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In contrast, machine learning techniques, such as random forest and

neural network, offer higher accuracy in predictions. However, very
few attempts have been made to combine the simplicity of traditional
methods with the accuracy of machine learning techniques. This
paper presents a novel stacking-based model that integrates both
traditional statistical methods and machine learning techniques to
enhance coal price predictions. Using Indonesian coal price data from
January 2009 to October 2021, we trained the models on various
combinations of predictors to generate new predictions. Our findings
demonstrate that our stacking-based model outperforms other
models, with RMSE and MAPE values of 6.44 and 5.97%,
respectively. These results indicate that the model closely forecasts
actual coal prices, capturing 94.03% of the price movements. The
main contribution of this study is the application of stacking-based
models to coal price forecasting in Indonesia, which has not been
previously explored, thus enriching the literature on this topic.
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1. INTRODUCTION

Indonesia stands out as one of the largest coal-producing countries globally. According to the
Direktorat Jenderal Mineral dan Batubara, coal prices have undergone significant fluctuations over the past
decade [1]. In October 2021, prices reached a peak at USD 161.63 per ton, whereas in September 2020, they
plummeted to USD 49.42 per ton. Such volatility inevitably impacts company performance and leads to
decreased profits [2]. The price of coal, as a commodity, is not solely dictated by regulatory bodies but is also
influenced by both domestic and foreign coal markets [3]. Moreover, factors like climate conditions and
energy consumption patterns exert a notable influence on coal prices.

Time series forecasting has emerged as a critical practice across various sectors, including the
energy industry [4]. Due to the volatility of coal prices, it is essential for every company to conduct
forecasting to identify and analyze potential challenges arising from these fluctuations. Forecasting coal
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prices serves not only as a foundation for decision-making within coal-related businesses but also as a means
to safeguard the energy needs of communities reliant on coal-derived resources.

Several studies on coal price forecasting have been conducted previously [3,5-7]. [5] demonstrated
forecasting using Support Vector Machine (SVM), Multi-Layer Perceptron (MLP), and a combination of
Long-Short Term Memory-Deep Neural Network (LSTM-DNN) models. [6] conducted a coal price
forecasting study using the Neural Network (NN) model. [7] proposed using the Long Short Term Memory-
Recurrent Neural Networks (LSTM-RNN) model to predict price change trends in coal. [3] forecasted coal
prices in China based on a combination of Autoregressive Integrated Moving Average (ARIMA) and SVM
models. However, [8] argued that no forecasting model is more dominant than others, as each model has its
own advantages and disadvantages. In recent decades, traditional models such as moving average,
exponential smoothing, and ARIMA have been frequently used. The application of these models also relies
on the assumption of linear data. To address this, machine learning models such as NN, SVM, and random
forest are employed. Recently, the use of hybrid models has become popular for forecasting due to their
excellent performance and numerous supporting studies [9].

Coal Prices
Indonesian Coal Prices from Jan 2009 - Oct 2021
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Figure 1. Indonesian coal prices from 2009 to 2021 [1]

Existing literature indicates that traditional forecasting methods and machine learning techniques are
widely employed for coal price forecasting. Traditional forecasting methods are appreciated for their
simplicity and minimal data needs, while machine learning models offer greater accuracy. However, there
have been limited attempts to combine the simplicity of traditional methods with the precision of machine
learning techniques. Therefore, in this study, we present a novel stacking-based model that integrates both
traditional statistical methods and machine learning techniques to enhance coal price predictions in Indonesia
by utilizing reference coal prices data spanning from January 2009 to October 2021. The proposed model
operates through six main steps, starting with data collection, application of traditional forecasting and
machine learning models, generation of initial forecasting results, feature selection, the proposed stacking-
based model construction using a metamodel, and generation of new forecasting results using the proposed
model. The rest of this paper is divided into several sections: Section 2 comprises a literature review, Section
3 covers the methods, Section 4 introduces our proposed model, addresses performance metrics, and presents
the results, while Section 5 presents our conclusion.

