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Abstract

Natural gas, a key low-emission energy source with significant strategic value in modern
energy systems, necessitates accurate forecasting of its market price to ensure effective
policy planning and economic stability. This paper proposes an ensemble framework to
enhance natural gas price forecasting accuracy across multiple temporal scales (weekly and
monthly) by constructing hybrid models and exploring diverse ensemble strategies, while
balancing model complexity and computational efficiency. For weekly data, an Autore-
gressive Integrated Moving Average (ARIMA) model optimized via 5-fold cross-validation
captures linear patterns, while the Long Short-Term Memory (LSTM) network captures
nonlinear dependencies in the residual component after seasonal and trend decomposition
based on LOESS (STL). For monthly data, the superior-performing model (ARIMA or
SARIMA) is integrated with LSTM to address seasonality and trend characteristics. To
further improve forecasting performance, three diverse ensemble techniques including
stacking, bagging, and weighted averaging are individually implemented to synthesize the
predictions of the two baseline models. The bagging ensemble method slightly outperforms
other models on both weekly and monthly data, achieving MAPE, MAE, RMSE, and R?
values of 9.60%, 0.3865, 0.5780, and 0.8287 for the weekly data, and 11.43%, 0.5302, 0.6944,
and 0.7813 for the monthly data, respectively. The accurate forecasting of natural gas prices
is critical for energy market stability and the realization of sustainable development goals.

Keywords: natural gas price; ARIMA; SARIMA; LSTM; ensemble model

1. Introduction

As a low-emission energy source, natural gas serves as a pivotal component in global
energy systems and has become a crucial choice for the energy transition in numerous
countries. It is well known that the prediction of natural gas can facilitate effective policy
formulation by governments, ensure secure energy supply to humans, and optimize invest-
ment returns on energy projects, thereby supporting sustainable development. However,
natural gas prices are subject to significant volatility due to geopolitical tensions, supply
disruptions, and fluctuating demand, posing challenges for both market participants and
policymakers. From a macroeconomic perspective, persistent price increases in natural
gas can trigger cost—push inflation dynamics, where rising input costs propagate through
production chains and contribute to broader price-level pressures [1,2]. At the same time,
the efficiency of energy markets, in which prices are expected to reflect all publicly available
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information, imposes inherent limits on predictability, consistent with the semi-strong form
of the Efficient Market Hypothesis [3]. In recent years, the application of natural gas has
expanded significantly across various sectors, including power generation, petroleum,
and transportation. Driven by the global transition away from coal and the increasing
adoption of natural gas as a low-emission energy source, the accurate forecasting of natural
gas prices has emerged as a vital concern across energy markets, industrial operations,
and policy planning [4].

Owing to the criticality of natural gas price forecasting, some work has studied how
to predict commodity prices through different models. For example, Li and Kong [5]
constructed the ARIMA, the SARIMA, and the ARIMA-GARCH models to predict natural
gas prices. The corresponding shows that SARIMA is the best model for time series data
with the seasonal effect and trend effect. Moreover, Su et al. [6] conducted predictive
modeling of natural gas prices using four individual machine learning methods, and eval-
uated their forecasting performance separately. Bilgili and Pinar [7] employed a LSTM
network to forecast gross energy consumption (GEC) in Turkey and compared its perfor-
mance with the SARIMA model, with results indicating that the LSTM model generally
outperforms SARIMA. For forecasting liquefied natural gas prices, Kim et al. [8] compared
simple recurrent neural networks, LSTM network, and the gated recurrent unit model.
The LSTM network demonstrates superior performance in modeling nonlinear and volatile
time series by efficiently capturing long-term dependencies and mitigating the vanishing
gradient issue.

The aforementioned works focus mainly on individual models such as ARIMA,
SARIMA, and LSTM to compare their predictive performance. Nevertheless, ensemble
models are capable of combining the strengths of various individual models. More recently,
this issue has received much attention. He et al. [9] proposed a novel hybrid framework
that integrates the SARIMA with model with a Convolutional Neural Network (CNN)
and LSTM network, for high-frequency tourism demand forecasting. The model lever-
ages SARIMA to extract linear components, CNN to capture hierarchical data structures,
and LSTM to model long-term temporal dependencies. Parasyris et al. [10] evaluated the
efficacy of SARIMA, LSTM, and hybrid models in forecasting meteorological variables for a
two-day weather prediction in Greece, revealing that hybrid methodologies outperformed
others for temperature and wind speed. Moreover, Peirano et al. [11] proposed a hybrid
SARIMA-LSTM framework designed to robustly capture linear and nonlinear temporal
dependencies in inflation rate forecasting for five emerging economies in Latin America,
demonstrating superior predictive accuracy compared to standalone models and other
combined approaches. Tahyudin et al. [12] demonstrated that the hybrid SARIMA-LSTM
framework significantly enhances forecasting accuracy for US COVID-19 case predictions,
with reduced RMSE and MAE compared to individual SARIMA and LSTM models. Yu and
Song [13] developed a multi-stage hybrid model (VMD-GRU-AE-MLP-RF) that combines
decomposition, correlation-based feature grouping, group-specific deep learning networks,
and ensemble integration through random forest to enhance natural gas price forecasting
performance. However, few existing studies have systematically compared the impact of
different ensemble methods on forecasting performance.

