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Abstract 

Energy prices, including those of crude oil, natural gas, and electricity, are inherently volatile due to a wide range of 
influencing factors, such as geopolitical events, shifts in supply and demand, and fluctuations in weather conditions. 
These unpredictable movements pose challenges for decision-makers in energy-related industries, including 
policymakers, traders, and energy companies, all of whom require accurate forecasts to make informed choices. 
Predicting energy prices with a high degree of accuracy is essential for minimizing financial risks and ensuring stable 
supply and demand dynamics. This paper investigates the use of advanced statistical and machine learning models to 
forecast energy price movements more effectively. Specifically, we compare traditional time-series models, such as 
ARIMA (Autoregressive Integrated Moving Average), GARCH (Generalized Autoregressive Conditional 
Heteroskedasticity), and VAR (Vector Autoregressive), alongside hybrid models combining machine learning 
techniques. By integrating time-series characteristics, including seasonality, volatility clustering, and nonlinear 
behavior, we assess the effectiveness of each model in predicting price movements. The performance of the models is 
evaluated using standard accuracy metrics, including the Root Mean Squared Error (RMSE) and the Mean Absolute 
Percentage Error (MAPE), which allow us to compare forecast accuracy. Our findings reveal that hybrid ARIMA-GARCH-
LSTM (Long Short-Term Memory) models significantly outperform traditional econometric approaches, excelling in 
both capturing the mean behavior and the volatility dynamics inherent in energy prices. This paper demonstrates that 
hybrid models offer superior forecasting capabilities by leveraging the strengths of both statistical and machine learning 
techniques, thus improving prediction accuracy for energy prices in volatile markets. 

Keywords: Energy price forecasting; ARIMA; GARCH; VAR; LSTM; Hybrid models; Volatility modeling; Machine 
learning; Time-series forecasting; Volatility clustering; Nonlinear forecasting 

1 Introduction 

Energy prices are a fundamental factor influencing the global economy. They have far-reaching effects on industrial 
production, energy consumption, investment strategies, and government policies. Energy markets, particularly those 
for crude oil, natural gas, and electricity, play a vital role in shaping economic conditions worldwide. As prices fluctuate, 
they impact costs of production, consumer behavior, and inflation rates, which can lead to broader economic 
consequences. Therefore, accurate forecasting of energy prices is crucial for policymakers, energy producers, and 
traders to ensure stable operations and to plan for long-term economic growth. However, the task of forecasting energy 
prices remains a complex one due to their inherent volatility. These prices are subject to a variety of dynamic and often 
unpredictable factors such as geopolitical events, supply-demand imbalances, technological advancements, natural 
disasters, and weather variations. This combination of drivers results in price fluctuations that are often sudden and 
non-linear, making traditional forecasting methods insufficient for predicting such shifts. 
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1.1 Background and Motivation 

Energy prices are heavily influenced by both external and internal factors. Externally, political instability, particularly 
in key oil-producing regions, can lead to sharp price changes, while shifts in global supply and demand, such as those 
seen with major players like OPEC or shifts in global energy consumption patterns, can also trigger volatility. Internally, 
technological advancements, such as the increasing adoption of renewable energy sources, and changing consumption 
behaviors driven by economic conditions, can alter price trends in significant ways. Weather patterns, including 
extreme cold or heatwaves, can also affect the supply and demand for energy, particularly electricity. These various 
factors create a high degree of uncertainty in predicting energy price movements, especially over the short term. 
Traditional forecasting methods, such as linear regression models and basic time-series methods, often fail to capture 
these complex, non-linear behaviors. They typically assume that price movements follow predictable patterns based on 
historical data, which can be disrupted by sudden shocks, such as a geopolitical event or a natural disaster. In response 
to these limitations, there has been growing interest in using advanced statistical models such as ARIMA, GARCH, VAR, 
and LSTM models, which are more capable of accounting for the dynamic and volatile nature of energy markets. These 
models allow for more nuanced and accurate forecasting by incorporating factors such as seasonality, volatility 
clustering, and nonlinear behavior. This research aims to explore and evaluate these advanced models in order to 
identify the best-performing techniques for reliable short-term energy price prediction. 

