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Abstract: Accurate and trustworthy forecasting of coal prices can offer theoretical support for the
rational planning of coal industry output, which is of great importance in ensuring a stable and
sustainable energy supply and in achieving carbon neutrality targets. This paper proposes a novel
decomposition integration model, called VCNQM, to perform point and interval forecasting of coal
price by a combination of variational modal decomposition (VMD), chameleon swarm algorithm
(CSA), N-BEATS, and quantile regression. Initially, the variational modal decomposition is enhanced
by the chameleon swarm algorithm for decomposing the coal price sequence. Then, N-BEATS is used
to forecast each subsequence of coal prices, integrating all results to obtain a point forecast of coal
prices. Next, interval forecasting of coal prices is achieved through quantile regression. Finally, to
demonstrate the superiority of the VCNQM model’s prediction, we make a cross-comparison about
predictive performance between the VCNQM model and other benchmark models. According to
the experimental findings, we demonstrate the following: after the decomposition by CSA-VMD,
the coal price subseries’ fluctuation is significantly weakened; using quantile regression provides
a reliable interval prediction, which is superior to point prediction; the predicted interval coverage
probability (PICP) is higher than the confidence level of 90%; the share power industry index and
coal industry index have the greatest impact on coal prices in China; compared to these benchmark
models, the VCNQM model’s prediction errors are all reduced. Therefore, we conclude that when
forecasting coal prices, the VCNQM model has an accurate and reliable prediction.

Keywords: point and interval forecasting; variational modal decomposition; N-BEATS; importance
analysis

1. Introduction

As a fundamental element of the national economy and social development, coal plays
a crucial strategic role across the entire socioeconomic system in China. However, currently
affected by the growing domestic coal demand and the increasing scarcity of imported coal
resources from abroad, coal prices have become increasingly volatile, adversely affecting
the stable development of China’s macroeconomy. Given this context, scientific prediction
of China’s coal prices will facilitate the Chinese government to foresee market trend and
make timely adjustments to energy reserves and import strategies, maintaining China’s
energy security and sustainable development [1,2]. In addition, by accurately forecasting
coal prices, coal companies and industries can optimize their production plans, control
operating costs, and improve their market competitiveness [3]. At the same time, it also
helps investors make smarter decisions and avoid market risks. On the premise of taking
into account the non-stable and non-linear characteristics of coal price sequences, the ma-
jority of current research has adopted the decomposition integration model to forecast coal
prices. The hybrid model consists of two parts, including decomposition and integration.
The decomposition phase splits the complex raw signal of coal prices into some simple
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sub-signals, and then develops predictions for each sub-signal separately. The integration
phase integrates each sub-signal prediction to obtain the final result. In summary, coal
price forecasting is not only an essential topic for academic research, but also an important
support for formulating energy policies, promoting the stable development of the domestic
economy and coal industry [4]. Therefore, in-depth research and improvement of coal price
forecasting methods have considerable theoretical value and practical significance. Fol-
lowing this theory, this paper proposes a new decomposition integration model (VCNQM)
with improvements in the decomposition phase.

Presently, coal price forecasting models are mainly divided into single and hybrid models.

Early scholars mostly used a single model to predict coal prices. Single models mainly
include traditional statistical models and machine learning algorithms. In the case of
traditional statistical models, several models, such as the dynamic factor model, the VAR
model, the ARIMA model, have been applied to predict energy price, including coal,
gas, and so on [5-8]. However, traditional statistical models are only suitable for dealing
with smooth or post-differential smooth time sequences when predicting coal prices, so
they cannot properly handle the non-linear and non-stable characteristics of coal price
sequences. Consequently, researchers started to employ machine learning algorithms to
predict coal prices, including conventional machine learning algorithms and deep learning
algorithms. In the case of conventional machine learning algorithms, when making long-
term predictions for energy sources such as coal, Herrera et al. [9] compared the results
of machine learning algorithms such as artificial neutral network and random forests
to traditional econometric methods, demonstrating that machine learning algorithms
outperformed the traditional econometric methods. Bonita and Muflikhah [10] utilized a
support vector regression machine (SVR) and obtained the forecasting results of coal price
with a low error. In the case of deep learning algorithms, Fan et al. [11] utilized a multi-layer
perceptron network (MLP) to predict coal price trends. Compared with the ARIMA model,
MLP can better identify the non-linear characteristics of coal price time sequences and has
higher forecasting accuracy and greater fitness. Matyjaszeka et al. [12] investigated the
predictive performance of the generalized regression neural network (GRNN) and showed
that based on full-time series, its predictive performance is better than that of the ARIMA
model and the robust model. Although conventional machine learning algorithms, such as
MLP and GRNN, can compensate for the disadvantages of traditional statistical models.
which need to follow assumptions such as smooth time series, they are unable to capture
the dynamic rules of time series. Chen et al. [13] considered that wind speed data are
as non-linear as coal price and applied the recurrent neural network (RNN), the LSTM
network, and the gated recurrent unit (GRU) to forecast wind speed. Although RNN, and
its variants LSTM, as well GRU make up for the shortcomings of the previous single model
in predicting coal prices [14], they cannot effectively handle the high fluctuations in coal
price series.

