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Abstract. This scientific article examines the modeling of coal price volatility
using a mean reversion model (MRM) and compares the performance of differ-
ent parameter estimation approaches. The aim of the study is to identify which
parameter estimation approach is best suited for modeling the volatility of coal
prices. The study uses annual discrete time data from 2022 to 2031 to estimate
the MRM parameters using three approaches: linear regression method (LRM),
least square method (LSM), and moment method (MM). The results show that
the MM approach produces the highest volatility, while the LRM has the lowest
reversion value but higher volatility than the LSM. The findings suggest that the
MM approach may be more suitable for modeling coal price volatility due to its
ability to capture higher levels of volatility. These results have implications for
understanding the dynamics of the coal market and can inform decisions related
to pricing, risk management, and investment in the coal industry.
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1 Introduction

Volatility is a well-known phenomenon in mining industries. The volatility might happen
due to the price, cost, and even grade uncertainty. Ardian and Kumral [1] show that price
is a significant variable that affect the project valuation followed by cost, average grade,
recovery, and interest rate. Given that the price volatility cannot be accurately forecasted,
a simulation through stochastic process can be a solution. Stochastic processes has some
properties such as (a) treat a random variable as a random process where only the
latest observation determine the future outcomes or it can also be said as memoryless
(Markov property), (b) exhibits non deterministic behavior, (c) the random variable
evolves overtime at least in part random, and (d) it has discrete time increments [2, 3].
Stochastic process is considered as an alternative mathematical modeling in the
uncertainty and risk analysis. Compared to statistical approach where the historical data
is essential, a stochastic process does not necessarily need it. Somehow, historical data
can still be benefited for parameter estimation for instance. Comparing to statistical
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approaches where the model tries to minimize the error between model and the histor-
ical data, the stochastic process and its simulation are commonly used to capture the
volatility. Capturing volatility is an important approach to model the nature of the min-
ing industries. Thus, based on some literatures, stochastic process is suitable for price
modeling, especially commodity price or stock price [2].

In this research, a stochastic process called mean reversion model (MRM) that is
introduced by Uhlenbeck and Ornstein [4] was applied to model coal prices. The MRM
assumes a price, at some point, reverts to the expected value at a specific and static speed
and volatility. Having a reversion characteristic, the MRM is beneficial for the current
situation where the coal price shot up and was expected to return to its mean or expected
value. In addition, MRM has been implemented to model some commodities prices such
as gold prices [5], oil and natural gas prices [6], primary aluminum, copper, nickel, lead,
tin, and zinc prices [7, 8].

There is also an application of MRM for coal price modeling in China, but the
paper more focuses on the parameter calibration through hybrid estimation method [9].
Deng [10] in his thesis examined the MRM with additional jump diffusion to the energy
commodity prices including coal spot price. However, one of the important things in
the MRM is the parameter estimation process. Different method might obtain different
result. Thus, three methods to estimate the MRM parameter were observed in this paper.
Those three methods were Linear Regression Method (LRM), Least Square Method
(LSM), and Moment Method (MM). Further explanation of those three parameters can
be found in the following section.

This paper consists of four sections. The Sect. 1 explained the natural uncertainty
in the coal mining industry and introduce the MRM as an alternative model that can be
used to overcome the problem. In Sect. 2, the methods used to model the coal prices and
the parameter estimation approaches were presented. The results then discussed in the
subsequent section. Finally, the conclusion can be drawn in the Sect. 4.

2 Methods

Mean Reversion Model
The stochastic process model used in this study was MRM. There are three important
parameters in the model, the «, |1, and 6. The MRM model is shown in the Eq. (1).

dx; = k(p — x,)dt + o /xe/ At (1)

where « is the mean reversion rate (k>0), x; is the initial value, w is the mean value,
o is the standard deviation (¢ > 0), and e+/Af is the random component by stan-
dard Brownian motion [11]. The MRM model consists of two components, the drift
term (k (4 — x;)dt) and the random component (o ﬁsJA_t). The drift term brings the
simulation to a specific point at a specific rate, the random component fluctuates the
simulation arbitrarily with a specific volatility.