1.2 Problem Statement 

Energy prices exhibit extreme volatility, with frequent fluctuations driven by factors that are difficult to predict or 
quantify. These fluctuations often lead to sudden shifts in pricing, which traditional forecasting methods are ill-
equipped to handle. Classic linear models like ARIMA may be able to capture certain trends, but they do not account for 
the volatility clustering that often occurs in energy markets. Additionally, sudden geopolitical events or supply 
disruptions can cause abrupt price changes, which are typically non-linear and require more advanced forecasting 
methods. Similarly, factors such as seasonality and weather patterns introduce additional complexity, making accurate 
forecasting a challenging task. Given these complexities, forecasting energy prices with a high degree of accuracy is 
crucial for minimizing financial risk, enabling energy traders to make informed decisions, and helping policymakers to 
devise appropriate strategies to ensure energy security. This research seeks to address the gap in traditional forecasting 
models by applying advanced statistical and machine learning techniques that are better suited to handle the volatility, 
non-linearity, and seasonality inherent in energy price movements. 

1.3 Proposed Solution 

This study proposes the use of advanced statistical and machine-learning models for forecasting energy prices, with a 
particular focus on capturing the complex dynamics that influence price movements. The models under consideration 
include ARIMA, GARCH, VAR, and LSTM, each of which has unique capabilities to model specific characteristics of energy 
prices. 

• ARIMA (Autoregressive Integrated Moving Average) is a well-established method for time-series 
forecasting, particularly effective in capturing trends and seasonality within data. 

• GARCH (Generalized Autoregressive Conditional Heteroskedasticity) models are designed to capture 
volatility clustering, which is prevalent in energy markets, especially when there are periods of high price 
fluctuation followed by periods of relative stability. 

• VAR (Vector Autoregressive) models account for interactions between multiple variables, making them 
suitable for capturing the interdependencies between different energy markets such as crude oil, natural gas, 
and electricity prices. 

• LSTM (Long Short-Term Memory) networks are a type of deep learning model that excels in capturing 
nonlinear temporal dependencies in time-series data, making them particularly effective for modeling energy 
prices which exhibit complex patterns over time. 

In addition to evaluating the individual models, this study also explores a hybrid ARIMA-GARCH-LSTM model, which 
combines the strengths of each approach. The hybrid model aims to provide a more robust and accurate short-term 
energy price forecast by capturing both the mean behavior of prices (ARIMA), the volatility (GARCH), and the complex 
nonlinear patterns (LSTM). The proposed solution is designed to provide reliable, real-time forecasts that can help 
energy traders, policymakers, and industry stakeholders make informed decisions based on up-to-date information. 
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1.4 Contributions 

This paper makes the following significant contributions to the field of energy price forecasting: 

• Comparative Analysis: It provides a comprehensive comparative analysis of several advanced statistical and 
machine-learning models for forecasting energy prices, specifically crude oil, natural gas, and electricity. 

• Hybrid Approach: It introduces a hybrid ARIMA-GARCH-LSTM model, demonstrating how combining these 
different techniques can enhance forecasting accuracy by capturing trends, volatility, and nonlinear 
dependencies in energy prices. 

• Volatility and Nonlinear Pattern Modeling: The research effectively models both volatility clustering and 
nonlinear temporal dependencies, which are common in energy price movements, thereby offering a more 
accurate representation of the price dynamics. 

• Practical Insights: The paper provides valuable insights for policymakers, energy traders, and industries, 
helping them make better-informed decisions regarding investment strategies, policy formulation, and risk 
management in volatile energy markets. 

By introducing advanced hybrid forecasting models, this research aims to push the boundaries of traditional energy 
price forecasting, offering a more nuanced and accurate tool for managing the challenges posed by the volatility and 
complexity of energy markets. 

2 Related Work 

Energy price forecasting has been a critical area of research due to the volatility and unpredictability of energy markets. 
Accurate forecasting is vital for stakeholders in energy sectors, including traders, policymakers, and utility companies, 
as it helps in making informed decisions about pricing, risk management, and strategic planning. Over the years, various 
methods have been developed, ranging from traditional econometric models to more sophisticated machine learning 
techniques, each with its strengths and limitations. This section reviews the evolution of these methods, including their 
application to energy price forecasting, and explores recent advancements in the field. 

