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Abstract


This study investigates the application of advanced deep learning models to forecast fossil energy prices, a critical factor influencing global economic stability. Unlike previous research, this study conducts a comparative analysis of Gated Recurrent Unit (GRU), Recurrent Neural Network (RNN), Bidirectional Long Short-Term Memory (Bi-LSTM), Long Short-Term Memory (LSTM), Convolutional Neural Network (CNN), and Deep Neural Network (DNN) models. The evaluation metrics employed include Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE). The results reveal that recurrent architectures, particularly GRU, LSTM, and Bi-LSTM, consistently outperform feedforward and convolutional models, demonstrating superior ability to capture temporal dependencies and nonlinear dynamics in energy markets. In contrast, the RNN and DNN show relatively weaker generalization capabilities. Additionally, visualizations of actual versus predicted prices for each model further emphasize superior forecasting accuracy of recurrent models. The results highlight the potential of deep learning in enhancing investment and policy decisions. Additionally, the results provide significant implications for policymakers and investors by emphasizing the value of accurate energy price forecasting in mitigating market volatility, improving portfolio management, and supporting evidence-based energy policies.
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1. Introduction


The prediction of stock price movement is a critical component in shaping investment strategies within the stock market and has gathered significant interest from researchers. According to the widely recognized Efficient Market Hypothesis (EMH), stock prices incorporate all available information that influence price fluctuations [1]. As a result, the dynamic and unpredictable nature of market evolution leads to complex and constantly shifting patterns in stock prices, rendering accurate forecasting particularly challenging. However, the potential of high returns led to the development of many methods for predicting stock markets. Over the last three decades, a lot of research has been performed in this field. Nevertheless, many scholars continue to regard the prediction of stocks within nonlinear, non-stationary financial time series as one of the most formidable challenges [2]. Although several metathetical models have been created, the outcome remains unsatisfactory. Moreover, much research in stock market forecasting has predominantly concentrated on predicting market volatility [3,4]. However, traditional econometric models have historically dominated financial time series analysis, their linear assumptions often fail to capture the nonlinear, noisy, and dynamic nature of equity markets [5].



The stock market has long posed a significant challenge to analysts due to its inherent unpredictability. However, Artificial Intelligence (AI) has proven effective in identifying hidden patterns in large datasets [6]. AI is widely used in finance to improve predictions and economic growth, with many governments investing in AI to enhance financial forecasting [7]. By automating processes, AI reduces labor costs and boosts efficiency [8]. In addition, AI assists in predicting stock prices, identifying strong and weak stocks, and supporting portfolio management to lower risk [9,10,11,12]. Further, machine learning algorithms, for example, K-means clustering, are often utilized to manage assets and extract significant insights from the data [13,14]. Moreover, some of the algorithms including Support Vector Machines (SVMs) and Artificial Neural Networks (ANNs) are particularly effective. The SVM organizes stock data by evaluating latest patterns with historical trends, whereas the ANN assists foresee volatility by revealing nonlinear relationships in the data without prior knowledge of dependencies [15,16,17,18,19].



