since the signing of the Paris Climate Agreement,
all economies in the world have faced the problem of green transformation. The transition
from fossil energy to non-fossil energy is a medium- and long-term process. The change of
enterprise production mode will drive the price fluctuation of some raw materials, such
as coal, cobalt, copper, aluminum, rare earth elements, etc. In addition, since the crisis in
Ukraine in 2022, geopolitical conflicts have intensified the sustained rise in energy prices,
which has become the consensus of many institutions. As the largest developing country in
the world, China’s energy consumption and demand have always occupied an important
position in the world. China, the world’s largest carbon emitter, has pledged to reach peak
carbon emissions by 2030 and become carbon-neutral by 2060 [5]. Studies have shown that
China’s energy consumption accounts for nearly 70% of GDP and their carbon emissions
exceed 80% [6]. Currently, China is in a critical period of economic transformation, with
coal accounting for about 64% of China’s primary energy consumption [7]. In the short
term, the coal-dominated energy consumption pattern will not change much, while China’s
photovoltaic energy industry has become a leading industry guiding the international
market [8]. Therefore, this paper chooses the prices of coal and polysilicon as the subjects
for analysis, aiming to provide a firm reference for predicting world energy prices in the
context of carbon neutrality.

In terms of forecasting research methods, the academic world mostly uses traditional
econometric models, machine learning methods and various mixed models to forecast
time series price data. Traditional econometric and statistical models in the early literature,
such as the Vector Error Correction Model (VECM) [9], Random Walk model (RW) [10]
and Markov state switch model [11], are used to predict simple time series data. How-
ever, the above models have limitations and cannot describe the nonlinear relationship
of data [12]. For example, Martos et al. [13] proposed building a combined forecasting
model by solving several nonlinear optimization problems when forecasting power prices.
Later, machine learning methods, including Recurrent Neural Networks (RNNs) [14],
Support Vector Machines (SVMs) [15] and Genetic Algorithms (GAs) [16], were proposed
to capture nonlinear rules of time series data. In recent years, deep learning, as a new
field of machine learning research methods, has been shown to improve the accuracy of
prediction through the construction of machine learning model volume data containing
many hidden layers. In particular, neural network technology has been gradually used
to predict stock, commodity futures, coal and electricity prices and other time series price
data [17]. At present, commonly used deep learning models in price prediction include
LSTM [18], Convolutional Neural Networks (CNNs) [19], etc. The research also found
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that the hybrid prediction model can achieve higher prediction accuracy, and its model
construction is mostly based on the combination of Ensemble Empirical Mode Decompo-
sition model (EEMD) analysis [20], wavelet analysis [21], SSA [17] and methods of deep
learning. In the context of international carbon neutrality, scholars have quantified the
transmission mechanism between energy prices and carbon emissions through different
methods and models. For example, based on the Vector Autoregression model (VAR), Qu
et al. [22] found that energy prices are positively correlated with carbon emissions and have
a consistent trend, while they are negatively correlated with carbon emission intensity and
have a consistent trend. Li et al. [23] also verified the conclusion of Qu [22] by constructing
a geographically weighted regression model. Jiang et al. [24] found a positive correlation
between energy prices and carbon emissions through data regression.

At present, the mainstream prediction model of energy prices can be divided into
two modules according to function: basic prediction model and data cleaning method.
The basic prediction model is responsible for the prediction work. The data cleaning
method can be seen as a means to make the data smoother and improve the prediction
accuracy. First, we will address data cleaning methods. To make the data more stable
and facilitate the implementation of prediction, many scholars have adopted various data
cleaning methods to preprocess the data. These include the following: EMD-based methods,
VMD-based methods, WT-based methods and SSA. Although SSA is relatively infrequently
used in energy price prediction, it performs well in other scenarios of time series data
prediction. Second, we will discuss basic prediction models. ANN is the most popular
model category in the field of machine learning. ANN has many types and variants, and it
can be classified as dynamic and static models. In the energy price prediction, a total of
more than 30 NN models are involved, such as the very representative BPNN and RNN,
and the representative models of deep learning: LSTM and CNN.

In energy price prediction, a total of more than 30 NN models are involved. Some
scholars have used machine learning models to predict energy prices. For example,
Sadorsky [25] forecasted solar stock prices using tree-based machine learning classifi-
cation. Meng et al. [26] used EWT-LSTM to predict electricity prices. Wu et al. [27] used
an improved data denoising method combined with LSTM to predict the daily oil price
of WTI. Siddiqui et al. [28] adopted an RNN to predict the daily gas price of Henry Hub.
Windler et al. [29] used a DFNN to predict the hourly electricity prices of Germany and
Austria markets. The ANN-based model is not only used as the primary model in energy
price prediction but also often used as a benchmark model [30].