2. LITERATURE REVIEW

[10] conducted a study to identify factors influencing coal demand in Poland. The results suggest
that the proposed forecasting model offers a potential scenario applicable to the entire coal mining industry.
[11] demonstrated the necessity of coal price forecasting by examining numerous variables impacting prices.
[3] investigated coal price fluctuations at Qinhuangdao Port, revealing inadequacies in the competitiveness of
the domestic coal market and advocating for the development of both coal trading system and coal
enterprises themselves. [3] explored coal price forecasting using the ARIMA model, highlighting factors
influencing price changes, proposing some prediction models, and offering practical policy recommendations
based on their findings. [12] conducted a comparative study between ARIMA and Autoregressive Integrated
Moving Average With Exogenous Variable (ARIMAX) models in forecasting china's coal price index, with
results favoring the performance of the ARIMAX model. [7] introduced the LSTM-RNN for predicting coal
price trends, demonstrating its superior accuracy compared to other models.
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In general, traditional models are often utilized for forecasting, as demonstrated by [13], who
employed ARIMA to analyze trends in consumption, prices, and investment in Chinese coal from 2016 to
2030. Additionally, [14] proposed an ARIMA-based model to predict the spread of the COVID-19 virus in
Italy. The advantage of this model lies in its simplicity and adaptability, facilitating the determination of case
trends, estimation of the epidemic's inflection point, and final COVID-19 size. [15] conducted a study using
the ARIMA on rabi (a kind of wheat) production in Odisha, India. The results indicated an increase in
predicted rabi production due to the projected expansion in planting area. Conversely, [16] proposed a vector
exponential smoothing (VETS) model for forecasting mixed-frequency time series. The findings revealed
that our proposed model is suitable for short-term and medium-term forecasting.

[9] proposed using machine learning as a forecasting tool. In their research, forecasting of prices for
various energy commodities was conducted using machine learning methods such as NN and random forest.
[8] proposed various models, including machine learning models, to forecast daily sales using data from
social media. It was found that random forest was the best-performing model, producing an out-of-sample
MAPE of 7.21% without social media information and 5.73% with it. [5] demonstrated forecasting using
SVM, MLP, and a combination of LSTM-DNN models. Their findings indicated that the combination of the
LSTM-DNN models yielded better results compared to other models. [17] proposed a Radial Basis Function-
Neural Network (RBF-NN) to estimate coal prices, resulting in a minimal error. [18] conducted forecasting
on wave conditions using machine learning, obtaining accurate model representations similar to the actual
wave conditions, suggesting the efficacy of machine learning models for forecasting. [19] introduced a
machine learning model for forecasting the volume of water entering reservoirs in the Iranian region to
mitigate flood damage. This forecasting will be highly useful for predicting water volumes to reduce flood
damage. [20] proposed a machine learning model for forecasting the availability of electric vehicles for
vehicle-to-home services. The study's results underscored the accuracy of a well-performing machine
learning model, which can help in reducing vehicle recharging costs. To conclude, both traditional methods
and machine learning techniques have unique strengths in coal price forecasting. Combining these
approaches leverages their respective advantages. Our proposed model involves using the predictions
generated by each model as new variables to create a novel data set. This data set is then used to train a
metamodel, specifically a stacking-based model incorporating EN, SVM, and NN. The essence of our
proposed model is to consolidate all forecasting results from the utilized models into a new data set, which is
then reanalyzed using the same forecasting models to produce enhanced prediction outputs.

3. METHOD
3.1. Study Design

The data used in this study consists of 154 months of observations of the Indonesian coal prices in
USD/ton from January 2009 to October 2021. The entire data set is then divided into training and testing
data. [21] stressed the importance of splitting the data for estimating and evaluating the accuracy of
forecasting models. Typically, the test data size is 20% of the total available data; therefore, in this study, the
training and testing data are divided in an 80:20 ratio, respectively comprising 130 initial observations (80%
of the data) and the last 24 observations (20% of the data). Coal price data sourced from Direktorat Jenderal
Mineral dan Batubara are provided at monthly intervals [1]. To create multivariate data, a new variable is
formed by including each price up to 12 months prior.

3.2. Traditional Forecasting Methods
3.2.1. Moving Average

One of the most well-known traditional forecasting methods is the Moving Average (MA). A
moving average is obtained by summing and averaging values over a certain number of periods, then
replacing the oldest value with a new one. MA forecasting is a systematic method for analyzing time series.
MA is widely used to extract or reduce uncertainty in time series [22]. The equation form of the MA model is
as follows [23].