The deep learning models have effectively modeled and influenced the field of finance, specifically in forecasting future trends of the financial times series. Therefore, to make the best of the financial times series, the paper explores six key and widely used deep learning models, namely the Long Short-Term Memory (LSTM), Deep Neural Networks (DNNs), Recurrent Neural Networks (RNNs), Convolutional Neural Networks (CNNs), Bidirectional Long Short-Term Memory (Bi-LSTM), and Gated Recurrent Units (GRUs) for their efficacy in forecasting the five key fossil energy prices of crude oil, natural gas, Brent oil, RBOB gasoline, and heating oil price. The flow of information in a typical feedforward neural network architecture is mainly focused on the forward direction. In addition, preserving previous information is a challenge due to autonomous processing. The models offer limitations in handling sequential data due to the importance of previous events that are necessary to predict the upcoming events. Therefore, RNNs are proposed to achieve these tasks. RNNs are concentrated form of the ANN, that are constructed to process sequential inputs by integrating internal feedback connections among neurons [20]. However, the DNN contains dense hidden layers with a hierarchical topology [21]. Furthermore, LSTM is a special variant of the RNN that is mainly suited for handling nonlinear time series with larger time intervals and delays, which adds in retaining memory for predictive tasks [22]. Conversely, LSTM models have limitations because they can learn only from past information [23]. Additionally, Bi-LSTM is a variant of LSTM, which can learn from previous and upcoming information due to incorporation of two hidden layers with inverse directions and linked with the same output [24]. As mentioned by [25], CNNs are mainly inspired by computer vision applications, but they have also been successfully applied for financial times series analysis [26,27]. In addition, most prior research focuses on evaluating isolated models (example, LSTM or CNN) or short-term prospects, leaving a critical gap in understanding how advanced DL models perform comparatively in capturing multi-step dependencies for strategic, long-term investment planning. This study addresses this gap by conducting the first comprehensive comparative analysis of six state-of-the-art DL architectures of the GRU, RNN, Bi-LSTM, LSTM, CNN, and Deep Neural Network, applied to forecast fossil energy prices for energy security and financial stability. Moreover, the papers utilize five major fossil fuel benchmarks including crude oil, natural gas, Brent oil, RBOB gasoline, and heating oil, which play a central role in shaping global energy security, macroeconomic stability, and financial market dynamics. Additionally, the fossil fuels prices are highly sensitive to geological risks, supply chain disruptions, policy uncertainty, and international market fluctuations, which makes fossil energy markets ideal setting to evaluate the predictive ability of advanced deep learning models for long horizon forecasting. Therefore, this study goes beyond short term volatility analysis and contributes to long term predictive insights that are essential for policymakers, institutional investors, and energy security authorities.



Despite the growing literature on deep learning for price forecasting, a clear gap exists in the application of these methods to long-horizon forecasting of fossil energy commodities (crude oil, natural gas, and coal). Prior studies overwhelmingly concentrate on either short-term predictions (for example: next-day and intra-day horizons) or predominantly forecast stock markets and electricity pricing, where high-frequency data and immediate volatility dominate [28,29,30]. In contrast, multi-month to multi-year forecasting of primary energy carriers, which is critical for strategic energy policy, infrastructure investment, hedging, and national energy security planning, remain severely underexplored. Therefore, to the best of our knowledge, no prior study has systematically compared major deep learning architectures (DNN, RNN, LSTM, Bi-LSTM, GRU, and CNN) on long-term fossil energy price prediction tasks. This study fills that gap by providing the first comprehensive benchmarking of these six widely used architectures specifically under extended forecasting horizons. I explicitly demonstrate which architectures most effectively capture the complex nonlinear dynamics and long-range temporal dependencies that characterize global fossil energy markets. The comparative framework and empirical findings presented here therefore extend well beyond routine application of off-the-shelf models and establish a new reference point for future research in energy commodity forecasting. Some of the key contributions of this paper are mentioned below.



Informed long-term energy forecasting: The paper contributes towards the critical gap in forecasting fossil energy prices over extended period, which supports strategic investment planning, hedging decisions, and national energy security measures.



Modeling nonlinear dynamics: Numerous existing studies in the financial market prioritize next-day price predictions. Contrary, this research exploits the temporal dependencies and captures complex temporal patterns in the energy markets using deep learning techniques designed for sequential financial data.



Comprehensive assessment of DL models: The study focused on extensive experiments to compare the predictive robustness of six key deep learning models including LSTM, DNN, RNN, Bi-LSTM, GRU, and CNN, presenting a thorough understanding of their performance in financial forecasting.



Implications for Energy security and Financial Stability: The study assists in delivering a more accurate and reliable forecast for the energy commodities, which empowers investors to make informed decisions, reduce risks, and develop trading strategies including trend-following or mean-reverting techniques. Additionally, accurate predictions can assist governments optimize strategic energy reserves, supporting market stability.