However, despite the proliferation of hybrid and decomposition-based models, most
adopt fixed integration mechanisms without systematic evaluation of alternative ensemble
strategies. To illustrate the landscape and limitations of recent studies, Table 1 summarizes
representative works in natural gas price forecasting.

As summarized in Table 1, an increasing number of studies have adopted hybrid and
data-driven approaches for natural gas price forecasting. However, several key limita-
tions remain in the existing literature. For instance, many models rely on fixed ensemble
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strategies. Deep learning models such as LSTM have demonstrated strong performance
but often suffer from overfitting and high computational complexity. In contrast, traditional
statistical models are constrained by linear assumptions and are therefore unable to capture
nonlinear dynamics inherent in time series data.

Table 1. Reference methodologies.

Reference Number Methodologies

[14] GA-optimized VMD-LSTM hybrid model for
decomposition-based forecasting

[15] STL-VMD-BiLSTM for enhanced wind speed forecasting

VMD-FMM-Transformer for natural gas forecasting in

(o] non-seasonal regions
[17] Attention-based LSTM with dynamic window and GA optimization for
production forecasting
[18] SOA-optimized GRU with EEMD and sentiment analysis for crude oil
price forecasting
[19] A MSGWO optimized ELM with EEMD for natural gas price forecasting

To overcome these challenges, some works have investigated various ensemble ap-
proaches to integrating individual models, such as stacking ensemble methods, bagging
methods, and weighted average methods. For example, Abdellatif et al. [20] proposed a
stacking ensemble learning model to forecast day-ahead PV power. In addition, Nguyen
and Byeon [21] employed a stacking ensemble model utilizing logistic regression (LR) as
the meta-classifier to enhance predictive performance, combined with five base learners
to improve the early detection of depression in Parkinson’s disease patients. Li et al. [22]
employed four machine learning models as base learners, and logistic regression was
adopted as the meta-learner to construct a stacking ensemble model for predicting regional
CO, concentrations. This hybrid model demonstrated high accuracy and reliability in
the forecasting task. Duan et al. [23] improved SVR performance through the complete
ensemble empirical mode decomposition with adaptive noise (CEEMDAN) preprocessing
and the bagging ensemble. Moreover, Adnan et al. [24] integrated the Locally Weighted
Learning (LWL) algorithm with the bagging ensemble technique to forecast streamflow
in the Jhelum Basin, Pakistan, while Wang et al. [25] presented an ensemble model which
combines three individual models using a weighted approach to forecast natural gas prices.
Shashvat et al. [26] introduced a weighted averaging framework for forecasting infectious
disease incidence rates, such as typhoid fever, and evaluated its performance against
conventional predictive models through comparative analysis.

To facilitate a more intuitive comparison of ensemble methods, Table 2 summarizes
recent studies with respect to different integration approaches.

Table 2. Reference ensemble methods.

Reference Number Ensemble Methods
[27] CEEMD with PSO-SVM and MS-GARCH for final prediction
[28] Stacking ensemble with Lasso regression for short-term load forecasting
[29] EEMD-EELM decomposition-ensemble for crude oil price forecasting

Improved stacking with walk-forward validation for carbon

(301 price forecasting

As shown in Table 2, ensemble learning is increasingly applied in forecasting methods.
However, most studies have focused on a single integration strategy and lack a unified
comparative evaluation.
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To better assess the contribution of forecasting models to sustainability, this study
reviews and compares the temporal scale choices adopted by previous researchers in energy
forecasting, with a systematic summary provided in Table 3.

Table 3. Reference time scale.

Reference Number Time Scale

[31] Daily

[32] Weekly

[33] Daily

[34] Monthly

[35] Daily

[36] Monthly

[13] Split the monthly data into daily data

As illustrated in Table 3, most existing research is confined to a single time scale or split
high-frequency data into a lower temporal resolution, with limited systematic assessment
of forecasting performance across temporal resolutions. However, this paper addresses
this gap through a comparative analysis on two time scales such as weekly and monthly
natural gas price predictions.

Based on the aforementioned studies, it is evident that relying solely on a single
model, a single integration approach, or considering only one time scale may entail certain
limitations. To address these limitations, this paper investigates natural gas price fore-
casting accuracy across two distinct time scales by constructing multiple hybrid models
and exploring various ensemble strategies. Firstly, the model is constructed using two
distinct temporal scales such as weekly and monthly data. The natural gas price series
are decomposed via the STL method into interpretable trend, seasonal trend, and residual
trend. Considering the trade-off between model complexity and predictive accuracy, for the
weekly data, a 5-fold cross-validation procedure is applied to fit an ARIMA model to
capture linear patterns in the time series, while an LSTM network is employed to model
temporal dependencies and uncover potential nonlinear dynamics within the residual
component. For the monthly data, 5-fold cross-validation is similarly used to fit both
ARIMA and SARIMA models to the linear component, and their forecasting performance
results are compared based on error metrics; the superior model is selected for subsequent
ensemble integration. Concurrently, the LSTM network is applied to extract nonlinear
features from the residual series. Finally, to explore the optimal strategy for enhancing
predictive performance, this study conducts a comprehensive comparison of three ensem-
ble methods: stacking, bagging, and weighted averaging. The primary objective is to
identify the most effective integration approach under different temporal scales, thereby
optimizing the synergy between the statistical (ARIMA or SARIMA) and deep learning
(LSTM) components.