The multi-scale model combines the excellent features of several single models,
and compared to a single model, its prediction accuracy and applicability are effec-
tively improved [15]. To forecast the monthly changes in Australian power coal prices,
Alameer et al. [16] proposed the LSTM-DNN model, which has better prediction accuracy
and flexibility compared to the support vector machine model. Wang and Wang [17] created
the DPFWR neural network based on the double parallel feedforward neural network, to
forecast energy prices, such as Rotterdam coal. However, this type of multi-scale model
does not diminish the noise of the original signals. Therefore, most scholars currently use
decomposition integration models for prediction. In the signal decomposition phase, the
representative methods are empirical modal decomposition (EMD) and variational modal
decomposition (VMD). EMD is an adaptive time series decomposition technique, but it is
limited by endpoint effects and modal decomposition confusion [18]. Therefore, scholars
have proposed ensemble empirical modal decomposition [19] and complete ensemble
empirical mode decomposition (CEEMDAN) [20] to enhance the decomposition by adding
white noise and adaptive noise to the original time series, respectively. However, EEMD
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suffers from reconstruction errors and CEEMDAN suffers from residual noise and pseudo-
modal problems in the decomposition. In view of the above, several researchers proposed a
new decomposition method (ICEEMDAN) to decompose energy price signals, which effec-
tively compensates for the shortcomings of the original EMD and its variants [21,22], but
the restructuring of the high-frequency intrinsic mode function (IMF) will indirectly lead to
a reduction in forecasting accuracy, posing a huge challenge to short-term forecasting. Both
Rayi et al. [23] and Li et al. [24] noted that VMD is more widely applicable than other signal
decomposition techniques such as EMD and its variants, and overcomes the shortcom-
ings of other decomposition techniques. To estimate future coal prices, Zhang et al. [25]
proposed a new hybrid model called VMD-A-LSTM-SVR, in which the quadratic penalty
factor &« was determined by empirical judgment, and the hybrid model had a more accurate
prediction than LSTM and SVR. In addition, to predict crude oil prices, several researchers
have combined VMD with other methods, such as sample entropy (SE) and GRU, an atten-
tion mechanism and GRU, the support vector machine and ARIMA [26-28]. However, the
accuracy of the decomposition results cannot be guaranteed by using empirical judgment
to determine a and the number of decomposition modes N. Wu et al. [29] applied an
arithmetic optimization algorithm to enhance VMD’s decomposition capacity and used the
fitness function to determine the VMD parameters, offering a new solution to decompose
coal price series effectively.

Point predictions of coal prices were the focus of the aforementioned studies. Con-
sidering the fact that point predictions only offer a single forecast value, Ding et al. [30]
proposed a C-MIDAS-X hybrid model and applied kernel density estimation (KDE) to
obtain probabilistic forecasts of coal prices. Probability density forecasts can cope with
the high volatility of coal price series and the uncertainty of forecasts more effectively,
providing uncertain information about future coal prices and a more practical reference for
decision-makers [30]. However, the density function of using KDE for interval estimation
is influenced by the width of the subinterval.

In summary, the existing studies on coal price forecasting still have the following areas
that need improvement:

(1) In the decomposition stage of a hybrid model, EMD and its variants are unable to
effectively decompose the high volatile coal price series, being limited by various
decomposition errors. In addition, when using VMD to decompose coal price series,
the empirical judgment is not scientific enough. Therefore, there is still room for
improvement in the decomposition stage.

(2) The current academic research mainly focuses on point forecasting of coal prices,
and the existing research on probabilistic forecasting mainly adopts kernel density
estimation, whose result is vulnerable to the width of the subintervals. Therefore,
probabilistic forecasting needs to be further supplemented.