2.1 Traditional Econometric Models for Energy Price Forecasting 

The earliest and most commonly used methods for energy price forecasting were linear econometric models, 
particularly the Autoregressive Integrated Moving Average (ARIMA) model. ARIMA models are designed to capture 
trends and seasonality in time-series data by modeling the underlying autoregressive (AR) process and integrating it 
with moving average (MA) components. ARIMA is effective when the energy prices follow consistent trends and 
seasonal patterns, which are typical in energy markets due to regular consumption patterns and weather-related 
fluctuations. However, ARIMA struggles to capture more complex behaviors, such as volatility clustering and sudden 
price shifts, which are common in energy markets driven by geopolitical events, market shocks, or supply-demand 
imbalances [1][2]. Moreover, ARIMA models are typically unable to account for non-linear relationships and complex 
interactions that arise from sudden changes in the external environment, such as unexpected policy decisions or natural 
disasters, which have a significant impact on energy prices. Researchers have thus sought more advanced models to 
address these challenges, incorporating features that can better capture volatility, nonlinearities, and 
interdependencies between multiple variables in the energy markets. 

2.2 Volatility Modeling with GARCH Models 

To address the limitation of ARIMA in capturing volatility clustering, which is a common feature of financial and energy 
markets, researchers introduced Generalized Autoregressive Conditional Heteroskedasticity (GARCH) models. GARCH 
models are specifically designed to model the volatility of time-series data, providing a way to understand periods of 
high volatility followed by more stable conditions. These models are particularly useful for energy markets, where price 
fluctuations often occur in clusters, such as during supply shortages or after geopolitical disruptions [3][4]. The GARCH 
framework, introduced by Engle (1982) and further extended by Bollerslev (1986), allows for the conditional variance 
to depend on past values, which helps capture the sudden and persistent volatility observed in energy prices. Several 
variations of the GARCH model, such as Exponential GARCH (EGARCH) and Integrated GARCH (IGARCH), have been 
developed to improve the model’s flexibility in handling asymmetric volatility and long-term dependence in price 
movements. These models have been applied extensively in forecasting energy prices, especially in the oil and gas 
markets, where volatility is a key feature [5]. 
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2.3 Multivariate Forecasting with VAR Models 

Energy markets are often interconnected, with the price of one commodity (such as crude oil) influencing the prices of 
others (such as natural gas and electricity). Multivariate models, such as Vector Autoregressive (VAR) models, are 
designed to capture these interdependencies between multiple time-series data. VAR models allow for the inclusion of 
multiple variables, making them well-suited for modeling interactions between energy prices and other macroeconomic 
factors, such as demand forecasts, production levels, and external market shocks. VAR models have been widely used 
in energy price forecasting, particularly when the relationships between different energy commodities need to be 
analyzed. They are effective in capturing the feedback effects between oil, natural gas, and electricity prices, which are 
often co-integrated and exhibit similar volatility patterns. Studies have shown that VAR models can provide more 
accurate short-term forecasts compared to univariate models, especially in highly interconnected markets [6][7]. 

2.4 Nonlinear Forecasting with LSTM Networks 

While traditional time-series and econometric models excel in capturing linear patterns, they often fail to model the 
nonlinear dynamics and complex temporal dependencies that are prevalent in energy price data. To overcome this 
limitation, Long Short-Term Memory (LSTM) networks, a type of deep learning model, have been increasingly used in 
energy price forecasting. LSTM networks are a form of Recurrent Neural Networks (RNNs) that can capture long-term 
dependencies in time-series data, making them highly effective in forecasting energy prices, which exhibit complex 
nonlinear behavior over time. LSTM models can learn the underlying patterns in energy price movements by processing 
sequential data in a manner similar to human memory. These models are capable of handling multiple inputs (such as 
historical price data and external factors like geopolitical events) and can provide more accurate forecasts for energy 
prices, particularly when dealing with large datasets that contain non-linear relationships [8][9]. Recent studies have 
shown that LSTM networks outperform traditional statistical models in forecasting energy prices, particularly in volatile 
market conditions. 

2.5 Hybrid Models for Improved Forecasting Accuracy 

To further improve forecasting accuracy, hybrid models that combine different forecasting techniques have been 
introduced. Hybrid models, such as the ARIMA-GARCH-LSTM approach, leverage the strengths of multiple techniques 
to capture both the mean behavior and volatility dynamics of energy prices. By combining the ARIMA model’s ability to 
capture trends and seasonality, the GARCH model’s ability to model volatility, and the LSTM network’s ability to capture 
nonlinear dependencies, hybrid models provide a more comprehensive approach to forecasting. Recent studies have 
shown that hybrid models outperform individual models, particularly in terms of forecasting accuracy and robustness. 
The ARIMA-GARCH-LSTM hybrid model, for instance, has been shown to outperform traditional econometric models in 
capturing both the mean and volatility dynamics of energy prices, especially in highly volatile market conditions 
[10][11]. This hybrid approach has proven to be highly effective for short-term forecasting, providing more accurate 
predictions and minimizing forecasting errors. 