Y+ Y g+ 4 Y miq
Yigr = (1)

m

where Y, is the forecasted value for the next period, Y, is the actual value in period ¢, and m is the number
of periods for forecasting.
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3.2.2. Exponential Smoothing

The exponential smoothing (ES) method is characterized by an exponential decrease in the weight
of the previous observation value. This model forecasts by exponentially averaging past values of a time
series data. ES provides an estimate of future demand as a final level. This forecasting method assigns
weighted values to a series of previous observations to predict future values [24]. The equation form of the
ES model is as follows [23].

Yo=Y 1+ a4 - Y q) 2

where Y, is the forecasted value in period t, Y,_, is the forecasted value one period before t, 4,_; is the
actual value one period before t, and « is the constant value of alpha smoothing.

3.3.  Machine Learning-Based Forecasting Methods
3.3.1. Elastic Net

The Elastic Net (EN) is a forecasting model that combines ridge and Least Absolute Shrinkage and
Selection Operator (LASSO) regression techniques. Ridge regression is a modification of the Ordinary Least
Squares (OLS) method that reduces bias. LASSO is a shrinkage method, similar to ridge regression, used to
address multicollinearity issues. EN operates similarly to LASSO, performing variable selection and
coefficient shrinkage [25].

3.3.2. Support Vector Machine

Support Vector Machine (SVM) employs a nonlinear mapping technique to project input prototypes
onto optimal separation boundaries within a high-dimensional feature space. SVM identifies the optimal
separation hyperplane by maximizing the distance between separable classes. It can handle nonlinear data
through the kernel function, where the kernel function maps the initial data set dimensions from a lower to a
higher dimension [26][31]. The equation representing the SVM model is as follows [23]

fO)=wTe() +b ®)

where x is the input vector, W represents the weight parameter, @ (x) denotes the basis function, and b is the
bias term.

3.3.3. Neural Network

A Neural Network (NN) is an imitation of neurons in the form of a complex nonlinear model,
developed with characteristics similar to regression models. Each neuron is connected to other neurons by a
connection link, represented by a weight. Each neuron uses an activation function on the net input to
determine the predicted output. The neurons in NN are organized into groups called layers [27]. The equation
form of the NN model is as follows [28]

YV=f(i-1 Y —-2..Y, —pw) +e (4)
where W is a vector of all parameters, and f is a function of the network structure and connection weights.

3.4. Proposed Model

[29] introduced the stacking technique for forecasting, an ensemble-based machine learning
algorithm that entails training multiple models and amalgamating their outcomes through a metamodel to
produce new predictions. Constructing a stacking-based model necessitates two components: a base model
and a metamodel to amalgamate the outcomes. The framework structure of our proposed model is depicted in
Figure 2. The initial phase of this research comprised several steps. The steps are detailed as follows:

1. Coal price data for the period January 2009 to October 2021 was collected. The data set was
compiled by including each actual price and its values up to 12 months back. The data set was then
divided into a training set (80%) and a test set (20%) for forecasting.

2. Traditional models (MA and ES) and machine learning models (EN, SVM, and NN) were applied to
the first 130 data points (80% of the data) and the last 24 data points (20% of the data), respectively.
The forecast from all the models we utilized earlier have been gathered.

4. The prediction results obtained from each model were used as new variables to produce additional
predictions and appraise the performance metrics with the proposed model.

5. A stacking-based model was built using metamodel, integrating the predictions from past models
like EN, SVM, and NN.

w
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6. The forecasting results from each model were compared to evaluate using root mean square error
(RMSE) and mean absolute percentage error (MAPE) to assess the performance concerning the case
study, which is the forecasting of Indonesian coal prices.

Data Collection
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Figure 2. The framework of the proposed model

4. RESULTS
4.1. Case Study

This research focuses on forecasting coal prices in Indonesia, necessitating the collection of
reference data on coal prices to derive prediction results. The objective is to forecast coal prices using various
models, comparing them based on RMSE and MAPE values, and determining the most effective forecasting
model among several. The data utilized comprises secondary data, specifically the price of coal in Indonesia
over the past 10 years (January 2009 — October 2021), sourced from Direktorat Jenderal Mineral dan
Batubara [1]. A total of 154 records and 15 different variables were collected.