The subsequent sections are arranged as follows. In Section 2, some definitions of
the ARIMA, SARIMA model, and LSTM network are given, and the evaluation metrics
for forecasting performance are introduced briefly. Section 3 illustrates three ensemble
methods such as stacked ensemble, bagging ensemble, and weighted average ensemble
and describes the construction of ARIMA, SARIMA, and LSTM models, as well as their
ensemble counterparts, at two temporal scales for natural gas price forecasting. Finally,
a short discussion and conclusion is given in Section 4.
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2. Methodology

This section provides an overview of the ARIMA, SARIMA model, and LSTM network.
Then, we shall present different evaluation indicators in order to assess the predictive
accuracy of models.

2.1. ARIMA

Stationarity is a fundamental assumption in time series, which serves as a prerequisite
for statistical inference and parameter estimation. The ARMA model is typically used for
modeling and forecasting when the data are stationary. For ARMA(p, q), we have

Ye=¢o+ Py 1+ +Ppyr—p +er — 0181 — - — ey, (1)

where y; denotes the response variable at time t € T, ¢y represents the intercept term,
the autoregressive parameters ¢;(i = 1,2, - - , p) quantify the linear dependence between
the current observation and its preceding p lagged observations, ¢; is the white noise, and
0;(j =1,2,---,q) stands for the moving average parameters that can reflect the impact of
past errors on the current observation. Furthermore, Model (1) can be expressed as

¢p(L)xr = Og(L)ey,

where the p-order autoregressive coefficient polynomial ®,(L) = 1 — Zle ¢;:Li, the g-
order moving average coefficient polynomial ©4(L) =1 — Z?:l 6;L!, and L represents the
lag operator.

Box and Jenkins [37] proposed the ARIMA model which is a widely recognized statis-
tical forecasting technique that addresses non-stationarity in time series data by applying
d-order differencing to achieve stationarity prior to parameter estimation. The ARIMA
model is given by

¢p(L)Ax; = ©4(L)ey, )
where the differentiating operator V¢ = (1 — L)?. Thus, we denote model (2) as
ARIMA(p,d, q).
2.2. SARIMA

In practice, time series often exhibit significant seasonal trends, and the SARIMA
model is commonly employed to solve these problems. The SARIMA(p,d,q) x (P,D,Q)s
model takes the form of

0p(L) Ap(L*) Ay, = @y(L)Bo(L*)ey, )

where Ap(L%) = 1— Y2 | A;L% is the seasonal polynomial AR(P), A; denotes the seasonal
autoregressive coefficient corresponding to lag i, Bo(L®) = 1 — Z,'Q:1 B;L% is the seasonal
polynomial MA(Q), B; represents the seasonal moving average parameter at lag i, and
s defines the seasonal period. The operator for seasonal differencing VP = (1 — LS)D
eliminates the seasonal non-stationarity. The modeling procedure follows a systematic
approach, outlined as follows:

Step 1: Determine the optimal SARIMA(p,d,q) x (P, D, Q)s configuration by analyzing
the time series’ statistical properties, such as trend components and seasonal fluctuations.

Step 2: Estimating the unknown model parameters such as p,d, g, P, D, and Q using
maximum likelihood estimation (MLE).

Step 3: Conduct diagnostic checks on the residuals to assess model adequacy, includ-
ing tests for autocorrelation and overall goodness of fit.
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Step 4: Produce predictive forecasts for subsequent time periods through the applica-
tion of the estimated model and the utilization of existing historical data.

Based on the aforementioned theoretical analysis, it is evident that the ARIMA and
SARIMA models exhibit distinct advantages in handling linear and highly seasonal time
series data.

2.3. LSTM

The LSTM proposed by Hochreiter and Schmidhuber [38] can overcome the recurrent
neural network (RNN) shortcoming of the vanishing gradient. According to Qiu [39],
the operations of the LSTM network at time ¢ are formulated as follows.

Step 1: The forget gate activation f; is computed to filter out irrelevant information
from the previous cell state,

fi = U(fot + Ught—1 + bf>, 4)

where ¢ denotes the Logistic sigmoid function, which maps its input to a value within the
interval from 0 to 1, by represents the bias term associated with the forget gate, and the
weight matrices Wy and Uy correspond to the parameters that link the current input x; at
time step ¢ and the previous hidden state ;_; at time step t — 1 to the forget gate activation
ft, respectively.