Economic and Financial Comprehensions: The study mentions actionable insights for a wider market participants, exhibiting how accurate forecasting can mitigate herding behaviors, stabilize energy prices, and promote data-driven investment strategies.



Expanding Financial Machine Learning: This study contributes to the increasing body of literature on financial machine learning by applying state-of-the art algorithms to a critical market index, further highlighting its transformative potential for market analysis and investment management.



The structure of paper is summarized as follows. Section 2 mentions related work, Section 3 briefly discusses six deep learning models and their architecture. Section 4 mentions the data, methodology, and experimental setup, Section 5 mentions the results and discusses them, and Section 6 concludes the paper.




2. Related Work


Over the past few decades, financial market analysis has mostly been influenced by the Efficient Market Hypothesis (EMH), which stressed economic values and led to a stationary approach to forecasting stock price indices. According to EMH, financial markets particularly stock prices follow a random process, and making accurate price predictions almost impossible. With the passage of time, as research in market theory expanded, new insights into the predictable components of stock prices gradually appeared, making stock price predictions more viable. Traditional stock price prediction techniques mostly relied on mathematical and statistical models [31,32], fractal theory [33,34,35], and fuzzy theory [36]. Despite their extensive use, these classical statistical models often had narrowed predictive power because of the statistical laws that governed the variables they aimed to foresee [37]. Moreover, these limited capabilities persuaded the researchers to merge fuzzy theory with statistical methods to extract more refined insights into stock price movements. Combining with statical models, machine learning techniques including Random Forest (RF), Decision Trees (DTs), and ANN, have achieved popularity in stock price prediction. While these models have gained success, they remain somewhat limited in their ability to completely capture the complex, nonlinear characteristics of fossil fuel price behavior.



Nevertheless, machine learning models generally outperformed the traditional models; their predictive performance, however, remains relatively superficial, indicating a need for further improvements to better understand the deeper complexities of financial market dynamics [38,39]. Ref. [40] applied three machine learning models to predict two indices namely CNX Nifty and S&P Bombay Stock Exchange (BSE) Sensex by taking data between January 2003 and December 2012. Their results proved the effectiveness of two stage fusion model in reducing the overall prediction error. In addition, ref. [41] utilized numerous machine learning algorithms to understand the dynamics of market risk premia of Chinese stock market returns and to evaluate the prediction power of machine learning algorithms. In addition to establishing outstanding predictive performance of neural networks during Chinese stock market crash of 2015, their results showed strong predictability of retails investors short-term focus especially for small stocks. Ref. [42] used DNNs and traditional ANNs to predict the daily return direction of the SPDR S&P 500 ETF. Their results showed high accuracy of DNN-based classification model. Further, ref. [43] tested the performance of linear model (LM), ANN, RF, and Support Vector Regression (SVR) on three major indices of Ibex35, DAX, and Dow Jones industrial (DJI). Their results demonstrated that combination of ML and technical analysis strategies effectively achieves enhanced trading signals and makes the proposed trading rules more effective. Moreover, ref. [44] used various machine learning algorithms and demonstrated that investors can find profitable technical trading rules using historical prices, while establishing that genetic algorithms provide an advantage in creating profitable in comparison with the machines learning algorithms aimed particularly on minimizing losses.