4.2. Data

The data used in this study consists of 154 months of observations of the Indonesian coal prices in
USD/ton from January 2009 to October 2021. The entire observational data set is then divided into training
and testing sets. [21] emphasizes the importance of dividing data into training and testing sets for estimating
and evaluating the accuracy of forecasting models. Generally, the test set size is 20% of the total available
data. Therefore, in this study, the training and testing data are divided in an 80:20 ratio, comprising the first
130 data points (80% of the data) and the last 24 data points (20% of the data), respectively.
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The coal price data, sourced from Direktorat Jenderal Mineral dan Batubara [1], is provided with
monthly intervals. To convert it into multivariate data, a new variable is formed by including each price up to
12 months prior. The attributes of the data set formed in this study are as follows.

Table 1. The variables used in this study

No. Name Type Description
1 period Input Numeric: time period
2 month Input Nominal: 1 - January, 2 - February, up to, 12 - December
3 price_prev_1 Input Numeric: price of month 1
4 price_prev_2 Input Numeric: price of month 2
5 price_prev_3 Input Numeric: price of month 3
6 price_prev_4 Input Numeric: price of month 4
7 price_prev_5 Input Numeric: price of month 5
8 price_prev_6 Input Numeric: price of month 6
9 price_prev_7 Input Numeric: price of month 7
10 price_prev_8 Input Numeric: price of month 8
11 price_prev_9 Input Numeric: price of month 9
12 price_prev_10 Input Numeric: price of month 10
13 price_prev_11 Input Numeric: price of month 11
14 price_prev_12 Input Numeric: price of month 12
15 price Output Numeric: current coal price

4.3. Performance Metrics
4.3.1. Root Mean Square Error

In forecasting, the performance evaluation of forecasting models typically utilizes the root mean
square error (RMSE). RMSE has been employed in various recent studies, demonstrating its effectiveness in
achieving accurate forecasts [5,9,30]. RMSE represents the average value of the squared errors, indicating the
deviation of predicted values from observations. A lower RMSE value indicates that the predicted values
closely match the actual values. RMSE can be formulated as follows:

RMSE = -3, (V' - ¥;)? (5)

with N being the number of data points, while Y’; and Y; representing the predicted and actual values,
respectively.

4.3.2. Mean Absolute Percentage Error

Mean absolute percentage error (MAPE) is commonly used in evaluating the performance of
forecasting models. As a performance metric that can provide information on the percentage error rate in
forecasting, it forms the basis of various studies conducted in recent years, especially those related to energy
commodity price forecasting [8,9,30]. MAPE measures the level of forecasting error in percentage terms. The
lower the MAPE value, the closer the variation in the predicted value to the variation in the actual value.
MAPE can be formulated as follows:

MAPE = 13, |%| (6)

where N is the number of data points, while Y’; and Y; are the predicted and actual values, respectively.

4.4. Performance Comparison

Following forecasting with the predetermined model, the subsequent step involves assessing its
performance through graphical visualization to offer a comprehensive overview of the results. This process
entails comparing seven forecasting models to ascertain the most effective one for addressing the studied
problem. The forecasting outcomes spanning 24 periods (2 years) are outlined in Table 2.

Table 2. Actual vs. forecasted coal prices for the last 24 months (testing data) across
different methods (USD/ton)

Month Actual MA ES EN SVM NN PM
1 66.27 65.29 64.80 63.83 72.08 64.05 66.24
2 66.3 65.53 66.26 66.41 71.24 65.71 68.37
3 65.93 66.28 66.30 66.40 74.75 66.37 68.79
4 66.89 66.11 65.93 64.45 69.77 63.56 66.40
5 67.08 66.41 66.88 67.34 74.61 66.76 69.53
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Month Actual MA ES EN SVM NN PM
6 65.77 66.98 67.08 62.10 70.70 61.55 64.82
7 61.11 66.42 65.78 62.84 71.68 62.64 65.37
8 52.98 63.44 61.16 59.16 63.45 59.28 60.86
9 52.16 57.04 53.06 51.98 56.83 54.29 53.74
10 50.34 52.57 52.17 51.72 56.62 54.40 54.04
11 49.42 51.25 50.36 51.14 55.33 54.26 53.27
12 51 49.88 49.43 50.11 54.89 53.30 52.37
13 55.71 50.21 50.98 51.65 56.34 54.62 54.07
14 59.65 53.35 55.66 58.83 63.49 59.98 60.95
15 75.84 57.68 59.61 60.76 65.83 60.58 62.80
16 87.79 67.74 75.68 77.56 85.71 76.86 81.04
17 84.47 81.81 87.67 89.52 94.98 88.24 92.59
18 86.68 86.13 84.50 79.74 87.85 77.59 82.19
19 89.74 85.57 86.66 83.36 89.67 81.70 86.09