3 Methodology 

 

Figure 1 Energy Price Forecasting Process 

This section outlines the methodology used for energy price forecasting, which involves collecting historical data, 
preprocessing the data, developing several advanced statistical and machine learning models, and evaluating their 
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performance. The goal is to identify the most accurate models for short-term energy price forecasting by comparing 
traditional models with hybrid machine learning approaches. Below is a detailed explanation of each step in the process. 

3.1 Data Collection 

Energy price data is crucial for forecasting and model development. In this study, we collect historical daily energy 
prices for three major energy commodities: crude oil, natural gas, and electricity. These data are sourced from reputable 
government agencies and financial data providers, such as the U.S. Energy Information Administration (EIA), 
International Energy Agency (IEA), and Bloomberg. The data spans a period of 10 years to ensure that the training 
dataset is sufficiently large to capture long-term trends and seasonal variations. Collecting data over a long period also 
helps in reducing biases and ensures that the models account for cyclical and outlier events, such as economic 
recessions, geopolitical events, and sudden market disruptions. The inclusion of multiple energy commodities allows 
for a more comprehensive understanding of how different factors—such as oil price fluctuations, natural gas 
availability, and electricity demand—interact with one another. This also facilitates the use of multivariate models, 
which account for the interdependencies between these variables. 

3.2 Data Preprocessing 

Data preprocessing is a critical step in the methodology, as it prepares the raw data for modeling. Preprocessing ensures 
that the data is in a form suitable for analysis and modeling. It includes several key steps: 

• Stationarity Check: Many statistical models, including ARIMA, require that the data be stationary. Stationarity 
means that the statistical properties of the series (e.g., mean, variance) do not change over time. To test for 
stationarity, we apply the Augmented Dickey-Fuller (ADF) test, a widely used statistical test for detecting unit 
roots in time-series data. If the data is non-stationary, we apply differencing (i.e., subtracting the previous 
observation from the current observation) to make the data stationary. This is essential to ensure that the 
model captures the true underlying patterns and not just trends driven by non-stationary processes. 

• Noise Reduction: Energy price data often contains noise—random fluctuations unrelated to the underlying 
market dynamics. Noise can reduce the accuracy of models, so we apply smoothing techniques, such as moving 
averages, to remove short-term noise and reveal the underlying trends. This helps the models focus on the 
signal, not the noise, leading to more accurate predictions. 

• Feature Engineering: To improve the forecasting power of our models, we create additional features from the 
raw price data. These features may include seasonality, which captures periodic fluctuations in energy prices 
due to seasonal demand patterns (e.g., higher demand in summer or winter months), lagged values, which 
consider past price movements as predictors of future trends, and moving averages, which smooth out price 
fluctuations over time. Feature engineering plays a crucial role in enhancing model performance by providing 
more relevant input data. 

3.3 Model Development 

We apply several statistical and machine learning models to forecast energy prices. The models are selected to address 
different characteristics of the time-series data, such as trends, seasonality, volatility, and nonlinear dependencies: 

• ARIMA (Autoregressive Integrated Moving Average): ARIMA is a widely used time-series forecasting model 
that captures the underlying trends and seasonality in energy prices. The ARIMA model is particularly useful 
for univariate time-series data. The optimal parameters (p, d, q) for the ARIMA model are determined using 
Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC), which help identify the 
best-fitting model with the lowest error. 

• GARCH (Generalized Autoregressive Conditional Heteroskedasticity): GARCH models are designed to 
capture volatility clustering, a feature commonly observed in financial and energy markets where periods of 
high volatility are followed by periods of relative stability. GARCH models provide a way to model the time-
varying volatility of energy prices, making them suitable for understanding the unpredictable fluctuations in 
energy markets. 

• VAR (Vector Autoregressive): The VAR model is a multivariate time-series model that accounts for the 
interdependencies between different energy prices (e.g., crude oil, natural gas, and electricity). The VAR model 
helps capture the joint behavior of multiple energy markets, which often interact and influence each other. For 
instance, changes in crude oil prices can directly affect natural gas and electricity prices, making VAR an ideal 
choice for multivariate forecasting. 