Step 2: The input gate determines which components of the input vector x; € RM are
retained in the cell state ¢, based on the transformed input k; generated through the gate’s
activation function given by

ki = c(Wixs + Ughy—q + by), ®)

where by denotes the bias parameter associated with the input gate, and the weight matrices
Wy and Uy, are responsible for mapping the current input x; and the prior hidden state h;_; to
the activation of the input gate, respectively. The candidate cell state ¢; can be updated by

¢ = tanh(Wexy + Uchy—1 + be), ©)

where tanh represents the activation function that normalizes the input within the interval
from —1 to 1, b, is the bias term for the candidate cell state, the weight matrices W, and U,
connect the input x; and the previous hidden state h;_;, contributing to the computation of
the candidate cell state, respectively.

Step 3: The update of the cell state ¢; involves the fusion of the candidate memory c;
and the previous memory c;_1, and is formulated as

¢t =fioOc1+kOc,

where the symbol © stands for element-wise multiplication, and @ is the sum of the
elements of the vector.

Step 4: The hidden state /i; is computed in the output gate by combining the output
activation o¢, and the updated cell state c; is given

hy =0; ® tanh(ct)

with
0 = 0(Woxt + Uohy—1 + bo), )



Sustainability 2025, 17, 8514

7 of 21

where b, is the bias term for the output gate, and W, and U, are the weight matrices that
map the current input x; and the previous hidden state h;_; to the output gate output,
respectively.

Thus, model (4)—(7) can be succinctly described as follows:

C~t tanh
(o (% Xt

= W b .
fi o

This intricate design enables the LSTM network to establish longer-distance temporal
dependencies, thereby enhancing its capacity to handle time series data effectively. Fur-
thermore, as illustrated in Figure 1, the recurrent unit structure of LSTM network mainly
consists of the forget gate f;, the input gate k;, and the output gate o;. The memory cell state,
as a core element of the LSTM architecture, persists across the entire sequence and enables
the controlled updating and forgetting of information through the three gating mechanisms.

Forget Input Output
Gate Gate Gate
Cr ) <

R
_/ I
k K\j tanh

q|Wanc? I

\

&)

Figure 1. Recurrent unit structure of an LSTM network.

2.4. Model Evaluation Metrics

To assess the predictive performance of the ensemble SARIMA-LSTM model, four
widely adopted error metrics are employed, such as Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE) and the coefficient of
determination (R?). The MAE quantifies the average absolute deviation between predic-
tions and observations, that is

n

1 R
MAE = = Y |yt — 0/,
ni3

where 1 denotes the total number of observations, and i refers to the predictions.
The RMSE represents the standard deviation of the residuals, indicating the dispersion
of prediction errors relative to the true values is given by

1 n
RMSE = , | = Y (e — )%
ni3



Sustainability 2025, 17, 8514

8 of 21

Meanwhile, MAPE evaluates forecasting performance by representing prediction
errors as a percentage. The MAPE is defined below:

100% |
MAPE = 02/ )

t=1

Yt — Ut
Yt

Among the three evaluation metrics mentioned above, lower values signify superior
model performance. R? quantifies the percentage of variability in y; accounted for by the
model predictions, and is expressed as

R2 1 L=yt — ﬁt)j,
sy —9)

where i denotes the average of the observed data points. R? takes values between 0 and 1,
with larger values suggesting a stronger alignment between the model predictions and the
actual data.

3. Ensemble Model Construction at Two Temporal Scales

In this section, actual data are utilized to construct and evaluate ARIMA, SARIMA,
and LSTM models, as well as their ensemble counterparts, at two temporal scales such as
weekly and monthly for natural gas price forecasting. The primary objective is to compare
their predictive performance and identify the most accurate modeling approach.

3.1. Data Source and Description

The key benchmarks for global natural gas prices that influence price fluctuations
include the Henry Hub in the U.S,, the Title Transfer Facility (TTF) of the Netherlands,
the National Balancing Point (NBP) from the UK, the Japan Canada Cross (JCC) in Japan,
and the Shanghai Energy Exchange (SHEL) in China. Due to the lack of natural gas
price observations during weekends and the increased modeling complexity associated
with high-frequency daily data, both weekly and monthly natural gas price data from
January 1997 to August 2025 were obtained from the Henry Hub trading point (source:
https:/ /www.eia.gov/dnav/ng/hist/rngwhhdM.htm (accessed on 10 August 2025) [40]).
The monthly dataset comprises n = 339 observations, while the weekly dataset contains n
= 1492 observations over the same period. Descriptive statistics for the original price series
at both temporal scales are provided in Table 4.

Table 4. Summary statistics of the original natural gas price data at weekly and monthly temporal scales.

Min Q1 Median Qs Max Mean Std
Weekly Price 1.31 2.58 3.39 5.14 14.41 411 2.16
Monthly Price 1.49 2.58 3.45 5.24 13.42 412 2.14

As shown in Table 4, both weekly and monthly price series show similar central
tendencies, with median prices of 3.39 and 3.45 $/MMBtu, respectively. The monthly data
range from 1.49 to 13.42 $/MMBtu, with a mean of 4.12 $/MMBtu and standard deviation of
2.14 $/MMBtu. The weekly data exhibit a broader range (1.31-14.41 $/MMBtu) and slightly
higher variability (std = 2.16 $/ MMBtu), reflecting greater short-term price fluctuations.