20 100.33 88.21 89.71 91.41 96.60 91.59 94.22
21 115.35 95.03 100.22 101.26 107.85 100.37 104.83
22 130.99 107.84 115.20 115.70 12221 114.70 119.99
23 150.03 123.17 130.83 132.41 139.90 126.77 136.02
24 161.63 140.51 149.84 151.16 159.91 134.07 152.84

After completing the forecasting process, the performance metrics for each model are assessed.
Table 3 outlines these performance metrics for each forecasting model, while Figure 3 visually represents the
RMSE and MAPE values for each forecasting model, organized from largest to the smallest error rates.

Table 3. Performance comparison across different methods on the testing set

Method RMSE MAPE
Moving average (MA) 11.66 8.7%
Exponential smoothing (ES) 8.35 6.5%
Elastic net (EN) 7.82 6.46%
Support vecto machine (SVM) 6.59 8.02%
Neural network (NN) 10.22 7.63%
Proposed model (PM) 6.44 5.97%

Table 3 displays the categorized forecasting models, showcasing each obtained performance metric
value. The table compares six different forecasting methods based on two metrics: RMSE and MAPE. The
methods listed are MA, ES, EN, SVM, NN, and our proposed model. For each method, there are
corresponding RMSE and MAPE values. The RMSE values range from 6.44 to 11.66, while the MAPE
values range from 5.97% to 8.7%. The lowest RMSE is for our proposed model at 6.44, and it also has the
lowest MAPE at 5.97%, indicating it may be the most accurate forecasting method among those listed in this
context. Consequently, visualizing these performance metric values through a bar chart sorted from largest to
smallest is imperative. The RMSE and MAPE graphs for the models are depicted in Figure 3.
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Figure 3. Performance comparison across different methods on the testing set, visualized with a bar chart

Figure 3 illustrates that the traditional model with the largest RMSE is MA, at 11.66, while ES has
the smallest error value, at 8.35. In machine learning models, NN exhibits the largest error value of 10.22,
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while SVM has the smallest error value, at 6.59. For our proposed model, the RMSE value is 6.44. By
comparing all existing forecasting models, it is evident that the largest error value belongs to MA, while the
smallest error value is associated with our proposed model.

The performance metric values of each forecasting model used have been presented. It is evident
that the best performance among the traditional models is achieved by ES. In contrast, for the machine
learning models, prioritizing the RMSE value as the best tool for displaying deviation and fully describing
the error distribution of the forecasting model, the best performance is observed with SVM. Figure 3 shows
that the smallest value and percentage error are in our proposed model. Then, our proposed model, with
RMSE and MAPE values of 6.44 and 5.97%, respectively, is the best-performing forecasting model and can
be used as an alternative in forecasting coal prices.

Lastly, a visualization in the form of a graph is necessary, displaying the actual data of coal prices
combined with forecasting results from the best-performing traditional model (ES), the best-performing
machine learning model (SVM), and our proposed model. The graph depicting actual coal price data and
forecasting results is presented in Figure 4.

Forecasting

Harga (UsD/tan]

25 7 g 61 73 85 97 o] 121 133 145
Periode

Figure 4. Actual vs. forecasted coal prices for the last 24 months (testing data) across different methods
(USD/ ton), visualized with a line chart

Based on figure 4, it is evident that our proposed model provides predictive results that most closely
aligned with the actual values compared to traditional and machine learning models. This is indicated by the
smaller RMSE and MAPE values of our proposed model.

4.5. DISCUSSION

Traditional forecasting methods are classic but still widely used today due to their simplicity and
low data requirements. These methods are easy to implement and interpret, making them accessible for many
practitioners. They perform well with short-term forecasts and small data sets but struggle with capturing
complex patterns and relationships, leading to lower accuracy in dynamic and intricate environments. In
contrast, the complexity of today’s data has made machine learning more frequently relied upon due to its
ability to handle complex and extensive data sets with higher accuracy. Machine learning models are adept at
identifying intricate patterns and interactions within large data sets and can adapt to various types of data,
significantly improving prediction accuracy. However, machine learning methods are data-exhaustive,
requiring a large number of observation points, making them unsuitable when data availability is limited.
They also tend to be more complex and computationally intensive, requiring substantial expertise and
resources to develop and maintain. This limitation makes machine learning impractical for certain
applications where data is scarce or where simplicity and ease of use are paramount.