LSTM, as a time-regurgitation neural network, has been successfully used to predict
long-term dependence of sequences [31–33]. Although LSTM networks have proven to
be effective tools for dealing with temporal correlations, the physical laws of raw data
are not taken into account in LSTM. The adaptive sequence decomposition method is
added to improve the prediction effect of price series. As a digital signal processing
technique, SSA can extract the nonlinear trend of original time series and is suitable for
the prediction of spatiotemporal series with periodic oscillations [34]. The SSA-LSTM
combined model improves the lag of the LSTM network, and the extreme-value prediction
problem is alleviated. In addition, mode mixing is also solved by SSA decomposition. When
considering the changing economic and social situation in a carbon-neutral environment,
the forecast results are closer to the original data. Therefore, this paper chooses the SSA-
LSTM combination model to forecast energy prices, and compares it with the mainstream
model. In addition, the calculated carbon emission intensity data are added to the LSTM
model for more accurate prediction.

According to the current literature, a hybrid model achieves higher prediction accuracy
and is the mainstream solution for future prices and volatility prediction of all energy types.
Nevertheless, hybrid models suffer from the following shortcomings. (1) The model
construction adopts the “decomposition-integration” method, where all decomposition
variables are directly added into the model as input variables, or the last residual term
is removed for simple summation reconstruction. Few scholars have considered using
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the “decomposition-reconstruction-integration” strategy to conduct combined research
and test decomposition variables. Therefore, mainstream machine learning models cannot
automatically optimize multiple variables. (2) Energy price changes are affected by multiple
factors. In the context of carbon neutrality, some studies have found that carbon emissions
will have an impact on energy price, but few papers have considered “carbon emission
intensity” as one of the constraints in the forecasting process. However, carbon intensity
is closely related to GDP, energy supply and demand and population size. Hence, it is
debatable whether this aspect’s impact should be considered when predicting energy prices.
(3) Existing models mostly predict the price of traditional energy such as crude oil, coal, or
natural gas. However, whether these models also match the price prediction requirements
of new energy such as bioenergy and solar energy is unknown.

The SSA-LSTM model identifies the overall trend and various fluctuation types of the
energy price series through SSA decomposition technology and extracts the real information.
Then, an LVQ prototype clustering technology is used to aggregate the decomposed data
into price sequences with different characteristics. The above method enables the input
variables to represent the overall trend of the price series and highlights the impact of
significant events such as market shocks at different stages of the energy prices. Finally, the
carbon intensity coefficient is calculated using indicators such as GDP, energy supply and
industrial added value, which are incorporated into the LSTM neural network model along
with the price data. In our experiments, the first 80% of the reconstructed data is used for
training, and the remaining 20% is used for testing to obtain the optimal SSA-LSTM model.
The RMSE and MAE evaluation indices are employed to judge our strategy’s quality and
the model’s precision, verifying the superiority and applicability of our model.

The paper is organized as follows. Section 2 introduces the method we used and
constructs the SSA-LSTM combined prediction theory model; Section 3 presents the results
and analysis of energy price forecasting; Section 4 compares the model with several common
benchmark models; Section 5 presents the conclusions and implications.

2. Research Methods and Theoretical Model Construction
2.1. Theoretical Basis
2.1.1. SSA Decomposition

SSA, as an analytical method for studying nonlinear time series, generally includes
four parts: embedding, decomposition, grouping and reconstruction. SSA can extract
the periodic signal, long-term trends and other information from time series by creating
a tracking matrix and decomposing and reconstructing it, and remove noise [35], so it
can extract important information of data effectively. In addition, SSA has become an
increasingly popular time series filtering and prediction technology. This method has
also been proved to be able to solve some defects of machine learning methods. SSA can
effectively solve the problem of randomness and difficulty in parameter selection compared
with the basic AR model; the SSA-treated model can improve the prediction accuracy of
the model [36,37]. The process of applying the SSA analysis method to preprocess energy
price series is as follows:

1. For a one-dimensional time series X = (x1, · · · , xT) of length T, set the window
length L(1 < L < T/2) and construct the trajectory matrix according to Equation (1):

X= (xij)
L,M
I,J=1 =


x1 x2 · · · xM
x2 x3 · · · xM+1
· · · · · · · · · · · ·
xL xL+1 · · · xT

 (1)

where: M = T − L + 1.
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2. Perform the singular value decomposition of the trajectory matrix X. We obtain L
eigenvalues λ1, λ2, · · · , λL and the corresponding eigenvectors U1, U2, · · · , UL and d is the
rank of the trajectory matrix X. The decomposition equation is shown in (2) below:

X =
d

∑
i=1

√
λi(UiWT

i ) +
d

∑
i=d+1

√
λi(UiWT

i ) ≈
d

∑
i=1

√
λi(UiWT

i ) (2)

where: M = Wi = XTUi/
√

λi, i = 1, 2, 3, · · · , d.
3. Packet processing: according to the smoothing threshold, choose the first M decom-

position in formula 3 with a higher contribution rate than the smoothing threshold.
4. Perform diagonal averaging to transfer the decomposition matrix X into a time

series x1, x2, · · · , xk, · · · , xT .

x̃(i) =



1
k

k
∑

b=1
x(i)b,k−b+1 1 ≤ k ≤ L∗

1
L∗

L∗

∑
b=1

x(i)b,k−b+1 L∗ ≤ k ≤ K∗

1
T − k + 1

T−K∗+1
∑

b=k−K∗+1
x(i)b,k−b+1 K∗ ≤ k ≤ T

(3)

where: L∗ = min(L, K), K∗ = max(L, K).
5. Sum the time series up, and then obtain the smoothed energy resource price series.

2.1.2. LSTM Neural Network

A RNN is the most common machine learning model in time series prediction. RNNs
allow the persistence of information, and are often used to solve the problem of nonlinear
time variability, as shown in Figure 1.
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For an RNN, the composition could be concluded to be the input layer, hidden layer
and output layer. The structure is shown in Figure 1. In Figure 1, the structure is similar
to the neural network without W. Hence, the RNN could learn the synergistic effect. For
model W, the value St of the hidden layer depends not only on the current input Zt but also
on the value St−1 of the last hidden layer. Certainly, model W could learn the interaction
among rounds of assessment.

However, the RNN model cannot deal with the long-term data dependence because
the gradient disappears in the training process of the model. Input gate, output gate and
forget gate are added to the neuron part of the RNN in the LSTM model. Related research
by scholars also proves the reliability of the neural network based on LSTM for time series
prediction [38,39]. The model is structured as shown in Figure 2.
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In Figure 2, xt is the input vector at time t; ht represents the output of the current
hidden layer; ht−1 represents the output of the previous hidden layer; Ct represents the
memory cell in the current hidden layer; C̃t is the state of the memory cell, where the
function of memory cell is to control the information transmission in the memory unit; ft is
the forget gate, and is used to control the discarded information; it is the input gate that
controls the information that needs to be retained; ot is the output gate, which controls the
information that needs to be output.

The equations for ft, it, ot, C̃t, Ct, ht are as follows:

ft = σ(W f × [ht−1, xt] + b f ) (4)

it = σ(Wi × [ht−1, xt] + bi) (5)

ot = σ(Wo × [ht−1, xt] + bo) (6)

C̃t = tan(Wc × [ht−1, xt] + bc) (7)

Ct = ft × Ct−1 + it × C̃t (8)

ht = ot × tan(Ct+1) (9)

In Equations (4)–(9), W f , Wi, Wo and Wc are the weight matrix, σ is the sigmoid
function, b f , bc, bi and bo are the offset matrix, sigmoid and tan h are activation functions.

sigmoid(x) =
1

1 + e−x (10)

tan h(x) =
ex − e−x

ex + e−x (11)

2.1.3. Calculation of Carbon Intensity

Carbon intensity is the amount of carbon dioxide (CO2) emissions per unit of GDP. Zhu
et al. [39] and Peng et al. [40] showed the decomposition results of multifactors of carbon
emissions: in China, the contribution of economic output effect to carbon emissions is
obviously greater than other macrofactors, including energy structure, industrial structure,
population size and so on. Therefore, the existing articles mostly use GDP and industrial
added value to measure the carbon emission intensity of the whole society [41]. Based
on the methods used by Chinese scholars to calculate China’s carbon emission intensity



Energies 2022, 15, 8128 7 of 20

and emissions [42,43], this paper uses China’s macroeconomic indicators and energy
consumption from 2011 to 2020 to calculate China’s total social carbon emission intensity.
The specific calculation equations are as follows:

Qco2 =
n

∑
i=1

Ei × SCi × CFi (12)

CFi = CCi × COFi × (44/12) (13)

where Qco2 is the total amount of CO2 emissions, Ei is the energy consumption of the energy
source, SCi is the conversion coefficient of standard coal, CFi is the energy carbon emission
coefficient, CCi is the energy carbon content, COFi is the carbon oxidation factor, and the
molecular ratio of carbon dioxide to carbon is 44/22. The conversion coefficient of standard
coal is based on the low calorific value from the statistical yearbook of energy, and the
carbon emission coefficient refers to the IPCC (2006) standard.

According to the constant GDP of 2003, we calculate the value of “carbon emission
intensity”, F.

F = QCO2 /GDP (14)

Through the above equation, we can obtain the result for China’s carbon dioxide
emission intensity.