To observe both the temporal evolution and fundamental characteristics of the raw
data at multiple scales, Figure 2 presents the time series of natural gas prices at weekly and
monthly frequencies from January 1997 to August 2025.

As illustrated in Figure 2, the price series exhibits significant volatility and cyclical
behavior across both time scales. The weekly data reveal more frequent fluctuations
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and finer short-term dynamics, including sharp spikes during periods such as 2005 and
2022, reflecting immediate market responses to supply-demand imbalances or geopolitical
events. In contrast, the monthly series smooths high-frequency noise, highlighting broader
trends such as the peak during 2008, the decline in the early 2010s, and the resurgence
starting in 2021. Both series confirm the presence of non-stationarity and structural changes,
underscoring the need for appropriate preprocessing in modeling.

14

12 4

10 4

T T T T T T T T
1996 2000 2004 2008 2012 2016 2020 2024

(a) Weekly natural gas prices

14

12 4

10 4

24

T T T T T T T T
1996 2000 2004 2008 2012 2016 2020 2024

(b) Monthly natural gas prices

Figure 2. Original natural gas price time series at different temporal scales.

To prevent information leakage and mitigate potential bias from single train—test
partitioning, this study employs a 5-fold cross-validation methodology. The natural gas
price series spanning January 1997 to August 2025 is divided into five consecutive, non-
overlapping temporal folds. The cross-validation procedure strictly follows chronological
order, with each test fold positioned temporally after its corresponding training folds.
As the fold number increases, the training set progressively expands in a rolling-window
manner while maintaining temporal integrity. The test sets remain non-overlapping and
require no retrospective adjustments, ensuring strict adherence to the fundamental principle
of temporal causality, where future observations never influence past model training. This
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approach provides a robust evaluation framework that captures model performance across
evolving market dynamics while preserving the temporal structure of the time series data.

3.2. Modeling and Forecasting with ARIMA and SARIMA

STL [41] represents a decomposition of the time series method designed to separate
data into seasonal, trend, and residual components. Initially, the STL method is utilized to
break down the dataset into its constituent components, followed by the visualization of
their corresponding time series plots as displayed in Figure 3.

As shown in Figure 3, both weekly and monthly decompositions reveal distinct sea-
sonal patterns: weekly seasonal components (Figure 4a) exhibit recurring fluctuations at
shorter intervals, while monthly seasonal components (Figure 4b) display annual period-
icity with peaks in specific months. The trend components (Figure 4c,d) show upward
trajectories with volatility, confirming non-stationarity in both timeframes.

STL Decomposition - Seasonal

0.8

0.6

0.4

02

1996

2000

2004

2008

(a) Weekly Seasonal Component

2012 2016 2020 2024 1996 2000 2004 2008 2012 2016 2020 2024

(b) Monthly Seasonal Component

STL Decomposition - Trend

®

~

o

“

IS

w

1996

2000

2004

(c) Weekly Trend Component

2008

2012 2016 2020 2024 1996 2000 2004 2008 2012 2016 2020 2024

(d) Monthly Trend Component

STL Decomposition - Residual

1996

2000

2004

2008

(e) Weekly Residual Component

2012 2016 2020 2024 1996 2000 2004 2008 2012 2016 2020 2024

(f) Monthly Residual Component

Figure 3. Decomposition result diagram: (a,b) display the seasonal components, (c,d) illustrate the
trend components, and (e,f) show the residual components.
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Figure 4. Autocorrelation and partial autocorrelation functions: (a,b) show the ACF for weekly and
monthly data, respectively; (c,d) present the PACF patterns.

The inherent non-stationarity in the original trend component is mitigated through
first-order differencing, which enhances the model’s ability to discern latent price drivers
and elevates forecasting accuracy. This finding is corroborated by Augmented Dickey—
Fuller (ADF) test results: the differenced weekly series exhibits an ADF statistic of —5.2354
(p = 0.008), while the monthly series yields a test statistic of —3.789 (p = 0.003). Both
outcomes demonstrate statistical significance at conventional thresholds, confirming the
stationarity of the transformed time series across temporal resolutions. Additionally,
Figure 4 displays the autocorrelation function (ACF) and partial autocorrelation function
(PACEF) plots for the two temporal scales of natural gas price series.

As illustrated in Figure 4, the ACF in Figure 4a,b reveals a gradual decline in corre-
lations across lag terms, with notably high autocorrelation coefficients in the initial lags.
Meanwhile, the PACF in Figure 4c,d demonstrates significant spikes at the first and second
lags, followed by a rapid decay to near-zero values. These characteristics collectively
suggest that the differenced series is primarily influenced by short-term dynamics, making
it suitable for ARIMA and SARIMA modeling. Given that the dataset comprises monthly
observations and exhibits clear annual seasonality, the seasonal period s is set to 12 to align
with the observed 12-month periodicity.