The results have been shown that the proposed model performed better than all traditional and
machine learning models used for comparison. By balancing the strengths of both approaches, the proposed
model, which integrates traditional and machine learning methods, offers a promising solution. It leverages
the simplicity and interpretability of traditional models while enhancing accuracy with the capabilities of
machine learning. However, this level of accuracy comes at a cost, as the proposed model is not the most
efficient and requires greater computational power than standard traditional or machine learning models.
Therefore, we suggest that the proposed model is particularly promising for practitioners when accuracy is
the top priority and data requirements are met.
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5. CONCLUSION

In this study, we explored a new forecasting concept by combining the results from traditional
models and machine learning techniques. Traditional forecasting methods are appreciated for their
straightforwardness and minimal data needs, whereas machine learning is trusted for its capability to manage
intricate and extensive data sets with heightened accuracy. By merging the strengths of both methods, the
proposed model, which integrates traditional and machine learning approaches, provides a compelling
solution. It utilizes the simplicity and clarity of traditional models while boosting accuracy through machine
learning capabilities. Our findings indicate that the proposed model is the best-performing forecasting model,
with RMSE and MAPE values of 6.44 and 5.97%, respectively. An RMSE value of 6.44 shows that our
proposed model provides the closest forecasting of actual coal prices, while a MAPE value of 5.97% suggests
that it can mimic 94.03% of the actual price movement. Therefore, we conclude that our proposed model can
serve as an effective alternative for forecasting coal prices.

In this research, we assessed the performance of traditional, machine learning, and proposed model
in forecasting coal price in Indonesia. However, our analysis was limited to predicting coal prices without
considering additional variables such as government export-import policies, coal supply and demand
dynamics, and fluctuations in the stock market. Future research should incorporate these factors to provide
deeper insights into coal price forecasting. Additionally, exploring newer machine learning models could
improve predictive accuracy. Furthermore, as mentioned previously, achieving this level of accuracy comes
with a trade-off, as the proposed model is less efficient and requires greater computational resources
compared to standard traditional or machine learning models. The exhaustive nature of our approach has
resulted in reduced efficiency relative to conventional methods. Hence, exploring alternative frameworks that
can integrate traditional and machine learning more effectively presents a promising direction for future
research.

FUNDING
This research did not receive any specific grant from any funding agency in the public, commercial,
or not-for-profit sectors.

REFERENCES

[1] Kementerian Energi dan Sumber Daya Mineral Republik Indonesia. Laporan Kinerja Ditjen Minerba 2021.
2022. https://www.minerba.esdm.go.id/upload/file_menu/20220531113438.pdf.

[2] Endri E, Utama AP, Aminudin A, Effendi MS, Santoso B, Bahiramsyah A. Coal price and profitability:
evidence of coal mining companies in Indonesia. Int J Energy Econ Policy. 2021;11:363-8.
https://doi.org/10.32479/1JEEP.11503.

[3] Zheng Y, Yuan K, Dai L. Research on coal price forecast based on ARIMA and SVM combination model. E3S
Web Conf. 2021;257. https://doi.org/10.1051/E3SCONF/202125702008.

[4] Deb C, Zhang F, Yang J, Lee SE, Shah KW. A review on time series forecasting techniques for building energy
consumption. Renew Sustain Energy Rev. 2017;74:902-24. https://doi.org/10.1016/J.RSER.2017.02.085.

[5] Alameer Z, Fathalla A, Li K, Ye H, Jianhua Z. Multistep-ahead forecasting of coal prices using a hybrid deep
learning model. Resour Policy. 2020;65. https://doi.org/10.1016/J.RESOURPOL.2020.101588.

[6] Gao L, Wang G. Research on the improved neural network of coal price forecast based on co-integration theory.
I0OP Conf Ser Earth Environ Sci. 2021;769. https://doi.org/10.1088/1755-1315/769/4/042028.

[71 Pan S. Coal price prediction based on LSTM. IOP Conf Ser Earth Environ Sci. 2021;1802.
https://doi.org/10.1088/1742-6596/1802/4/042055.

[8] Cui R, Gallino S, Moreno A, Zhang DJ. The operational value of social media information. Prod Oper Manag.
2018;27:1749-69. https://doi.org/10.1111/POMS.12707.