Recent advancements in DL have revolutionized financial time series forecasting, yet the field remains divided on the optimal architecture for stock index prediction. Early work by [45] demonstrated LSTM’s efficacy in capturing short-term stock price dependencies, and they have gathered substantial attention due to their versatility and effectiveness across a wide range of applications. To simplify the LSTM architecture, ref. [46] propose leveraging the content of the long-term memory cell within a recurrent block containing only two gates. Nevertheless, this approach overlooks the significance of the LSTM output, which may limit its applicability to more complex tasks, despite its potential utility in simpler scenarios. In addition, these studies focused narrowly on single-model evaluations, neglecting comparative performance analyses. Moreover, ref. [47] highlighted Bi-LSTM’s edge in incorporating forward-backward temporal contexts. With their complex hidden layers, deep learning models are more effective than traditional machine learning algorithms because of their ability to learn and model complex patterns in large datasets, and therefore achieving higher accuracy [48,49]. For the nonlinear, complex, and often chaotic nature of stock market price movements, deep learning methods are poised to show significant predictive advantage. The previous literature on the use of deep learning for financial market prediction is ample. For example, ref. [50] utilized a hybrid dynamic correlation-based DCDNN model to predict the correlation between China, Hongkong, United States, and European stock markets. In addition to proving the effectiveness of deep learning models in successfully predicting the correlation among global stock markets, their results also demonstrated that DCDNN performed better especially during the 2008 financial crisis. In addition, ref. [51] utilized LSTM to predict the US stock index of S&P500, and showed that the model achieved excellent prediction performance compared to a standard DNN and logistic regression. Moreover, ref. [52] applied a deep learning-based CNN and ANN and achieved a higher accuracy of 98.92% and 97.66% for stock price predictions, respectively.



Additionally, ref. [53] performed a comparative analysis of machine learning and deep learning models and highlighted CNN-LSTM model to accurately predict the stock prices. Moreover, ref. [54] used a combination of three Deep Neural Networks of RNN, LSTM, and CNN to predict the price of NSE listed companies, and quantified the performance using percentage error. Recently, ref. [55] showed that the CNN outperformed all other deep learning models in forecasting stock prices of Halal tourism sentiment index. Furthermore, ref. [56] proven that LSTM models provided an impressive mean absolute error (MAE) reduction of 23.4% compared to traditional forecasting methods, with an excellent forecast accuracy of 89.7% in the financial market predictions. In addition, ref. [57] used deep learning models to predict the stock prices of three well-known companies by taking data from January 2011 to September 2022. Their results showed that the GRU and LSTM outperformed in prediction accuracy by regularly attaining lower MAPE values across multiple datasets. The application of GRUs in finance, though less explored, has gained traction due to their computational efficiency. For instance, ref. [58] reported the GRU’s parity with LSTM in predicting stocks and Crypto returns but did not extend their analysis to multi-step forecasting. In addition, ref. [59] integrated environmental data and financial indicators using the PCA-GRU-LSTM model to improve stock price forecasting, emphasizing the role of environmental factors and advance machine learning techniques in financial predictions. More recently, ref. [60] explored forecasting realized volatility in stock indices using advanced techniques, by using data of Shanghai Stock Exchange Composite (SSE), Infosys (INFY), and the National Stock Exchange Index (NIFTY). They proposed a hybrid model combining optimized Variational Mode Decomposition (VMD) with deep learning methods of the ANN, LSTM, and GRU, and demonstrated that the DL model provided highly accurate volatility predictions, offering practical benefits for financial institutions in effective management of the risk. Recently, ref. [61] utilized DL models to forecast electricity prices and nominated VMD-BiLSTM architecture to better predict a day-ahead electricity price of the US.



Despite increasing interest in AI-driven forecasting, deep learning applications to fossil energy markets remain limited compared to extensive work on equity and cryptocurrency markets. Much of the existing research focuses on stock indices, offering little insight into how these methods apply to the unique behavior of fossil fuel prices driven by geopolitical shocks, supply disruptions, and structural cycles. In energy markets, most prior studies are review papers rather than empirical forecasting analyses, such as [62,63,64,65], resulting in limited evidence on the effectiveness of different model types.