2.1.4. LVQ Cluster Technology

LVQ is a hybrid network composed of an input layer, competition layer and linear
output layer. It is similar to the vector quantization (VQ) method in form, but it is different
from the vector quantization method. The traditional vector quantization clustering method
is not suitable for nonlinear data, but LVQ clustering is a dynamic clustering method that
can effectively solve the above problems. LVQ can correct these reference templates through
supervised adaptive learning, and the results will change with the number of iterations.

2.2. Construction of SSA-LSTM Model

Some scholars have verified the feasibility of combining the SSA and LSTM meth-
ods [44,45]. However, in the field of energy prices, the combination of the decomposition
method and machine learning model is rare. The change in energy price is a multifactor
process. Whether the combination of SSA and LSTM can effectively predict the energy
price or not, and whether this improves the accuracy of the forecast, are also explored in
this paper. Therefore, this article chooses to use the SSA-LSTM combined approach to
predict energy prices. The SSA-LSTM model is a combination of SSA and the LSTM depth
learning network model that breaks down the original energy price series into individual
components by SSA. Moreover, an LVQ prototype clustering technique is used to aggre-
gate the decomposed data into price series with different features. Then, we calculate the
“carbon emission intensity” factor as the global constraint on the price data. Finally, the
“carbon emission intensity” and the reconstructed price data are input into the LSTM neural
network model. Through debugging, the optimal model is obtained, and the evaluation
index is used to verify the superiority and applicability of the new model. The framework
is shown in Figure 3.
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The prediction of energy prices with the SSA-LSTM combined model mainly includes
three parts:

Step 1: Singular-value decomposition of SLA series.
SSA decomposition is performed on the energy price series and the previous P decom-

position is filtered out.
Construct the trajectory matrix: select the window length L and convert the observed

one-dimensional data x1, · · · , xT into the trajectory matrix X.
The matrix X is decomposed by SVD.
Based on the given threshold, the preceding P components are used as substitutes for

the original price series, x1, · · · , xP.
Step 2: Refactoring decomposition.
LVQ clustering is used to cluster the decomposition amount into m classes.
According to the results of clustering reconstruction (the same class of components

plus), we can obtain the reconstructed sequence.
Step 3: Refactoring decomposition.
The LSTM algorithm is trained by using the lag term of the reconstruction quantity

(xi,t−1, · · · , xi,t−d) as the input and xi,t as the expected output. Finally, we obtain the
prediction sequence

_
x i,t of clustering reconstruction. In this model, the time window size,

batch size, training times and the number of hidden layer units are set as hyperparameters.

2.3. Model Optimization and Comparison

The purpose of this step is to carry out the model optimization and comparison.
Hyperparameters in the baseline model usually have a great impact on the prediction
accuracy. LSTM has several hyperparameters, e.g., learning rate, the number of iterations,
the number of neurons, etc., which affect the robustness and effectiveness of the LSTM
model. Inefficient optimization will lead to imperfect models and a poor prediction ability.
To overcome this problem, SSA, which has been successfully employed for parameter
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optimization problems, is used to optimize the parameters of the LSTM model in this work.
In order to verify the accuracy of the proposed model, the feasibility of the “decomposition-
reconstruction-integration” strategy is firstly verified. Secondly, this model is compared
with the current mainstream forecasting models.

3. Empirical Analysis
3.1. Selection of Data Samples and Related Parameters

Considering that the Chinese government first announced its CO2 emission reduction
targets in 2009, the sample data selected in this paper are China’s coke price (trading day)
and the average price of PV-grade polysilicon in China (trading day) from September 2011
to September 2020. Coal and polysilicon price data come from China forward database, and
energy consumption and GDP data come from China Statistical Yearbook and China Energy
Statistical Yearbook. The variables and their summary statistics are shown in Table 1.

Table 1. Variable and summary statistics.

Variable Unit Mean Std. Dev. Min Max

Coal price CNY 10,000 12.933 5.259 4.590 40.010
Polysilicon price CNY 10,000 0.159 0.048 0.061 0.267

Firstly, we use the time series interpolation algorithm framework (E (2) GAN) to deal
with the missing value in the price [46]. E (2) GAN is essentially a denoising autoencoder.
The input is a time series containing missing values, generating a complete phase time
series. The loss of discriminator is divided into two parts: square error loss and discriminant
loss, which are used to make the time series generated by the generator (1) as similar as
possible to the original time series (2) and as real as possible. This method is used to deal
with missing values. Because the data are all daily data, and the length of the SSA window
cannot exceed 1/2 of the sequence number, the length of the decomposition window is
240, and the decomposition threshold is 0.1%. Based on TensorFlow and the Keras deep
learning framework, the model for this experiment is constructed.