[9] Herrera GP, Constantino M, Tabak BM, Pistori H, Su JJ, Naranpanawa A. Long-term forecast of energy
commodities price using machine learning. Energy. 2019;179:214-21.
https://doi.org/10.1016/J.ENERGY.2019.04.077.

[10] Rybak A, Manowska A. The forecast of coal sales taking the factors influencing the demand for hard coal into
account. Miner Resour Manag. 2019;35:129-40. https://doi.org/10.24425/GSM.2019.128203.

[11] Brahmam AG. Factors influencing on coal price and development of a pricing model for indian coal. Int J Innov
Technol Explor Eng. 2020;9:1885-9. https://doi.org/10.35940/1JITEE.D1652.019320.

[12] Qiao J, Jia X. Multivariate time series analysis of china coal price index. Stat Appl. 2020;09:696-704.
https://doi.org/10.12677/SA.2020.94072.

[13] Jiang S, Yang C, Guo J, Ding Z. ARIMA forecasting of China’s coal consumption, price and investment by
2030. Energy  Sources, Part B: Economics, Planning, and Policy. 2018;13:190-5.
https://doi.org/10.1080/15567249.2017.1423413.

[14] Perone G. An ARIMA model to forecast the spread and the final size of COVID-2019 epidemic in Italy. SSRN
Electron J. 2020. https://doi.org/10.2139/SSRN.3564865.

[15] Bhattacharya D, Dash A, Dhakre DS. Forecasting of food grain production in Odisha by fitting ARIMA model.
J Pharmacogn Phytochem. 2017;6:1126-32.

IJAIDM Vol. 7, No. 2, September 2024: 436 — 446



IJAIDM p-1SSN: 2614-3372 | e-ISSN: 2614-6150 a 445

[16]

[17]

(18]

[19]

[20]

[21]
[22]
(23]
[24]
[25]
[26]
[27]

(28]

[29]
[30]

[31]

Seong B. Smoothing and forecasting mixed-frequency time series with vector exponential smoothing models.
Econ Model 2020;91:463-8. https://doi.org/10.1016/J.ECONMOD.2020.06.020.

Sohrabi P, Jodeiri Shokri B, Dehghani H. Predicting coal price using time series methods and combination of
radial basis function (RBF) neural network with time series. Miner Econ. 2023;36:207-16.
https://doi.org/10.1007/S13563-021-00286-Z.

James SC, Zhang Y, O’Donncha F. A machine learning framework to forecast wave conditions. Coast Eng.
2017;137:1-10. https://doi.org/10.48550/arxiv.1709.08725.

Zarei M, Bozorg-Haddad O, Baghban S, Delpasand M, Goharian E, Loaiciga HA. Machine-learning algorithms
for forecast-informed reservoir operation (FIRO) to reduce flood damages. Sci Rep. 2021;11.
https://doi.org/10.1038/S41598-021-03699-6.

Aguilar-Dominguez D, Ejeh J, Dunbar ADF, Brown SF. Machine learning approach for electric vehicle
availability =~ forecast to  provide vehicle-to-home  services. Energy  Rep.  2021;7:71-80.
https://doi.org/10.1016/J.EGYR.2021.02.053.

Hyndman R, Athanasopoulos G. Forecasting: principles and practice (3rd ed.). OText. 2018.
https://otexts.com/fpp3/. Accessed June 19, 2022.

Huang JZ, Huang Z. Testing moving average trading strategies on ETFs. J Empir Financ. 2020;57:16-32.
https://doi.org/10.1016/J.JEMPFIN.2019.10.002.

James, G., Witten, D., Hastie, T., Tibshirani R. An introduction to statistical learning - with applications in R.
Springer Science & Business Media. 2013:244-51.

Goodwin P. Profit from your forecasting software: A best practice guide for sales forecasters (1st ed.). New
York: John Wiley & Sons; 2018.

Kutner MH, Neter J, Nachtsheim CJ, Li W. Applied linear statistical models (5th ed.). Boston: McGraw - Hill
Irwin; 2004.

Abbas AK, Al-Haideri NA, Bashikh AA. Implementing artificial neural networks and support vector machines
to predict lost circulation. Egypt J Pet 2019;28:339-47. https://doi.org/10.1016/J.EJPE.2019.06.006.

Fausett L V. Fundamentals of neural networks: architectures, algorithms and applications. New Jersey: Prentice
Hall; 2017.