The Akaike Information Criterion (AIC) is widely recognized in academic research
as an effective method for model comparison based on information entropy, quantified
through Kullback-Leibler divergence. From this perspective, considering the complexity
of model construction and the computational cost, we employ five-fold cross-validation
to separately construct ARIMA models for weekly data and both ARIMA and SARIMA
models for monthly data, determining the optimal model based on AIC values computed
across different parameter configurations. It is worth noting that in model selection based
on the AIC, it is computed from a single model fit on the training window only and is
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not averaged across cross-validation folds. Model performance is subsequently evaluated
out-of-sample using standard forecasting accuracy metrics. For the monthly data, both
ARIMA and SARIMA models are fitted under identical conditions, including the same data
window, parameter search grid, and computational environment. The SARIMA model
with parameters SARIMA(3,1,2) x (0,1,0)1; is selected based on superior out-of-sample
forecast accuracy. For the weekly data, the ARIMA(3,1,3) model is chosen as the preferred
model after comparative evaluation of forecasting error metrics. Based on the above
analysis, the mathematical expression of the model is presented below:

(1—¢1L — ¢oL2 — p3L%)(1 — L) (1 — L)y = (14 61L + 6,L2)e;.

Meanwhile, it is important to note here that STL performs separate fitting on each
training window of the five-fold cross-validation for each group, and the components
used for the test window are derived without peeking. The final predicted values are
obtained by adding the trend component predicted by the ARIMA or SARIMA model to
the corresponding seasonal component defined as

];ginal — TtARIMA or SARIMA +5S;,

where TARIMA or SARIMA and G, denote the trend and seasonal components fitted by STL
on the training window of each group, respectively. Meanwhile, the subsequent analysis
presents separate plots of predicted versus actual values for the ARIMA model applied to
weekly data and the SARIMA model applied to monthly data as illustrated in Figure 5.

ARIMA Predictions vs True Values

2004 2008 2012 2016 2020 2024
Date

(a) ARIMA on weekly data

SARIMA Predictions vs True Values

2004 2008 2012 2016 2020 2024
Date

(b) SARIMA on monthly data

Figure 5. Comparison of predicted and actual natural gas prices.
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As shown in Figure 5, the outcomes indicate a strong alignment between the model’s
predictions and the observed data. Meanwhile, the model residuals are subjected to the
Ljung—Box test post-forecasting to assess whether they conform to white noise. For the
weekly and monthly data, the resulting p values are 0.2386 and 0.3345, respectively. These
results indicate that the residual series are statistically consistent with white noise, support-
ing the validity of the model’s variance assumptions and confirming the appropriateness
of ARIMA and SARIMA modeling for the given time series.

3.3. Modeling and Forecasting with LSTM

Since the LSTM model demonstrates superior performance in handling nonlinear
components, an LSTM model is constructed for the residual component obtained from the
STL decomposition. In order to enhance model convergence and ensure consistent variable
scaling, min—-max normalization is utilized in this work as follows:

X = X — Xmin ,
Xmax — X¥min
where x" and x denote the original and normalized values, respectively, and xmax and
Xmin correspond to the maximum and minimum of the original data. It is important
to emphasize here that the method is not used globally but is only computed in the
training window of each fold and then applied to the test window by transformation.
Additionally, the Adam optimizer is employed to minimize the MSE loss function. An early
stopping mechanism is implemented during training to prevent overfitting by halting
the process when the validation loss shows no improvement for a predefined number of
epochs. Meanwhile, the final forecasts are generated by aggregating the trend, seasonal,
and residual components predicted by the LSTM model

]ﬁmal =T+ St + é%STM’

where S; refers to the seasonal variation at time t which is fitted by STL on the training
window of each group, and é-5™ denotes the residual term predicted by the LSTM model
at time t. The use of a decomposition strategy allows the model to separately analyze and
reconstruct both the underlying trend and transient fluctuations in the data. By employing
five-fold cross-validation and grid search to identify optimal hyperparameters, the parame-
ter configuration table for the LSTM model developed on weekly data and monthly data is
presented in Table 5.

Table 5. Parameter setting of LSTM model on two temporal scales.

Hyperparameters Weekly Data Monthly Data
Input variable count 1 1
Output variable count 1 1
Neurons count 32 50
Learning rate 0.001 0.001
Optimizer Adam Adam
Loss function MSE MSE
Training period 50 100

To ensure robust evaluation, a five-fold cross-validation approach is implemented.
The resulting fitting curves of the LSTM model across on weekly and monthly data are
shown in Figure 6.
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LSTM Predictions vs True Values

= True Values
14 4 —— LsTM

Price

2004 2008 2012 2016 2020 2024
Date

(a) LSTM on weekly data

LSTM Predictions vs True Values

— True values
—— ISTM

Price
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(b) LSTM on monthly data

Figure 6. Comparison of predicted and actual natural gas prices.

As illustrated in Figure 6, the LSTM model’s predicted values demonstrate strong
alignment with the observed values in most scenarios, particularly during periods of pro-
nounced price volatility where the model effectively captures the dynamic trends of the
actual price trajectory. However, during intervals characterized by extreme price fluctu-
ations, the model exhibits relatively larger prediction errors as evidenced by noticeable
discrepancies between the predicted and observed values. This suggests that while the
LSTM architecture excels in modeling long-term temporal dependencies within time se-
ries data, it demonstrates inherent limitations in accurately forecasting abrupt or extreme
market events.