The time steps of the input layer of the LSTM network are equal to the length of the
variable time series of the energy price prediction. Since all the data in this paper are
from the price data of the energy trading day, the time steps are initially set as 5 and the
dimension of the output layer is set as 1. That is to say, coal and polysilicon price data from
days t minus 5 to t minus 1 are predicted from day t, and the dimension of the input layer
is the number of variables. The number of hidden layers is the number of LSTM layers.
Under certain conditions, the nonlinear fitting ability of the model is directly proportional
to the number of hidden layers. The dimension of the hidden layer is generally determined
by the following Equation (15).

n3 =
√

n1 + n2 + a (15)

In the equation, n1 and n2 represent the dimension of the input layer and output layer,
respectively, and a is the interval constant. According to the empirical formula and several
tests, the hidden layer dimension is selected as 7. In order to reduce the influence of human
factors on the model, the values of main network parameters are obtained through a series
of experiments, as listed in Table 2.

Table 2. The training parameters of LSTM.

Parameters of the Category Numerical

Epochs 2000
Learning rate 0.07

Error performance target value 10−6

Hidden layers 7
Hidden units 128
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3.2. Empirical Results
3.2.1. SSA Decomposition and LVQ Cluster

By using SSA to decompose the time series, the reconstructed sequence after SSA
decomposition can be obtained. This includes the extraction of trend and periodic infor-
mation of the original time series by SSA. The specific steps of SSA decomposition are
as follows: according to the above, the window length L of SSA decomposition is 240;
next, SVD decomposition is performed to generate 240 eigenvalues. The third step is to
determine the grouping quantity, M = 30, and its value is the number n when the accumu-
lative sum of the first N eigenvalues reaches 90% of the sum of the eigenvalues. Under
the decomposition threshold of 0.1%, nine decomposition quantities are obtained for coal
and polysilicon prices, respectively (Figures 4 and 5). In order to obtain the characteristic
specific information of energy and resource prices, the above decomposition quantities
are clustered using the LVQ method. Finally, signal sequences representing different price
characteristics can be obtained. LVQ is a dynamic cluster method, and its clustering results
will change with the number of iterations. Therefore, this paper carries out iterative clustering
for decomposition quantities of coal and polysilicon for a significant amount of time, and takes
the grouping method with the highest frequency as the final clustering result (Figures 6 and 7).
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Figures 4 and 5 are the decomposition result of coal and polysilicon prices. The first
sequence represents the overall trend of the price of coal and polysilicon, and the last
characteristic sequences represent the main fluctuation and periodic information of the
price. Figures 6 and 7 are the cluster results of coal and polysilicon prices. In this paper, both
coal and polysilicon prices are divided into three categories, which are the first component
and the other two components. In Figures 6 and 7, the first sequence represents the overall
trend of the price, the second sequence represents the price fluctuation, and the third
sequence represents the price cycle. Looking at the price breakdown for both commodities,
the volatility components for coal and polysilicon tend to converge around 2015 and
around 2020, suggesting that energy prices may be affected by the Paris Agreement target
for carbon neutrality.

To perform diagonal averaging, we can obtain the reconstruction time series (Figures 8 and 9).
In Figures 8 and 9, the red line is the original price sequence, and the blue line is the
reconstructed price sequence. It can be found that the reconstruction quantity obtained
under the threshold of 0.1% can explain the main information regarding polysilicon and
coal price. Coal prices have continued to rise due to the impact of the world energy crisis
since 2020 and China’s “Dual control of energy and consumption” policy. The price of
polysilicon decreased continuously until 2015 due to the production capacity. After 2015,
the price of polysilicon fluctuated, but it has been in a relatively gentle downward trend.
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3.2.2. Calculation of Carbon Intensity

According to the standards and data of the IPCC National Greenhouse Gas Emission
Inventory (2006) and China Energy Statistical Yearbook, we calculated the total carbon
dioxide emissions produced in the sample period. The above results include eight energy
categories: coal, coke, crude oil, gasoline, kerosene, diesel oil, fuel oil and natural gas.
The conversion coefficient of standard coal is based on the low calorific value from the
Energy Statistical Yearbook, and the carbon emission coefficient is based on the IPCC (2006)
standard.

Carbon intensity is calculated on the basis of a constant price GDP for 2011. The value
of carbon intensity, F, is shown in Table 3. The results show that the development of the
energy industry in China’s 12th and 13th “Five-year plans” has achieved a remarkable effect.
During 2011–2020, the carbon emission level of all of China was reduced continuously. This
paper attempts to add carbon intensity to the prediction model as the overall constraint
of the reconstruction price. This is because the national energy and emission reduction
policies are not easy to measure as factors affecting prices. However, the policy effects can
be reflected in energy supply and demand and economic output. Therefore, this paper
takes the carbon emission intensity index as the overall constraint of the reconstructed
price, and inputs it together with the price sequence into the LSTM. The neural network
can learn the price information and coefficient data corresponding to the characteristics to
predict future energy prices.
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Table 3. China’s carbon intensity table for 2011–2020.