• LSTM (Long Short-Term Memory): LSTM networks are a type of deep learning model specifically designed to 
capture nonlinear temporal dependencies in time-series data. LSTMs can learn long-term patterns in 
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sequential data, making them highly effective for forecasting energy prices, which exhibit complex and 
nonlinear behavior over time. The LSTM model is particularly useful for capturing long-term trends and sudden 
shifts in price behavior that traditional models might miss. 

3.4 Hybrid ARIMA-GARCH-LSTM Model 

While each of the individual models offers unique advantages, we propose a hybrid approach that combines ARIMA, 
GARCH, and LSTM models to leverage their strengths and improve forecasting accuracy. In this hybrid model: 

• ARIMA captures the mean behavior of the energy price time series, including trends and seasonality. 
• GARCH models the volatility or the variability in the energy prices, addressing sudden price spikes and 

clustering effects. 
• LSTM is employed to capture the nonlinear temporal dependencies and long-term trends, accounting 

for sudden shifts in price dynamics caused by events such as geopolitical crises or natural disasters. 

The hybrid model combines the linear trend prediction of ARIMA, the volatility forecasting capability of GARCH, and the 
nonlinear time-series prediction of LSTM to produce more accurate and robust forecasts. 

3.5  Evaluation Metrics 

The performance of each model is evaluated using two commonly used metrics in forecasting: Root Mean Squared 
Error (RMSE) and Mean Absolute Percentage Error (MAPE). 

• RMSE measures the average magnitude of the error between predicted and actual values. A lower RMSE 
indicates better forecasting performance. 

• MAPE is a percentage-based metric that measures forecast accuracy relative to actual values. It provides 
an indication of how much the forecasted values deviate from the actual values, with a lower MAPE 
indicating higher accuracy. 

These metrics allow us to compare the performance of each model and determine which one provides the most reliable 
short-term energy price forecasts. 

In this methodology, we present a comprehensive approach to forecasting energy prices using advanced statistical and 
machine learning models. The application of ARIMA, GARCH, VAR, and LSTM models helps capture the trends, volatility, 
and nonlinear dependencies in the price data. The hybrid ARIMA-GARCH-LSTM model further improves the accuracy of 
predictions by combining the strengths of these individual models. By using evaluation metrics such as RMSE and MAPE, 
we compare the performance of each model and identify the most effective approach for short-term energy price 
forecasting. This methodology lays the foundation for more accurate and robust forecasting models that can be used by 
policymakers, traders, and energy companies to make informed decisions. 

4 Results  

This section presents the results of applying various advanced statistical and machine learning models to forecast 
energy prices, with a particular focus on the ARIMA-GARCH-LSTM hybrid model. The effectiveness of the models is 
evaluated based on two commonly used performance metrics: Root Mean Squared Error (RMSE) and Mean Absolute 
Percentage Error (MAPE). Our analysis demonstrates that hybrid models, particularly the ARIMA-GARCH-LSTM 
model, significantly outperform traditional econometric models such as ARIMA, GARCH, and VAR in terms of forecasting 
accuracy. The results are discussed in detail below, focusing on model performance, the effectiveness of hybrid 
approaches, and their potential for practical application in energy price forecasting. 

4.1 Performance of Individual Models 

The individual models tested in this study include ARIMA, GARCH, VAR, and LSTM. Each model was trained on the 
historical data of crude oil, natural gas, and electricity prices, and then evaluated based on RMSE and MAPE metrics. 
The results of the evaluation show that while each model has its strengths, none of the individual models were able to 
fully capture both the mean behavior and volatility dynamics of the energy price data. 

• ARIMA performed well in capturing trends and seasonality in the data, but it struggled to account for 
volatility clustering, a common feature in energy prices. 
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• GARCH models were effective in capturing volatility but failed to predict the mean behavior of prices 
accurately. 

• VAR successfully modeled the relationships between multiple energy prices, but its performance was 
limited by its inability to handle nonlinearities and volatility dynamics effectively. 

• LSTM outperformed traditional models in terms of capturing nonlinear dependencies and long-term 
trends but had difficulty in handling volatility and sudden price fluctuations. 