Even though the stochastic process models the random variable randomly, a relatively
subjective adjustment is still needed. Therefore, a critical step using the model is the
parameters estimation. In this study, the MRM parameters were estimated in three ways,
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namely by linear regression methods, least square methods, and moment methods. Then,
those three parameters were compared and studied.

Linear Regression Method (LRM)

The MRM parameters can be estimated through LRM statistical model. The model is
presented in Eq. (2) where y is the dependent variable, « is the intercept, § is the slope,
x is the dependent variable, and ¢ is the error.

y=a+px+e @)

Then, the Mean reversion rate (k), mean (u), and standard deviation (o) parameters
are determined by applying Egs. (3), (4), and (5) where RSE is the return standard error
estimated by Eq. (6) [11].
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Least Square Method (LSM)

The LSM models the trend of the random variable by minimizing the squared error that
includes time series analysis. The LSM might assume more than one variable affecting
the price, so it can be referred to as Multiple Linear Regression. Parameter estimation by
LSM is similar with the LRM, where ¢ and o are obtained through Eqgs. (4) and (5). The
B is then estimated by using the F-Test function which aims to determine the influence
of all free variables together on all the independent variables [12]. The F-test formula
can be seen in Eq. (7).

SSRg — SSRur/ q

— ~

~ SSRyr/(n—k—1)

Fq, n—k—1 (7)

where the F is the F-test value, SSRp is the restricted quadratic squared error (a model
that assumes the coefficient of the independent variable = 0), SSRyr is the unrestricted
quadratic squared error (a model that assumes the coefficient of the independent variable
as it is), g is the number of the restricted parameter, n is the sample size, k is the number
of independent variable, and n — k — 1 is the degree of freedom [13].

Moment Method (MM)
The Moment Method (MM) is basically a linear regression model that can be modeled
through Eq. (2), but with a further analysis of the time series random variable return [14].



Uncovering Coal Price Volatility 59

The time series random variable in this case is the commodity price. The idea applying
MM is because the price changes are volatile, so it is necessary to know the return value
of the commodity price. The price return formula is defined in Eq. (8) [14].

Py
R, =1 8
t n< P, ) (®)
where,

R;: commodity price return at time ¢

P;: commodity price at time ¢

P;+1: commodity price at time ¢ 4 1

Furthermore, the « is estimated through Eq. (9) [15].

_ _Intp)
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The ¢ was obtained through Eq. (10).

_ (NXZﬁilefle) - (Z?’ZIPF]XZ?;PZ)
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(10)

where,
k: rate of return on commodity prices
d: time lapse
P;_1: commodity prices at time #-1
P;: commodity prices at time ¢
N: amount of commodity price data
Then, the w is defined in Eq. (11) [16].

1 N
n=gd R (11)

where,

w: drift return commodity prices

N: amount of commodity price return data

R;: commodity price return data at time ¢

Finally, where the volatility measure the degree of the uncertainty regarding the
future movement of commodity prices, the formula of volatility is defined in Eq. (12)
[16].

1
UZJW—DZXJ&_mz (12)

where,
o: commodity price return volatility
N: amount of commodity price return data
R;: commodity price return data at time ¢
R: data on average commodity price returns
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Fig. 1. Annual HBA from 2010 to 2021

3 Results

Data Collection
The data used in this research was the monthly Reference Coal Price (HBA) where it
was collected from the official website of Ministry of Energy and Mineral Resources of
Indonesia. The HBAs collected were from the period from January 2010 to December
2021 [17]. The monthly HBA was then modified to annual price by simply taking the
average price of the 12-monthly price that can be seen in Fig. 1.

Figure 1 shows that the HBAs fluctuated and tended to decrease until 2020, after
that experienced a significant improvement in 2021. These monthly data was used to
estimate the parameters of the MRM.

Linear Regression Model (LRM)

In the LRM, the dependent variable (y) was the difference of HBA (HBA; — HBA(.1) and
the independent variable (x) was the HBA.; [18]. The annual HBA (average), changes
(), , and the previous HBA (x) are presented in Table 1.

Based on the Egs. (2) and (6), the values of «, 8, and RSE were obtained 59.04,
—0.71, and 19.67, respectively. Furthermore, the three parameters of the MRM can be
estimated using Eqgs. (3), (4), and (5). As a result, the values of x = 0.71, u = 83.01,
and o = (0.23.