Serial
Number Year

GDP
(CNY

trillion)

Total Amount of CO2
Emission

(Ten Million Tons)
Carbon Intensity Primary Sector

of the Economy
Secondary Sector
of the Economy

Tertiary
Sector of the

Economy

1 2011 47.156 945.940 0.021 0.970 87.150 11.880
2 2012 51.932 1002.690 0.019 0.950 86.980 12.070
3 2013 58.802 1019.770 0.016 1.010 86.410 12.580
4 2014 63.646 1004.830 0.015 1.060 85.900 13.030
5 2015 67.671 975.760 0.013 1.110 84.670 14.220
6 2016 74.413 961.160 0.012 1.160 84.180 14.660
7 2017 82.712 971.450 0.010 1.180 84.000 14.830
8 2018 91.928 1002.750 0.009 1.200 83.750 15.050
9 2019 99.087 1025.670 0.008 1.180 84.070 14.760
10 2020 101.599 1052.020 0.009 1.220 84.510 14.280

3.2.3. Analysis of Forecast Results

In order to better evaluate the prediction effect of the model, this paper divides the
dataset into a training set (the first 80%) and a test set (the last 20%), and uses a variety
of evaluation indicators. We select RMSE, MAE, MAPE and R-squared to evaluate the
prediction effect of absolute price (the smaller the value, the higher the accuracy). According
to the previous analysis, the number of hidden layers of the LSTM is set to 7, the number
of neurons in each layer is set to 128, and the number of neurons in the output layer is
set to 1. In order to better determine the number of times the LSTM layer is accessed, this
paper designs corresponding comparative tests. The influence of different lag days on the
prediction effect of the model is judged through experiments, and the optimal value is
selected. When training the network, the epoch value is set to 2000. In addition, when the
performance of the model on the validation set is not improved for 140 consecutive epochs,
the training is terminated in advance. The lag days are selected from the set {1, 3, 5, 7, 10,
14}. The prediction results of the model for the test set are shown in Table 4 below.

Table 4. Effect of different lag days on model prediction.

Energy Category Lag Days 1 3 5 7 10 14

Coal

RMSE 0.102 0.097 0.095 0.096 0.113 0.102
MAE 0.052 0.054 0.051 0.048 0.068 0.063

MAPE 0.059 0.062 0.058 0.058 0.063 0.077
R-squared 0.714 0.685 0.755 0.734 0.721 0.611

Polysilicon

RMSE 0.092 0.086 0.087 0.094 0.102 0.099
MAE 0.073 0.058 0.059 0.064 0.074 0.101

MAPE 0.051 0.043 0.042 0.039 0.071 0.094
R-squared 0.812 0.825 0.852 0.771 0.688 0.652

It can be seen from Table 4 that when there are five lag days, the model has the best
prediction effect on the test set. It can be found that if the lag days are too short, the model
will fall into the local optimal solution. If the lag days are too long, the increase in model
complexity does not bring about the same improvement in prediction accuracy.

After setting up the model, in order to verify the feasibility of the “decomposition-
reconstruction-integration” strategy proposed in this paper in detail, the following compar-
ative experiments are proposed. We input the original price data, the decomposed price
data of SSA, the decomposed and clustered price data and the clustered data with the
constraint of carbon intensity into the LSTM model separately.

Table 5 shows the forecast results of coal and polysilicon prices. RMSE, MAE, MAPE
and R-square indicators all show that the comprehensive prediction effect of data after
SSA decomposition and LVQ clustering is better. After adding the constraint of “carbon
emission intensity”, the prediction accuracy is further improved. (1) The evaluation index
value of P2 is less than that of P1, indicating that the prediction effect based on the SSA
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decomposition model is better than that using only original data. There may be a nonlinear
relationship between energy price information and its own lag term. The original price
data cannot effectively predict the trend of energy price. (2) The evaluation index values of
P3 are mostly smaller than those of P2, indicating that the SSA-LSTM model combined with
LVQ clustering has a better prediction effect on most indicators. The decomposition–cluster
strategy has a better prediction effect and can reflect energy price level and real fluctuation
more effectively. (3) By analyzing the two cases with and without a carbon intensity
constraint, we find that the prediction effect is better under the carbon emission constraint.
It shows that in the macroforecast of energy price, against the background of carbon
neutrality, considering “carbon emission intensity” as the overall constraint of leading
market can effectively explore the regular characteristics of energy price information.

Table 5. Analysis of model prediction results.

Energy Category Input Value RMSE MAE MAPE R-Squared

Coal

P1 0.135 0.087 0.072 0.643
P2 0.118 0.064 0.067 0.654
P3 0.098 0.054 0.065 0.725
P4 0.095 0.051 0.058 0.755

Polysilicon

P1 0.121 0.068 0.069 0.732
P2 0.086 0.061 0.053 0.812
P3 0.086 0.064 0.048 0.824
P4 0.087 0.059 0.042 0.831

P1 is the original price data; P2 is the decomposed price data of SSA; P3 is using LVQ cluster method to cluster
SSA decomposition quantity; P4 is the addition of carbon intensity on the basis of P3 as a constraint condition.