Table 1 Model Performance Comparison 

Model RMSE MAPE 

ARIMA 4.35 6.23% 

GARCH 5.22 7.45% 

VAR 6.01 8.03% 

LSTM 3.89 5.77% 

From Table 1, it is evident that LSTM performs better than ARIMA, GARCH, and VAR in terms of RMSE and MAPE. 
However, the hybrid ARIMA-GARCH-LSTM model demonstrates an even greater improvement in forecasting accuracy, 
as it combines the strengths of all three approaches. 

4.2 Hybrid ARIMA-GARCH-LSTM Model Performance 

The hybrid ARIMA-GARCH-LSTM model was developed by combining the ARIMA model for trend and seasonality, 
GARCH for volatility clustering, and LSTM for capturing nonlinear temporal dependencies. This hybrid model was 
designed to overcome the limitations of individual models by providing a comprehensive forecasting solution. The 
results of the hybrid model show significant improvements in forecasting accuracy compared to individual models. The 
hybrid model excels at capturing both the mean price behavior and the volatility dynamics present in the energy 
markets. By incorporating LSTM, the model also handles non-linear patterns, such as sudden price shifts caused by 
geopolitical events or extreme weather conditions. As a result, the hybrid model outperforms all other models in terms 
of both RMSE and MAPE, providing more reliable short-term forecasts for energy prices. 

Table 2 Hybrid Model Performance 

Model RMSE MAPE 

Hybrid ARIMA-GARCH-LSTM 3.47 5.12% 

The Table 2 highlights that the hybrid ARIMA-GARCH-LSTM model achieves a lower RMSE and MAPE compared to any 
individual model, making it the most accurate for short-term energy price forecasting. 

5 Discussion of Results 

The results suggest that hybrid models offer several advantages over traditional econometric models. The ARIMA-
GARCH-LSTM hybrid approach is especially effective because it combines the strengths of each individual model: 

• ARIMA: Captures the long-term trend and seasonality of energy prices, which are essential for forecasting in 
markets with predictable cyclical patterns, such as seasonal fluctuations in energy demand. 

• GARCH: Effectively models volatility clustering, helping to predict periods of high and low volatility in energy 
prices. This is particularly useful in energy markets, where prices can experience sharp, unpredictable 
movements due to factors such as supply shortages, geopolitical conflicts, or extreme weather events. 

• LSTM: Handles nonlinear dependencies and long-term memory, making it capable of identifying complex 
patterns and sudden shifts in price behavior. This is crucial for capturing the effects of unpredictable external 
shocks, such as natural disasters or political instability, on energy prices. 

By integrating these models, the hybrid ARIMA-GARCH-LSTM approach is able to handle both predictable trends and 
volatile fluctuations, leading to more accurate and reliable forecasts. 
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Figure 2 Forecasting Performance Comparison Graph 

Figure 2 presents a performance comparison of each model based on RMSE and MAPE. The hybrid ARIMA-GARCH-
LSTM model outperforms all other models, demonstrating its ability to capture both the mean behavior and volatility 
dynamics of energy prices. 

6 Conclusion 

The findings of this study demonstrate that hybrid models, particularly the ARIMA-GARCH-LSTM approach, significantly 
improve forecasting accuracy compared to traditional econometric models. By leveraging the strengths of ARIMA for 
capturing trends and seasonality, GARCH for modeling volatility, and LSTM for identifying nonlinear dependencies, the 
hybrid model offers a robust solution for energy price forecasting. This is crucial for decision-makers in the energy 
sector who need reliable forecasts to manage risks and make informed policy and investment decisions. Future work 
could focus on further refining hybrid models by incorporating additional factors, such as economic indicators and 
market sentiment, to improve long-term forecasting accuracy. Additionally, exploring alternative machine learning 
models, such as deep reinforcement learning, could provide further improvements in forecasting performance. 
Furthermore, expanding the hybrid model to account for multiple time horizons and incorporating real-time data feeds 
could enhance its application for real-time decision-making, enabling more proactive risk management strategies in 
volatile energy markets. Finally, testing the hybrid model's performance across different regions and energy sectors, 
such as renewable energy markets, could provide valuable insights into its broader applicability and adaptability. 

Future work will focus on enhancing the hybrid ARIMA-GARCH-LSTM model by incorporating additional external 
variables, such as macroeconomic indicators, geopolitical events, and energy supply chain disruptions, which may 
provide further context to the price forecasting models.  
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