3.4. Comparative Analysis of Forecasting Performance Among Multiple Ensemble Models

To further enhance the predictive performance, three ensemble strategies such as
stacking ensemble, bagging ensemble, and weighted average ensemble are employed to
integrate the two base models and generate forecasts for the natural gas price series. Each
method leverages predictions from multiple base models to produce a more accurate and
robust final forecast by reducing model variance and capturing complementary strengths
across individual predictors.

The stacking ensemble method integrates predictions from individual base models by
employing a meta-model that learns the optimal combination strategy. In this study, ARIMA
(SARIMA) and LSTM models are used as base learners, and their predictions are integrated
through Out-of-Fold (OOF) predictions. Specifically, via 5-fold time series cross-validation,
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predictions for the test set (outer fold data) of each fold are generated independently using
ARIMA and LSTM. These outer-fold predictions are then aggregated and used as input
features, termed meta-features, for the second-level model. A meta-model is trained on
these meta-features along with their corresponding true target values; importantly, these
target values are from samples not used in training the base models. Meanwhile, a linear
regression model is selected as the meta-model with MSE loss optimized via ordinary
least squares (OLS), and trained on OOF predictions. This ensures the meta-model is
trained on outer-fold prediction results and their corresponding true targets (rather than
samples that the base models are trained on), thus preventing the meta-model from being
exposed to target values of training samples that the base models might have overfitted to.
During inference, the base models generate predictions that are stacked and fed into the
meta-model to produce the final ensemble output, which is formulated as

yitackmg = Fmeta (yAgl)’yASZ)’ . ,ygn))l
where ]jgi) denotes the forecast generated by the i — th base model at time ¢, and fmeta is
the learned meta-model.

To ensure a thorough evaluation, five-fold cross-validation is employed, and the
fitting performance results of the stacking ensemble across various datasets are depicted in
Figure 7.

Meanwhile, considering the temporal correlation characteristics of time series data,
the bagging ensemble model designed in this study is an upper-level integration frame-
work based on the prediction results of base models. It takes the prediction results of
ARIMA (SARIMA) and LSTM as meta-features. Firstly, through time index alignment,
the common temporal samples between the predictions of these two types of base models
and the true values are filtered out to construct a meta-feature matrix with dimensions
(number of samples x 2). Subsequently, the Moving Block Bootstrap (MBB) resampling
strategy is adopted with a block size of 8 for weekly data and 6 for monthly data, where
10 groups of differentiated resampled training sets are generated by randomly extracting
and concatenating continuous temporal blocks. Each resampled set independently trains a
linear regression base learner, ultimately forming a bagging ensemble pool consisting of
10 base learners. In the prediction phase, the ARIMA and LSTM predictions of the samples
to be predicted are input into all base learners, and the final prediction value of the bagging
ensemble is obtained by taking the temporal average of the outputs from each base learner,
which can be expressed as

. N
groes _ 18
i=1

This construction method not only preserves the intrinsic correlation of time series
through moving block resampling but also reduces the variance of individual models by
leveraging the differentiated predictions of multiple base learners. It effectively avoids the
impact of overfitting in base models on the ensemble results and enhances the stability and
generalization ability of time series prediction. The corresponding prediction performance
is visualized in Figure 8.
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Stacking Predictions vs True Values
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(a) Stacking on weekly data

Stacking Predictions vs True Values

— True values
—— stacking

Price

2004 2008 2012 2016 2020 2024
Date

(b) Stacking on monthly data

Figure 7. Comparison of predicted and actual natural gas prices.

Finally, the weighted average ensemble method combines forecasts from two distinct
models such as ARIMA or SARIMA with the LSTM model, based on their relative predictive
performance. Specifically, model weights are determined according to the inverse of each
model’s MAE on the validation set such that models exhibiting superior accuracy are
assigned higher weights, formulated as

Y — _U/MAE,
'T L(1/MAE;)’

where the weight assigned to model i, and MAE,; is its corresponding MAE. Subsequently,
the final prediction is computed as the weighted sum of the individual model outputs, given as
weighted N W~
g ted _  ARIMA or SARIMA | gARIMA or SARIMA 4, ISTM | oLSTM,
This strategy combines diverse forecasting techniques with the model’s performance
and is illustrated in Figure 9.
From the above prediction fitting figures, it can be seen that the bagging method

has the best prediction effect, indicating that this method can effectively integrate the
advantages of the two base models and improve the accuracy and robustness of prediction.
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Figure 8. Comparison of predicted and actual natural gas prices.
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Figure 9. Comparison of predicted and actual natural gas prices.
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To facilitate a direct comparison between individual and ensemble models, Table 6
presents the computed performance metrics for ARIMA, LSTM, and the ensemble approach
on weekly data.

Table 6. Results of model error metrics on weekly data.