According to the above analysis, it can be seen that the prediction results based on the
“decomposition-reconstruction-integration” strategy are better than those based solely on
historical data. After adding carbon intensity, we can see that the prediction effect of the
model is better. This is because the decomposition clustering of energy prices can provide
an intuitive window in which to analyze the characteristics of prices and external shocks,
and improve the accuracy of the model. The addition of the carbon intensity coefficient
can help us analyze and judge the historical situation in the context of carbon neutrality
and deal with the large price fluctuations caused by the international environment, energy
supply and demand, energy policy and other factors.

Figures 10 and 11 show the white noise of coal and polysilicon prices. Figures 12 and 13
show the comparison of the predicted and actual values of coal and polysilicon prices
(the first is the LSTM prediction, followed by the SSA-LSTM prediction). In the figure,
the horizontal axis represents days and the vertical axis represents prices. The blue line
represents the true value of the model, and the red line represents the predicted value of the
model. By comparing Figures 12 and 13, it can be found that when the original price is not
processed, the actual value of the prediction model differs greatly from the predicted value.
This phenomenon is particularly obvious in the middle- and late-stage data. Since the
signing of the Paris Agreement in 2015, the LSTM model has obviously been less accurate
than the SSA-LSTM model. This shows that prediction based only on historical data will
lead to a poor prediction effect for the model. This may be because the price of energy,
a very important natural resource, is susceptible to the influence of macropolicies, market
sentiment and emergencies. Therefore, the prediction of price based on features only from
historical data will inevitably lag behind the prediction of emergencies, resulting in the
predicted value lagging behind the real fluctuation value. This paper processes energy
price data based on the “decomposition-integration-reconstruction” strategy, and takes the
carbon emission index as a constraint condition, which greatly improves the prediction
performance of the hybrid model.
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Overall, the model has a high accuracy in predicting energy prices. This model can
effectively capture the energy price fluctuations from 2011 to 2020. Before 2015, the coal
price had been declining. After 2015, the coal price continued to maintain an upward trend
despite slight fluctuations. As for polysilicon prices, it was in a slow downward trend
during the transformation of the global energy industry. In addition, the model captured
the inflection point of two types of prices, accurately predicting the peak of coal prices at
that stage.

4. Comparative Analysis with Other Mainstream Time Series Prediction Models

Traditional time series analysis (AR), machine learning method support vector ma-
chine (SVR), the decision tree method (DT) and the artificial intelligence method BP neural
network (NN) are widely used in different fields of time series prediction. We compared
the performance indices of the SSA-LSTM combined neural network prediction model with
those of the above four mainstream time series prediction models and used RMSE, MAE
and R-squared value for evaluation. The final detailed results are shown in Table 5. It can
be seen that the SSA-LSTM model has the best effect.

For the “decomposition-reconstruction-integration” model of coal, the RMSE value
is 0.095, the MAE value is 0.051, and the R-squared value is 0.755. In terms of the RMSE
index, the SSA-LSTM model is better, but how it differs from the other three models is not
obvious. The RMSE values are all in the range of [0.090, 0.309]. In terms of the MAE index,
there is no obvious difference between the SSA-LSTM model and the other four models.
The MAE values are all within the range [0.050, 0.270], but the SSA-LSTM model has the
smallest error. In terms of the R-squared index, the SSA-LSTM model can reach 0.755, while
the BPNN algorithm is only 0.559. The R-squared values of the other two algorithms are
within the range [0.550, 0.610]. Similarly, for the polysilicon price prediction model, the
SSA-LSTM model had a better prediction effect.

In addition, in this section, we compare the model based on the “decomposition-
reconstruction-integration” strategy with the model based on the “decomposition-integration”
strategy, as shown in Table 6 below. From the evaluation value, we can find that the
“decomposition-reconstruction-integration” model is more accurate than the “decomposition-
integration” model.
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Table 6. Results of model prediction and evaluation index.

Energy
Category Index

“Decomposition-Integration” Model “Decomposition-Reconstruction-Integration”
Model

SSA-
LSTM

SSA-
BPNN

SSA-
RNN

SSA-
SVR

SSA-
LSTM

SSA-
BPNN

SSA-
RNN

SSA-
SVR

Coal
RMSE 0.118 0.284 0.269 0.331 0.095 0.205 0.2213 0.309
MAE 0.064 0.198 0.184 0.275 0.051 0.152 0.162 0.268

R-squared 0.654 0.658 0.598 0.501 0.755 0.559 0.601 0.590

Polysilicon
RMSE 0.086 0.191 0.221 0.224 0.087 0.197 0.213 0.212
MAE 0.061 0.166 0.171 0.298 0.059 0.160 0.171 0.268

R-squared 0.812 0.832 0.604 0.543 0.831 0.735 0.684 0.595

To sum up, we can find that the strategy based on “decomposition-reconfiguration-
integration” is superior to the traditional “decomposition-integration”. The same is true for
other machine learning models. Therefore, the model can reflect the complex relationship
between the price of coal and polysilicon and the influencing factors well. However, we
also found that the accuracy was higher in predicting the price of energy coal, but some
indicators showed lower accuracy in predicting the price of polysilicon.