In this paper, we refer to Wu et al. [29] in the decomposition phase, using the com-
bination of variational modal decomposition and chameleon swarm algorithm (CSA) to
decompose the coal price series. Next, we minimize the envelope entropy to find the
optimal solution in a given range of parameters (N, a). Compared with highly respected
meta-heuristic algorithms such as SSA [31] on most test functions, CSA has stronger explo-
ration capability and higher development intensity, leading to optimal performance [32].
After that, we use quantile regression to optimize the N-BEATS, which can solve the proba-
bilistic prediction problem under the unknown coal price distribution and compensate for
the weakness of kernel density estimation being vulnerable to the width of the subinterval.
The output of N-BEATS is more interpretable than that of traditional forecasting methods
and has a state-of-the-art generalization capability [33]. Accordingly, this paper introduces
the following innovations:

(1) In the signal decomposition stage, using a meta-heuristic algorithm can be used to op-
timize the parameter of the VMD, improving the reasonableness of the decomposition,
as well as the accuracy of the decomposition.
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(2) This paper proposes a new hybrid model that enables point and interval forecasts
of Chinese coal prices. Specifically, this paper combines the optimized VMD with
N-BEATS to achieve point forecasts of Chinese coal prices, and based on these fore-
casts, it uses quantile regression to achieve the probabilistic prediction of coal prices,
compensating for the shortcomings of kernel density estimation.

(3) This paper extends the interpretability of coal prices prediction. Combining the mean
impact value algorithm (MIV) with N-BEATS, we solve the problem that N-BEATS
cannot analyze the importance of drivers on coal price forecasting, increasing the
extent of the hybrid model’s application.

Here’s how the remainder of the paper is laid out: in Section 2, we explain how the
VCNQM model is built; in Section 3, we show how the drivers are chosen, data are collected,
and the model’s settings are determined; in Section 4, we provide an empirical analysis
of coal price forecasting; and in Section 5, we draw the main research conclusions from
our study.

2. Methodology

Considering the thought of decomposition and integration as well as the data-driven
notion, this paper proposes a relevant coal price forecasting framework to complete interval
forecasting and the importance analysis of drivers. As shown in Figure 1, first, this paper
improves VMD using the CSA algorithm, obtaining CSA-VMD to decompose coal price
sequences; then, this paper uses N-BEATS to process each subsequence and integrates
all results to obtain the point forecasts of coal prices; next, this paper applies quantile
regression to process the prediction from the previous step to achieve interval forecasts;
finally, this paper uses the MIV algorithm to analyze the influence of drivers on coal prices.
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Figure 1. General structure of the hybrid model.

2.1. Coal Price Sequence Decomposition Method
2.1.1. Variational Modal Decomposition

Variational modal decomposition (VMD) is a variational method for decomposing
signals [34]. The core of VMD can be summarized in three steps: (1) determining all
sub-signals’ number N and constructing the constrained variational problem to assess the
bandwidth of a mode; (2) introducing an augmented Lagrangian function to convert the
previous problem into an unconstrained one, focusing only on finding a solution for the
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saddle point; (3) constantly updating each component u; and the central frequencies wy
until the iterative constraints are satisfied to obtain the saddle point, thus obtaining the
valid decomposition components. The non-stationary and non-linear coal price sequences
are decomposed into N-modal components uy, uy = {u, up, - - -, un}. More details can be
found in Dragomiretskiy and Zosso [30].

2.1.2. Chameleon Swarm Algorithm

A brand-new metaheuristic method called the chameleon swarm algorithm (CSA) was
proposed by Malik Shehadeh Braik in 2021 to solve global numerical optimization prob-
lems [32]. CSA has mathematically modeled and implemented the chameleons’ behavior
in searching for food, with the following main process:

e (1) Tracking the prey.
As chameleons search for prey in the desert and trees, their position is changing. The
mathematical model of updating the chameleons’ position is as follows:

yfj + p(r3(ubj — 1b;) + Ibj)sgn(rand — 0.5) r; < P,

H1 _ Z R E T
v+ pira (P = GF) + pan (G - o)) ri > Pp

ij

(1)

where i, j, t, and T denote the chameleon, the number of dimensions, the number of it-
erations, and the maximum number of iterations, respectively, ylf]. denotes the position
of the chameleon, ub; and Ib; denote the upper and lower bounds of the current dimen-
sion, Pi?j denotes the chameleon’s best position, G]f denotes the global best position of the
chameleon group, both p; and p; reflect the chameleon’s exploration capability, which are
represented by two positive numbers, r; obeys the uniform distribution in the range of
[0,1],i={1,2,3}, Py, which is set to 0.1, denotes the likelihood that the chameleon will
notice its prey, sgn(rand — 0.5) represents the direction of rotation, sgn(rand — 0.5) = £1,

1t is the parameter of the search capability, y = e(~%/ T)S, « is a sensitive parameter, which
is equal to 3.5.
e  (2) Locating the prey.

The chameleons’ eyes have the feature of rotating and focusing independently, which
help them identify and locate their prey over 360 degrees and update its position according
to their prey’s position. The mathematical model of locating the prey is as follows:

it =M (vl -7) + 7 @
—

M - R (EL’/ V21,22> (3)

Y =r x sgn(rand —0.5) x 7 (4)

where yf“ is a chameleon’s new position after rotation, y! represents the current position
- _ —
of the chameleon at iteration f, 7/} is the center of yf, M represents a rotation matrix, V-, z,

is the orthogonal matrix formed by two standard orthogonal vectors z; and z;, R is the
generation process of the rotation matrix, which is detailed in Braik [32], ¢ is the parameter
of the chameleon’s rotation angle, in the range of [, 7].

e  (3) Capturing the prey.