For fossil fuels, only a few empirical studies focused on ML models on energy commodities, and these typically examine single assets, narrow model selections, and short horizons. For example, ref. [66] forecasted Morocco’s oil and natural gas consumption and production using regression and machine learning models to assess future energy security risks and guide policy decisions aligned with the country’s NDC commitments. In addition, ref. [67] showed that ML models including Neural Networks and RFs outperform traditional econometric methods in forecasting major global energy commodity prices and uniquely captured market turning points. Ref. [68] proposed a QHSA-LSSVM hybrid model that optimized LSSVM parameters using a quantum harmony search algorithm and demonstrated higher accuracy in forecasting China’s fossil fuel energy consumption for power generation compared to traditional regression, GM (1,1), BP, and standard LSSVM models. Recently, ref. [69] used optimized machine learning models to accurately forecast China’s overall energy use, fossil fuel consumption, and electricity demand, mentioning that CatBoost-ARO, XGBR-ARO, and LightGBM-ARO achieved the highest predictive accuracy and effectively capture underlying consumption patterns driven by rapid industrialization and urbanization. Additionally, previous work rarely connects forecasting outcomes to energy security or financial stability, leaving a clear gap that this study addresses.



To address these gaps, our study provides new insights and tackles the critical limitations presented in the previous research. First, most studies prioritize short-term horizons of daily predictions, overlooking the need for models that stabilize performance over extended periods, which is a prerequisite for long-term portfolio management. Second, fossil energy prices remain understudied compared to other financial markets, despite their distinct exposure and importance for global economies and financial market participants. Third, the study provides one of the first systematic comparisons of GRU, LSTM, Bi-LSTM, RNN, CNN, and DNN models applied to long-horizon fossil energy price forecasting. By employing consistent datasets, identical preprocessing procedures, and multiple performance metrics (RMSE and MAPE), this study provides a more rigorous and comparable evaluation of model performance. The findings highlight the dominance of recurrent architecture in capturing nonlinear temporal dynamics, thereby offering new insights into the suitability of deep learning models for energy security analysis and financial decision-making. Therefore, this study is first to explore applicability and a thorough comparative analysis of six key deep learning methods applied to effectively predict fossil energy prices. In addition, it has been proven that accurate prediction can play a vital role in long-term investment strategies by offering insights into upcoming market trends, thereby assisting investors to make more knowledgeable decisions. Further, the study provides valuable insights by highlighting effective deep learning models that can help in altering investment strategies based on evolving market states, confirming that long-term investments are associated with expected future trends, eventually improving the chances of attaining sustainable returns.




3. Deep Learning Models


3.1. Deep Neural Network (DNN)


Introduced in the 1940s, the focus of the ANN is on input and output layers, in addition to hidden layers among the neural networks, while the DNN includes an extension with compact hidden layers with hierarchical topology. Proposed by [70], the major difference lies in the number of hidden layers, where the DNN uses multiple layers to enable the model to acquire more sophisticated and abstract representations of the data. This study uses the DNN designed for times series forecasting using multiple layers, which are necessary in seizing the complex patterns of the data. The architecture contains an input layer, multiple hidden layers, and an output layer. The following Figure 1 shows the architecture of a standard DNN.




3.2. Recurrent Neural Network (RNN)


A Recurrent Neural Network is an advanced type of neural network that features internal memory, enabling it to process lengthy sequences of data [71]. This characteristic makes RNNs particularly effective for tasks like stock price prediction, which requires the analysis of extensive historical data. In addition, RNNs leverage the sequence of data to develop a memory that helps them interpret both current and past information within that sequence. The concept of simple RNNs was first introduced by [72]. This paper utilizes the simple RNN model, which is fully connected. A fully connected RNN means that every neuron in one layer is linked to every other neuron in the subsequent layer, as shown in Figure 2.