Least Square Method (LSM)

In LSM, the estimation of i and o are similar in the LRM, but the 8. Thus, the « = 59.04
and RSE = 19.67. The value of 8 = —0.46 was obtained through F-test. Furthermore,
the parameters of the MRM can be estimated using Eqgs. (3), (4), and (5). As a result,
the values of x = 0.46, u = 128.03, and o = 0.15.

Moment Method (MM)
Based on Eq. (8) the prices returns were obtained as presented in Table 2.
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Table 1. Annual, changes, and the previous HBA from 2010 to 2021

Year Avrg. HBA Changes Previous
2010 $91.74 - -

2011 $118.40 $26.66 $91.74
2012 $95.48 $-22.92 $118.40
2013 $82.92 $-12.56 $95.48
2014 $72.62 $-10.30 $82.92
2015 $60.13 $-12.49 $72.62
2016 $61.84 $1.71 $60.13
2017 $85.92 $24.08 $61.84
2018 $84.21 $-1.71 $85.92
2019 $77.89 $-6.32 $84.21
2020 $58.80 $-19.09 $77.89
2021 $ 108.29 $49.49 $58.80

Table 2. Annual HBA Returns from 2010 to 2021

Year 2010 | 2011 |2012 |2013 |2014 2015 |2016 | 2017 | 2018 |2019 |2020 |2021
Returns | — 026 |-022 |-0.14 | -0.13 | -0.19 |0.03 |0.33 | —-0.02 | —0.08 | —0.28 | 0.61

Furthermore, before obtaining the « by Eq. (9), the ¢ was first calculated based on
the Egs. (10). Accordingly, the ¢ and « were obtained 0.01 and 0.47, respectively. Then,
the u based on the Eq. (11) was 124.17, and the o based on the Eq. (12) was 0.27.

HBA Simulation Through the MRM with LRM Estimator

The MRM was then applied for the HBA simulation for the next 10 years (from 2022 to
2031) with the number of simulations as many as 1,000 times. The MRM by the LRM
estimator can be seen in Fig. 2.

Figure 2 shows that the MRM by LRM estimator was able to capture the price
volatility from $74.12 to $91.53 from 2022 to 2031. The LRM generated a uniform
trend over time, which ranges from $76.30 to $91.36 in 2022 ($15.06 difference), then
in 2031, it ranges from $74.69 to $90.13 ($15.44 difference).

HBA Simulation Through the MRM with LSM Estimator
Secondly, the MRM by LSM estimator can be seen in Fig. 3.

Figure 3 shows that the MRM by LSM estimator was able to capture the price volatil-
ity from $99.76 to $134.88 from 2022 to 2031. The LSM generated a trend that tends
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Fig. 2. HBA Simulation through MRM by LRM estimator
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Fig. 3. HBA Simulation through MRM by LSM estimator

to increase over time, which ranges from $99.76 to $108.45 in 2022 ($8.69 difference),
then in 2031, it ranges from $122.29 to $134.23 ($11.94 difference).

HBA Simulation Through the MRM with MM Estimator
Thirdly, the MRM by LSM estimator can be seen in Fig. 4.

Figure 4 shows that MRM by MM estimator was able to capture the price volatility
from $94.97 to $140.42 from 2022 to 2031. The MM generated a trend that tends to
increase over time, which ranges from $94.97 to $111.88 in 2022 ($16.91 difference),
then in 2031, it ranges from $116.35 to $138.45 ($18.10 difference).

Based on the three simulations through MRM by three different estimators, the MM
shows more volatility than the others. The LRM, on the other hand, has the lowest ©
and higher volatility than the LSM.
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Fig. 4. HBA Simulation through MRM by MM estimator

4 Conclusion

In this research, the MRM was implemented to model the HBA stochastically. The
three crucial parameters, i, o, and k, were estimated through three different statistical
estimators which were LRM, LSM, and MM. As a result, the MM exhibited more
volatility than the others. Comparing the volatility, the MM used the price returns, not
the RSE. The RSE tends to be more robust due to the average value of the random
variables.
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