When it is closest to the prey, the location of the chameleon changes slightly due to its
tongue extending to attack the prey. When attacking the prey, the mathematical model of
the velocity of the tongue and the change in position of the chameleon is as follows:

UEJ’H — w X szj +c1n (G]f — y,?]) ~+ corp (Pf] - ]/lf]) )



Energies 2024, 17, 4166 60f17
()"~ ()
1 F 2 )
Vi =Vt 2 (6)
where v!. and v!1! are the new attacking speed of the chameleon at iteration f and f + 1,

ij ij

respectively, y?j*l and ylf]« are the position of the chameleon at the respective iteration, Pfj

represents the best position of the chameleon, G]f represents the global position of the

chameleon swarm, ¢ and c; are two positive constants that control the effect of Pl? and G!
on the elongation of the chameleon’s tongue, r; and r; obey the uniform distribution in the
range of [0, 1], w is the inertia weight, ranging from 0 to 1, a is the acceleration rate of the

chameleon, a = 2590 x (1 — ¢ log (E)>.

2.1.3. Hybrid Model for Coal Price Sequence Decomposition

Since artificially determining the parameters of VMD can hurt the decomposition, this
paper proposes the CSA-VMD model to determine the parameters («, N) of VMD under
the condition that the decomposition is optimal, using the minimum envelope entropy to
assess the fitness of subseries and CSA to refine VMD. The magnitude of envelope entropy
is positively proportional to the amount of noise contained in the modal component, and
inversely proportional to the amount of information. The envelope entropy E4 can be
calculated by the following equation:

N
EA = —kgl Ak loglo Ak
=y 7)
Ay =a(k) / ¥ a(k)
k=1
where a(k) represents the envelope signal of the modal component u/(k).

2.2. Point Forecasting of Coal Price Adopting N-BEATS

As a novel model for interpretable time series forecasting, N-BEATS can train quickly
on multiple time series of multiple tasks, and successfully deliver and share personal
learning with as little prior knowledge as possible [35]. This paper adopts N-BEATS
to accomplish point forecasting of coal prices due to the generality and superiority of
the model.

Forecasting Process of N-BEATS
e (1) Basic block.

As shown in the top left part of Figure 2, the basic block is a multilayer FC network,
consisting of two parts. The first part accepts the block input, then generates the forward
output 6y and the backward output 6, for the next part. As the basis layer, the second part
accepts the input from the first part, produces respective projections g5 and g;, and outputs

the forecast yAd and the backcast xAd of the corresponding block d. The specific equations of
the first part are as follows:

hg1 = FCy1(xq),hyp = FCap(hg1),has = FCaz(hg2), has = FCaa(hy3) 8)

6h = LINEARZ(hd,4),9£ = LINEAR{; (ha4) ©)

where x; is the block input, FC;; represents the function of each layer of FC network,
i =1,2,3,4, LINEAR is the linear function, 6] = W/l ,.
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Figure 2. Framework of N-BEATS.
The specific equations of the second part are as follows:
A f(of
va = 1t} (6)) (10)
A
Xy =ht (93) (11)

where hi; and hZ are the function of 9£ and 6%, which can be set as a linear function or as a
specific function. The details are shown in Equations (13) and (14).

e (2) Doubly residual stacking.
As shown in the lower left part of Figure 2, the hierarchical dual-residual topology
has two residual branches. One branch accumulates the partial forecast @ 4 of each block

to obtain the forecast output 9 of the corresponding stack. Another branch backcasts the
input of each block, which makes the forecast of the next block easier. The specific equation

is depicted as follows:
A

T M (12)
y= %yd

where x; and x;_; are the input of block d and block 4 — 1, 9A5d71 is the backcast output of
block d — 1.

e  (3) Interpretable architecture.

Oreshkin et al. [35] added the trend and seasonality model to increase the stack output’s
interpretability. In the trend model, h{; and hg are the linear function slowly varying:

Atrend flof I f
ys,d = hd (Gs,d) = TE'O es,d,T X (PT
Atrend

b(pb ! b (13)
Yoa = H5(0%,) = X6y x g
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In the seasonality model, hf; and hZ are the periodic function of the Fourier series:

Aseasonality  H/2-1

Yo — Eo Gf,d,r cos(2tTep) + GS{d’TJrH/Z sin(27tt¢)
seasonality H/2-1 b b . (14)
Xs,d = ZO gs,d,‘r COS(ZT[T(P) + 6s,d,T+H/2 SIH(ZHT(P)

=

where 65{( 1+ is the element 7 of the output of the forecast branch of the dth block in the sth
stack, 95 1+ is the element 7 of the output of the backcast branch of the dth block in the sth

stack, I is usually set to a small value (e.g., 2 0r 3), ¢ = [0,1,2,--- ,H — 1]T/H, H is the
frequency of the forecast or backcast.