3.3. LSTM and Bi-LSTM


LSTM is a specialized variant of RNNs that are designed to handle sequential data such as time series by maintaining internal memory of prior inputs. While RNNs are effective for these types of tasks, they often encounter the issue of vanishing gradients [73], which can slow down the learning process or cause it to halt entirely. To address this challenge, LSTMs were developed by [45]. Furthermore, they are capable of retaining information over longer periods and can effectively learn from inputs with significant time gaps among them. In addition, the LSTM architecture has proven to be highly effective in modeling time series data across a range of frameworks, with its direct application having outperformed conventional machine learning and Artificial Neural Network techniques [74]. An LSTM network comprises three distinct gates: the input gate, which governs the inclusion of new information. Secondly, the forget gate, which is responsible for discarding irrelevant data. Finally, the output gate, which determines the information to be released. Further, Bidirectional LSTM (Bi-LSTM) was introduced by [75], which enhances LSTM by processing data in both forward and backward directions, allowing it to capture dependencies from both the previous and upcoming context. Figure 3 illustrates the architecture of LSTM and Bi-LSTM. This paper utilizes LSTM and Bi-LSTM for time series forecasting.




3.4. Convolution Neural Network (CNN)


The Convolution Neural Network is a specific type of DNN that incorporates convolution layers, as introduced by [76]. CNNs are widely used for tasks related to vision and image processing, such as image classification, object detection, and image segmentation [77,78,79]. In addition, the CNN has been utilized in several studies for predicting stock market trends [80,81]. One of the key advantages of CNNs over traditional deep learning models, such as Deep Multilayer Perception (DMLP), is their reduced number of parameters. Further, the use of kernel window functions for filtering allows CNN architectures to perform image processing with fewer parameters, which is advantageous in terms of computational efficiency and storage requirements. Moreover, CNN architecture typically includes several types of layers: convolutional, max-pooling, dropout, and fully connected Multilayer Perceptron (MLP) layers. Figure 4 presents the architecture of the CNN model. The CNN is one of the deep neural models that is utilized in this paper for time series forecasting.




3.5. Gated Recurrent Unit (GRU)


Introduced by [82], the GRU is a subtype of RNN that resolves the issue of long-distance information capture by integrating a gating structure. The GRU is a simplified type of LSTM, integrating only two gates, the update gate and reset gate. The role of an update gate is to regulate the extent of the current output and former output to be moved to the next cell. However, the reset gate determines the quantity of the past information that must not be recalled. In addition, the reset gate plays a vital role in the model in controlling the extent to which the prior hidden state is discarded and how much of the new input is contained. Previous research shows that the GRU is computationally more efficient compared to LSTM [83], due to its capabilities for faster training [84]. The architecture of the GRU model is shown in Figure 5.





4. Methodology, Experiments, and Data


The study uses the same configuration for all the six deep learning models to ensure an unbiased comparison. The dates are converted into integer values ranging from 1 and   n  . Previous research shows the importance of normalized data in the process [85,86,87], due to noisy data of financial time series; therefore, the study uses min-max scaler formula to normalize the data before further processing, ensuring that the model is trained on a complete and clean dataset, which is presented in the following Equation (1).


    X   s c a l e d   =    X −   X   m i n       X   m a x   −   X   m i n       



(1)







In the above equation   X   is the feature matrix, and     X   m i n     and     X   m a x     signify to its minimum and maximum values, respectively. Moreover, I used daily price data for five major fossil energy commodities including crude oil, Brent oil, RBOB gasoline, natural gas, and heating oil sourced from Yahoo Finance. The use of data sources from Yahoo Finance is well-established in the empirical literature, specifically in studies involving high frequency financial time series. More specifically, refs. [88,89] utilized Yahoo Finance data to analyze major energy sector commodities and their associations with boarder financial markets. More recently, refs. [90,91,92] have used the data from Yahoo Finance to model market behavior, develop prediction engines, and examine the role of big data analytics in trading decision-making. Therefore, the adoption of this data source in the present study is aligned with established methodological practices in the literature, including prior research on financial networks and market dynamics such as [93]. The detailed description of each energy commodity, along with its ticker and data source, is presented in Table 1. These energy prices serve as critical benchmarks for global energy markets, influencing energy security, investment strategies, and macroeconomic stability. In addition, I use an extended daily dataset, spanning from 4 January 2016 to 28 August 2025, which serves a thorough overview of the market periods comprising bearish, bullish, and stagnant market trends, enhancing the model’s ability to generalize.