ARIMA LSTM Stacking Bagging  Weighted Average

MAPE (%) 11.01 11.52 9.67 9.60 9.69
MAE 0.4259 0.4995 0.3976 0.3865 0.4022
RMSE 0.6707 0.7632 0.6008 0.5780 0.6016
R? 0.7440 0.7211 0.8031 0.8287 0.8050

As seen from Table 6, during the weekly data, the ensemble approach outperforms
the individual base models in terms of predictive accuracy. Among the three ensemble
methods evaluated, the bagging ensemble achieves the lowest MAPE, MAE, and RMSE, as
well as the highest R2. This result indicates that the bagging approach outperforms both
the stacking and weighted average ensembles in terms of forecasting accuracy.

Moreover, to facilitate a direct comparison between individual and ensemble models,
Table 7 presents the computed performance metrics for ARIMA, SARIMA, LSTM, and the
ensemble approach on monthly data.

Table 7. Results of model error metrics on monthly data.

ARIMA SARIMA LSTM  Stacking Bagging Weighted Average

MAPE (%) 12.14 12.12 18.41 11.87 11.43 12.47
MAE 0.5261 0.5253 0.8670 0.5570 0.5302 0.5718
RMSE 0.7154 0.7145 1.1812 0.7294 0.6944 0.7978
R? 0.7698 0.7702 0.3196 0.7531 0.7813 0.7089

As seen from Table 7, the ensemble approach slightly outperforms the individual base
models in terms of predictive accuracy. During the monthly data, based on the comparison
of error metrics between the ARIMA and SARIMA models, the SARIMA and LSTM models
are selected for ensemble modeling. On the weekly data, the bagging ensemble method
slightly outperforms other models in terms of MAPE of 9.60%, MAE of 0.3865, RMSE of
0.5780, and R? of 0.8287. Similarly, on the monthly data, the bagging ensemble method also
slightly outperforms other models in terms of MAPE of 11.43%, MAE of 0.5302, RMSE of
0.6944, and R? of 0.7813. Specifically, among the three ensemble methods evaluated for
both weekly and monthly data, the bagging ensemble performs slightly better. This result
indicates that the bagging approach slightly outperforms both the stacking and weighted
average ensembles in terms of forecasting accuracy.

4. Conclusions and Discussion

To develop a more accurate ensemble method for natural gas price forecasting across
time scales while considering model complexity and computational cost, this paper com-
pares two ensemble models. One combines ARIMA optimized through 5-fold cross-
validation and LSTM for weekly data, and the other integrates LSTM with the better-
performing model between ARIMA and SARIMA, where the better-performing one is
selected via error metrics, for monthly data. Both of these ensemble models use STL de-
composition to separate seasonal, trend, and residual components: ARIMA and LSTM
capture linear patterns, and LSTM models residual nonlinear dependencies. This paper also
evaluates stacking, bagging, and weighted averaging to find the optimal hybrid approach.
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Despite the contributions of this study, several limitations should be acknowledged.
Firstly, the analysis relies exclusively on a single dataset without incorporating regional
variations, potentially limiting the generalizability of the findings. Secondly, external
factors such as macroeconomic indicators, weather patterns, and geopolitical events are not
integrated into the modeling framework, which may overlook critical drivers of natural gas
price fluctuations. Thirdly, the absence of nonlinear meta-learners such as gradient boosting
machines or neural network-based ensemblers prevent further refinement of the ensemble
framework due to data constraints. Finally, this study does not explicitly account for the
impacts of market-specific characteristics (e.g., storage capacity and regulatory policies) on
model performance.

To address these limitations in future research, two key directions could be priori-
tized. On the one hand, future research should thus validate the proposed framework by
expanding the dataset: collect multi-regional and multi-temporal natural gas price data,
and integrate external variables such as economic indices and climate factors to capture
broader market interactions and thereby better assess its cross-market robustness. On the
other hand, diversifying the ensemble framework through the development of additional
base models and optimization of their combinations enhances predictive accuracy via
complementary modeling strengths. These improvements could ultimately lead to more
robust and universally applicable forecasting methodologies.

Research on improving the efficiency of natural gas price forecasting models facilitates
timely policy formulation by governments and contributes to the support of sustainable
development goals. This paper presents a comparative analysis of ensemble models for nat-
ural gas price forecasting at two temporal scales such as weekly and monthly. The findings
lead to the following conclusions. On the weekly dataset, the bagging ensemble method
demonstrates a marginal edge over other models, with a MAPE of 9.60%, MAE of 0.3865,
RMSE of 0.5780, and an R? of 0.8287. Meanwhile, on the monthly dataset, the bagging
ensemble maintains this slight superiority, achieving a MAPE of 11.43%, MAE of 0.5302,
RMSE of 0.6944, and an R? of 0.7813. The results demonstrate that the bagging ensemble
method slightly outperforms the other two ensemble approaches in predictive accuracy
on both temporal scales. This finding highlights the robustness and effectiveness of the
bagging framework across different data frequencies, can aid risk management by en-
abling traders and firms to hedge against price uncertainty, suggests potential patterns
consistent with the nuances of the semi-strong efficient market hypothesis to integrate
with market efficiency theory, and supports cost structure optimization in the industry by
predicting input cost volatility. We also link forecast accuracy to broader macroeconomic
stability and market dynamics, providing a valuable reference for future energy price
forecasting research.
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