2.3. Interval Forecasting of Coal Price Adopting Quantile Regression

Since the N-BEATS algorithm cannot achieve the interval forecasting of coal prices,
this paper uses quantile regression for interval forecasting. The quantile loss is as follows:

q q
q(m—r%) m—m >0
A q
Ly(m ') = 3o m—h' =0 (15)
q q
(1—q)(1§1 —m) m—i <0

q
where, at the given quantile level of g, m and i represent the actual value and the predicted
q q
value of coal price, respectively, g € (0,1), when m — nAq =0,L,; (m, 1?1 > = 0 means that

predicted and actual values match perfectly. Each forecasting value at one group specific
quantile level Q = (g1, ...,qm) is calculated by minimizing quantile loss. The function of
the total quantile loss is the following:

A40

Lo = é qu (m,m ) (16)

2.4. Significance Analysis of Covariates

Mean impact value (MIV) can assess the correlation of various variables in the Back
Propagation Neural Network (BPNN) and is widely used to filter the variables in BPNN [36].
Its absolute magnitude reflects the extent to which the covariates have an impact on the
dependent variable. Based on the trained VCNQM model, this paper selects coal prices as
the dependent variable, as well as 15 covariates, and calculates the MIV of each covariate.
Firstly, the training set is adaptively trained with the VCNQM model. Then, each covariate
is increased by 10% and decreased by 10% to obtain two new training sets, which are
simulated according to the fitting model. The mean of the difference between the two
simulation results is calculated as the sample size, namely MIV. Ultimately, this paper sorts
the covariates according to their absolute MIV and eliminates those with smaller effects to
achieve attribute parsimony.

3. Empirical Study
3.1. Data Description

In this paper, we refer to the relevant literature on coal to establish the main indica-
tor system of coal prices. Ultimately, we adopt the main indicator system of coal price
from Wu et al. [29], which selected the drivers of coal price from energy, supply, demand,
weather, international market, and macroeconomics.

The energy dimension included the New York natural gas spot price (NPNGSP), the
Dagqing oil spot price (DCOP), the wind power industry index (WPII), and the hydropower
industry index (HII) [37,38]. The supply-and-demand dimension contained the coal mining
industry index (CMII), the industrial index (II), and the A-share power industry index
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(ASESI). The macroeconomics dimension consisted of the coal industry index (CII), the
A-share index (ASI), the USD/CNY exchange rate (U/C), the AUD/CNY exchange rate
(A/C), the overnight Shanghai interbank offered rate (SHIBOR), and the six-month treasury
bond yield (SMTY) [39,40]. The international market dimension was represented by the
Newcastle power coal spot price (NPCSP) [41]. The weather dimension was represented by
average maximum temperature (Tem) of major cities in China [29].

Concerning coal prices, we use the composite average price index of Bohai Rim Steam
Coal (Q5500k). The Bohai Rim ports are the main force of coal transportation in China, and
their coal prices can effectively reflect China’s coal price situation [42].

For the above variables, the data from 9 October 2013 to 9 June 2020 are selected as the
training set, and the data from 10 June 2020 to 28 January 2022 are selected as the test set.
After collecting all the data, this paper detects the outliers of all the variables with the help
of a scatter plot and eliminates them, then finally replaces the missing data with the help of
linear interpolation in the given time frame. The results of the correlation tests between the
coal price and its drivers are shown in Table 1: (1) Most drivers are significantly correlated
with coal prices. (2) A few drivers do not have a significant linear relationship with coal
prices and may have a non-linear correlation with coal prices.

Table 1. Results of the correlation test.

Drivers Tem CMII II ASESI A/C
Correlation coefficients —-0.10 * 0.18 ** —0.03 —0.23 ** 0.05
Drivers u/C SMTY SHIBOR CII ASI
Correlation coefficients 0.18 ** 0.05 0.14 ** 0.18 ** 0.04
Drivers NPCSP NYNGSP DCOP HII WPII
Correlation coefficients 0.81 ** 0.17 ** 0.34 ** 0.43 ** 0.12*

Note: We calculated Pearson correlation coefficients; * and ** indicate significant correlation at 5% and 1%
significance levels, respectively.