Zou HF, Xia GP, Yang FT, Wang HY. An investigation and comparison of artificial neural network and time
series  models for  Chinese  food grain  price  forecasting. = Neuro.  2007;70:2913-23.
https://doi.org/10.1016/J.NEUCOM.2007.01.009.

Wolpert DH. Stacked generalization. Neural Netw. 1992;5:241-59. https://doi.org/10.1016/S0893-
6080(05)80023-1.

Chai J, Xing LM, Zhou XY, Zhang ZG, Li JX. Forecasting the WTI crude oil price by a hybrid-refined method.
Energy Econ. 2018;71:114-27. https://doi.org/10.1016/J.ENEC0.2018.02.004.

N. W. Azani, C. P. Trisya, L. M. Sari, H. Handayani, and M. R. M. Alhamid, “Performance Comparison of
ARIMA, LSTM and SVM Models for Electric Energy Consumption Analysis,” Public Research Journal of
Engineering, Data Technology and Computer Science, vol. 1, no. 2, Feb. 2024, doi:
10.57152/predatecs.v1i2.869.

BIBLIOGRAPHY OF AUTHORS

Alvin Muhammad ‘Ainul Yaqin is an assistant professor at the Department of Industrial Engineering,
Institut Teknologi Kalimantan, Balikpapan, Indonesia. He is the research director of the Systems
Modeling and Optimization Research Group, Department of Industrial Engineering, Institut Teknologi
Kalimantan, Balikpapan, Indonesia. He is a member of the Institute for Operations Research and the
Management Sciences (INFORMS), Catonsville, USA. He also serves as a board member of the
Badan Kerjasama Penyelenggara Pendidikan Tinggi Teknik Industri Indonesia Pusat (BKSTI Pusat),
Surabaya, Indonesia. He received a BEng in industrial engineering from Universitas Brawijaya,
Malang, Indonesia; an MEng in industrial engineering from Institut Teknologi Sepuluh Nopember,
Surabaya, Indonesia; and an MBA in industrial management from National Taiwan University of
Science and Technology, Taipei, Taiwan. His research interests include the application of
mathematical programming, predictive modeling, structural equation modeling, multi-criteria decision
analysis, and simulation for solving problems related to sustainable development goals, among many
others.

Rafisal Hamdi is a management trainee at PT Eka Dharma Jaya Sakti, a heavy-duty truck distributor
and service company based in Balikpapan, Indonesia. Prior to his current career, he was a research
assistant at the Systems Modeling and Optimization Research Group, Department of Industrial
Engineering, Institut Teknologi Kalimantan, Balikpapan, Indonesia. He received a BEng in industrial
engineering from Institut Teknologi Kalimantan, Balikpapan, Indonesia. His past research interests
include the application of machine learning in energy forecasting, among many others.

A Hybrid Traditional and Machine Learning-Based... (Yaqin et al.)



446

a

p-ISSN: 2614-3372 | e-ISSN: 2614-6150

Muhamad Imron Zamzani is an assistant professor at the Department of Industrial Engineering, Institut
Teknologi Kalimantan, Balikpapan, Indonesia. He received a BEng in petroleum engineering from
Universitas Pembangunan Nasional “Veteran” Yogyakarta, Yogyakarta, Indonesia; and an MEng in
industrial engineering from Universitas Islam Indonesia, Yogyakarta, Indonesia. His research interests
include the application of management and economics in industrial engineering, among many others.

Christopher Davito Prabandewa Hertadi is an assistant professor at the Department of Industrial
Engineering, Institut Teknologi Kalimantan, Balikpapan, Indonesia. He received a BSc in mathematics
from Universitas Airlangga, Surabaya Indonesia; and an MEng in industrial engineering from Institut
Teknologi Sepuluh Nopember, Surabaya, Indonesia. His research interests include the application of
operations research and analytics in industrial engineering, among many others.

Hilwa Dwi Putri Nabiha is a third-year undergraduate student at the Department of Industrial
Engineering, Institut Teknologi Kalimantan, Balikpapan, Indonesia. She is a research assistant at the
Systems Modeling and Optimization Research Group, Department of Industrial Engineering, Institut
Teknologi Kalimantan, Balikpapan, Indonesia. Her research interests include the application of
analytical approaches for solving problems related to sustainable development goals, among many
others.

IJAIDM Vol. 7, No. 2, September 2024: 436 — 446