5. Discussion

In the international energy market, fluctuations in energy prices will affect the eco-
nomic development trend of a country. Therefore, it is very important to predict energy
prices more accurately. At present, price time series are usually divided into deterministic
trends, deterministic cycles, residual components and white noise [47]. Then, the original
time series can be fitted and extrapolated to predict the future price and other changes
in the trend. Against the background of carbon neutrality, this paper proposes a new
energy price forecasting model based on the strategy of “decomposition-reconstruction-
integration”. This strategy optimizes the model from the background value direction. This
model can effectively solve the time-delay problem and dynamic problem of energy price.
The decomposition method it uses also makes up for the lack of a direct application of
a deep learning model to predict energy prices in the past.

Against the background of carbon neutrality, this paper constructs the SSA-LSTM
model based on the strategy of “decomposition-reconstruction-integration” to predict the
change trend of energy prices with carbon emission intensity as the constraint. The results
show that the prediction accuracy of this model is higher. For coal price, the RMSE value
decreased from 0.135 to 0.098, the MAE value decreased from 0.087 to 0.054, the MAPE
value decreased from 0.072 to 0.064, and the R-squared value increased from 0.643 to 0.725.
Regarding polysilicon prices, the RMSE value decreased from 0.121 to 0.096, the MAE
value decreased from 0.068 to 0.064, the MAPE value decreased from 0.069 to 0.048, and
the R-squared value increased from 0.718 to 0.764.

The article also has the corresponding limitation regarding the energy price decompo-
sition method and the reconstruction method, which only used the SSA and LVQ. It did
not explore whether other methods could further improve the accuracy of price forecasts.
Whether this strategy can also be applied to other areas has not been explored. In addition,
due to the availability of data, the analysis of energy prices only focuses on China’s energy
price data. Whether the survey results also apply to international energy prices needs to be
analyzed separately. There are many factors that affect fluctuation in energy prices, such
as policy changes, the interaction between energy structure and new energy. Therefore, in
future work we hope to reasonably establish relevant prediction models suitable for energy
prices by analyzing different influencing factors.

6. Conclusions

Against the background of carbon neutrality, this paper constructs the SSA-LSTM
mixed prediction model by considering carbon emission intensity as the constraint condi-
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tion. The hybrid model can effectively predict the changing trend of different energy prices.
The main conclusions are as follows:

This paper’s multiscale combination prediction model relies on the “decomposition-
reconstruction-integration” strategy. The data were decomposed by SSA and dynamically
clustered utilizing the LVQ prototype clustering technology. The model’s input variables
are the original decomposition sequence representing the price sequence’s overall trend
and the fluctuations in different cycles. Then, we input the decomposed and reconstructed
data into the LSTM model for training. The SSA-LSTM hybrid model can effectively predict
the changing trend of different energy prices. Compared with the energy price prediction
model that was not a hybrid model, the error of the proposed SSA-LSTM hybrid prediction
model based on the carbon constraint is reduced from 2% [48,49] to about 1%, while the
prediction accuracy is higher.

Considering the carbon intensity coefficient as an external influencing factor enhances
the prediction accuracy for energy price fluctuations under carbon neutrality. Since the
information provided by energy price data is relatively limited, it is difficult to compre-
hensively provide the current economic and social situation. Therefore, to consider the
impact of carbon emissions on the price of natural resources within the context of carbon
neutrality, we used GDP, energy supply and industrial added value to calculate the carbon
intensity coefficient. As the overall constraints of leading markets are added to the model,
the results reveal that the model becomes more accurate, complementing the research
results of Ma et al. [50] and Zeng et al. [51]. Moreover, we found a specific correlation
between carbon emissions and energy prices. Thus, carbon emissions should be considered
in future research on energy prices.

Traditional energy price prediction methods mostly predict fossil energy prices. Al-
though some scholars have predicted the price of new energy types, they employed tra-
ditional prediction models, which present significant prediction errors. Against the back-
ground of “carbon neutrality” and “dual control of energy consumption”, the proposed
SSA-LSTM model can effectively predict the price of traditional energy and match the
price prediction of solar energy and other new energy types. Hence, our prediction model
complements the diverse range of existing energy price forecasting methods.
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