3.2. Benchmark Model and Parameter Setting

In this paper, we select various benchmark models for a cross-comparison with the
VCNQM model to see whether the VCNQM model has better predictive performance.
First, we select N-BEATS for comparative analysis with random forest (RF); support vector
machine (SVM), Convolutional Neural Network (CNN), LSTM, and RNN models, and
the results verify that N-BEATS outperforms them in forecasting coal prices. Second, we
compare the performance of N-BEATS with the CVNM model, confirming joint signal
decomposition techniques can improve the prediction accuracy of prediction models.

Given that the configuration of the model hyperparameters will affect its forecasting
outcomes of coal price, we adopt grid search to determine the optimal parameters for
the hybrid model. The grid search method is essentially an exhaustive method, whose
advantage is that it is a simple and intuitive way to find the best combination for a given
hyperparameter space. By specifying a list of candidate values for the hyperparameters,
the grid search performs an exhaustive search of all possible parameter combinations, as
well as model training and evaluation for each set of parameters, and finally selects the
combination of parameters with the best performance as the hyperparameters for the final
model [43,44]. The results of the hybrid model’s parameter settings are obtained through
the grid search as follows:

(1) Inthe CSA-VMD model, the population size of CSA is 30 and T is 100; N is in the
range of [2, 10], and « is in the range of [1000, 10,000].

(2) In N-BEATS, the maximum value of time steps for backcasting and forecasting are 10
and 7, respectively, and the learning rate is 0.002; the pieces of information processed
per batch are 16, 32, 64; the numbers of stacks are 16, 32, 64, with the numbers of
blocks per stack being 1, 2, 3, and 5, respectively; the numbers of neurons that make
up each fully connected layer in each block of each stack are 32, 64, 128.
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4. Results and Discussion
4.1. Results of Coal Price Decomposition Using the CSA-VMD

Although VMD is a workable method to decompose coal price sequences, its biggest
challenge lies in finding the optimal parameters for the sequence decomposition. Therefore,
we determine the optimal parameters of VMD by CSA-VMD, which avoids errors arising
from the artificially selected parameters. By observing the statistical indicators in Table 2
and the trend of power coal prices in Figure 3, it can be concluded that the weekly price
of steam coal displays obvious fluctuation changes, and its non-linear and non-stationary
characteristics are considerable, in which the highest price is almost 1.3 times higher than
the lowest, and the distribution is not near the mean most of the time, and its fluctuating
tendency is neither linear nor obeys a normal distribution, making it challenging to identify
its fluctuation trend pattern. As shown in Figures 4 and 5, during the iteration of the CSA
algorithm, the envelope entropy E 4 decreases to a minimum of 7.392561 at the 50th iteration,
the corresponding quadratic penalty factor « is equal to 9864, and the corresponding
decomposition modal number N is equal to 7. The modal decomposition results of CSA-
VMD in the above given parameter are shown in Figure 6. It shows that each modal
component is relatively homogeneous with respect to the time domain. In comparison with
the original weekly steam coal price series (seen in Figure 3), the decomposed subseries
is less turbulent and its smoothness and linearity are more significant. Specifically, the
fluctuations of the sub-signal IMF1 show a linearly increasing trend in the interval of
[500, 600], and the fluctuations of the sub-signal IMF2 show a phased linear pattern in
the interval [-100, 100]. Compared to the irregular fluctuations of original steam coal
prices, both are more conducive to the identification and integration of subsequent N-
beats models. The volatility of the sub-signals IMF3 and IMF4 also diminish, and despite
a sharp increase in volatility in the last part of the time domain, the volatility interval
is significantly narrower compared to the original coal price, with a low impact on the
subsequent integration. Compared to IMF3 and IMF4, the fluctuations of the sub-signals
IMF5, IMF6, and IMF7 are more and more obvious in the time domain, but their fluctuation
intervals are further narrowed down, and the influence on the subsequent integration is
negligible. Moreover, the smoothness of the sub-signals can be improved with the help of
multiple decompositions, which is also the future direction for improvement in this paper.

800 —
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Figure 3. Weekly steam coal prices.
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Table 2. Statistical indicators of the weekly price of steam coal.
Steam coal Observations ~ Max Min Average  Standard Deviation Variance Skewness Kurtosis
weekly price 420 848 371 547.048 86.883 7548.580 0.076 1.110
7.3931 =
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—
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Figure 4. Envelope entropy.
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Figure 5. As the number of iterations proceeds, the parameter optimization process of the VMD

becomes more refined. (a) Quadratic penalty factor; (b) Number of decomposition modes.
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Figure 6. Modal decomposition results of CSA-VMD.
4.2. Results of Point and Interval Forecasting Using the VCNQM Model

On the basis of the optimal parameters derived in the previous step, we achieve
point forecasting of coal prices. Additionally, we construct the quantile loss function at
the quantile of 0.50 of the forecasting value. The interval forecasting of coal price is also
accomplished under the confidence level of 90%. For the sake of reflecting the forecasting
effect of the VCNQM model visually, we make point and interval predictions of weekly
coal prices with the hybrid model in the test set.

As displayed in Figure 7, the predictions of the VCNQM model are essentially near
to coal price’s actual trend. Although the point forecasting result is excellent, the interval
forecasting result is generally superior to the point forecasting. In the whole test set,
the actual values basically fall within the prediction range of the interval forecasting,
and the predicted interval coverage probability (PICP) is 0.9167, at a confidence level of
90%, certifying the validity of interval prediction results. In the decomposition stage, the
subseries decomposed by CSA-VMD are more stable. In the integration phase, each stack
of N-BEATS contains multiple blocks. After receiving and processing the input signal, each
block produces a forecast output and a backcast output. The input of each block, minus
its backcast output, is the input of the next block, which effectively improves the signal’s
fitness. The forecast output of each stack is the integration of the forecast output of all
blocks in that stack, and the forecast output of the whole network is the integration of the
forecast output of all stacks in the network. Therefore, the VCNQM hybrid model has
superior prediction performance.

4.3. Importance Analysis of Drivers

In the trained VCNQM model, different values of each driver are input in this paper
to obtain their MIV corresponding to each covariate, which are taken as absolute values,
leading to the following results.

Figure 8 illustrates the importance of each driver to coal prices, ordered by the absolute
value of MIV from top to bottom. In particular, the A-share power industry index, with an
MIV of 12.3566, has the greatest degree of influence on the price of coal in China, followed
by the coal industry index, with an MIV of —7.2830. Then, there is the AUD/CNY exchange
rate, the Daqing oil spot price, and the Newcastle power coal spot price in Australia, each
with an MIV of —4.9466, 4.7000, and —4.6765, respectively. As a result, this paper concludes
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that the five factors mentioned above have a significant impact on coal prices, while the
MIVs of the coal mining industry index and the overnight Shanghai interbank offered rate
are 0.0710 and —0.2257, respectively, indicating the smallest degree of impact on coal prices
and can therefore be ignored. Because most of China’s coal is used for thermal power
generation, the A-share power industry index directly affects coal demand, which in turn
affects coal prices. The coal industry index directly influences the supply of coal and thus
the price of coal. Oil, as the main substitute for coal, has a direct impact on coal prices
due to its price fluctuations. Since Australia was the primary supplier of China’s coal
imports in the past, the AUD/CNY exchange rate and the Newcastle power coal spot price
in Australia directly influenced China’s coal supply and thus domestic coal prices.
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Figure 7. Point and interval forecasting based on VCNQM. Note: the blue shaded area depicts the
interval forecasting of coal price at a confidence level of 90%.
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Figure 8. Absolute value of MIV for each driver. Note: see Section 3.1 for symbol descriptions.
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4.4. Comparison Analysis of Different Models’ Forecasting Performance

This paper excludes the decomposition part of the VCNQM model and compares the
single model, namely N-BEATS, with the hybrid model to test the robustness of the hybrid
model. Moreover, to verify that the VCNQM model has better prediction performance, we
selected a variety of benchmark models for cross-comparison with the VCNQM model.
Meanwhile, the mean absolute percentage error (MAPE), the mean absolute proportional
error (MASE), the mean absolute error (MAE), and the symmetric mean absolute percentage
error (SMAPE) are selected as metrics in this paper.

As shown in Table 3, compared with N-BEATS, MAPE, MASE, MAE, and SMAPE of
the VCNQM model are reduced by 0.16%, 0.33, 0.81, and 0.03%, respectively. This suggests
that the hybrid model’s series decomposition procedure is capable of lowering the original
signal’s volatility and enhancing its forecasting capabilities.

Table 3. The ablation experiment of the VCNQM model.

Model MAPE MASE MAE SMAPE
N-Beats 11.49% 27.16 67.53 10.45%
VCNQM 11.33% 26.83 66.72 10.42%

As shown in Table 4, VCNQM exhibits better performance on all measures. Compared
with the RF, the MAPE, MASE, MAE, and SMAPE of the VCNQM model are reduced
by 4.95%, 16.21, 23.01, and 5.55%, respectively. Compared with the SVM, the MAPE,
MASE, MAE, and SMAPE of the VCNQM model are reduced by 03.57%, 15.28, 19.79, and
4.33%, respectively. RF and SVM are to machine learning methods that are sensitive to
noise and missing values, making it difficult for them to cope with highly volatile coal
prices [45]. Compared to RNN, all the measures of VCNQM are also reduced by 2.27%,
4.62,11.47, 2.05%. Compared to GRU, all the measures of VCNQM are also reduced by
1.22%, 2.27, 5.95, 1.47%. Compared with LSTM, the MAPE, MASE, MAE, and SMAPE
of VCNQM are reduced by 1.04%, 2.06, 5.12, and 0.83%, respectively. GRU, LSTM and
RNN mainly perform sequential processing over time, and training them requires a lot of
information [46,47]. The decomposition part of the hybrid model, CSA-VMD, decomposes
the coal price series into a number of smoother sub-sequences, which facilitates subsequent
integration forecasting. The integration part of the hybrid model, N-BEATS, integrates
all the sub-series forecasts to output a final coal price point forecast. N-BEATS enables
parameter sharing to regularize the neural network and improve the generalization ability
by learning multiple tasks at the same time. Therefore, compared to GRU, LSTM, and RNN,
VCNQM is more weakly affected by the deficiency of information and outperforms them
in forecasting coal prices.

Table 4. Performance metrics for different models.

Model MAPE MASE MAE SMAPE
RF 16.28% 43.04 89.73 15.97%
SVM 14.9% 4211 86.51 14.75%
RNN 13.6% 31.45 78.19 12.47%
GRU 12.55% 29.10 72.67 11.89%
LSTM 12.37% 28.89 71.84 11.24%
N-Beats 11.49% 27.16 67.53 10.45%

VCNQM 11.33% 26.83 66.72 10.42%
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5. Conclusions

To implement accurate forecasting of coal prices in China, we developed a unique
decomposition integration forecasting model and applied a hybrid frequency data set con-
taining multiple drivers for empirical analysis. The results verify that the VCNQM hybrid
model possesses more excellent forecasting capability and a wider application scope com-
pared to a single model. Based on the above research, we come to the following conclusions:

(1) CSA-VMD as the decomposition method can effectively improve the stationarity and
linearity of the coal price series. Specifically, the CSA-VMD model enhances not only
the rationality of parameter determination but also the decomposition accuracy, but
also decomposes the coal price signal into multiple sub-signals with weaker volatility.

(2) Quantile regression can perform the interval forecasting for coal prices and extends
the breadth of application of the VCNQM hybrid model.

(3) The A-share power industry index and the coal industry index are the most important
drivers of China’s steam coal price. They all directly or indirectly have an impact on
coal supply and thus coal prices.

(4) In comparison with previous deep neural networks, the VCNQM hybrid model
exhibits superior prediction performance, with remarkably lower errors. Excluding
the decomposition part of the hybrid model, the predictive performance of the single
model N-BEATS is worse than that of the hybrid model.

5.1. Literature Contributions

The decomposition integration hybrid model is a popular method for coal price pre-
diction in academic areas. During the decomposition stage, Wei [18], Wu, and Huang [19],
as well as Torres et al. [20], found that the signal decomposition results of EMD and its
variants suffer from modal confusion and pseudo-modes. In addition, a new decomposition
method called ICEEMDAN, proposed by Niu et al. [21], is only conducive to long-term
forecasting. Although Rayi et al. [23] and Li et al. [24] demonstrated that VMD makes up for
the deficiencies of EMD and its variants, the decomposition parameters of VMD need to be
chosen artificially, which affects the decomposition accuracy and causes boundary effects.
Therefore, for the sake of raising the accuracy and rationality of signal decomposition, we
adopted envelope entropy as the fitness function and used CSA to iteratively update the
parameters until the optimal parameters were generated.

During the integration stage, Zhang et al. [25] and Niu et al. [21] used LSTM and GRU
to integrate subseries, respectively. Their final outputs lacked interpretability, which is not
conducive for decision-makers to make sense of the model’s prediction results or identify
potential pitfalls. In addition, to raise the extensibility of the application of the forecasting
model, Ding et al. [30] used kernel density estimation for coal price interval forecasting,
which is influenced by the width of the subintervals. Therefore, in this paper, we applied
N-BEATS and quantile regression to realize interval forecasting, which effectively avoided
the aforementioned problems.

5.2. Management Insights
Based on the above findings, we produce the following management insights:

(1) To control coal prices, the government can realize this goal by controlling coal mining,
adjusting coal imports, and developing relevant power industry policies.

(2) To timely respond to the drastic volatility of the coal market, relevant enterprises
should always pay attention to the information related to the power industry, coal min-
ing and domestic coal imports, and make corresponding assessments and adjustments
of future coal prices according to their changes.

5.3. Future Prospects

In response to this paper, we can also consider the following enhancements in our
future research:
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(1) Adding multiple decompositions to the hybrid model may be more effective in weak-
ening the fluctuation of the coal price series and increasing its predictive effectiveness.

(2) Incorporating more factors into the coal price driver system, such as relevant policies,
environmental quality, etc.

(3) Investigating other interval prediction methods to accomplish better prediction results.
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