The descriptive statistics of the five fossil energy commodities, in Table 2, provides an initial understanding of their price behavior and underlying market characteristics over the sample period between January 2016 and August 2025. Crude oil exhibits an average price of USD 63.72, with a relatively high standard deviation of 17.82, indicating substantial volatility. The interquartile range, defined by the 25th percentile (USD 50.84) and 75th percentile (USD 74.83), shows that most of the trading activity occurred within a moderately dispersed price band. Similarly, Brent oil displays a mean value of USD 68.02, accompanied by a standard deviation of 18.12, highlighting volatility patterns comparable to crude oil. Its price fluctuated between USD 19.33 and USD 127.98, consistent with global supply or demand disruptions, geopolitical tensions, and commodity-specific shocks. However, natural gas shows a lower mean of USD 3.20 with a standard deviation of 1.42, suggesting moderate volatility relative to oil benchmarks. Additionally, heating oil and RBOB gasoline also demonstrate distinct volatility structures. Heating oil, with a mean of USD 2.14 and standard deviation of 0.71, reveals moderate fluctuation, ranging from USD 0.61 to USD 5.14. In comparison, RBOB gasoline averages USD 1.98 with a standard deviation of 0.58, and prices span between USD 0.41 and 4.28, capturing the dynamics associated with refining margins, crude oil pass-through effects, and seasonal driving trends. These patterns justify the use of deep learning models capable of capturing nonlinear dependencies and volatility clustering inherent in energy commodity price movements.



In addition, I employed a chronological split, where the first (80%) of the data was allocated for training, and the remaining 20% was reserved for evaluating model performance and testing. By implementing this approach, I ensure that future data are never used to inform past predictions, thereby preventing data leakage. Moreover, time series sequences were created using a sliding window of 60 days, enabling the models to learn temporal dependencies. Moreover, the models are trained using a batch size of 32 and optimized using the Adam optimizer. Furthermore, each of the six models undergoes training for a total of 100 epochs to ensure effective learning and convergence. The experimental setup involves strict temporal ordering, separate scaling in form of MinMaxScalar, and no future information to prevent any data leakages. In addition, Table 3 mentions the parameters and values.



Since the primary objective of the study is to provide comparative baseline performance of six different deep learning architectures (LSTM, DNN, RNN, Bi-LSTM, GRU, and CNN) on commodity time series prediction using the five fossil fuel energy prices. As such, I adopted commonly used and empirically validated parameters including 256 units, dropout of 0.2, batch size of 32, and 100 epochs, that are widely recognized in the literature as robust starting points for the time series forecasting tasks [94,95]. Additionally, this has been carried out to ensure a fair and controlled comparison among all models, and to use consistent architectural and training parameters across the different models. Therefore, this selection avoids introducing variability from extensive tuning which could bias results in favor of a particular model. All the six DL models used standard configurations without custom modifications to architecture depth or connectivity. The uniformity ensures the models are directly comparable in structure and capacity.



Once the model training phase is complete, predictions are generated for the future prices using the test dataset, and the results are compared with actual values using inverse transformation. The deep learning model’s prediction accuracy and reliability is evaluated using Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE). RMSE is a widely used metric that effectively captures the magnitude of prediction errors, while MAPE evaluates relative errors, making it particularly suitable for comparing performance across different indices. These metrics have been extensively utilized in prior studies and are recognized as robust indicators of forecasting accuracy in financial time series analysis [95,96]. The analytical formulations of RMSE and MAPE are defined as follows.


  R M S E =     1   N      ∑  i = 1   N      (   y   i   −     y  ^    i   )   2       



(2)






  M A P E =    1   N      ∑  i = 1   N           y   i   −     y  ^    i       y   i           



(3)




where     y   i     is the original time series,       y  ^    i     indicates the predicted time series achieved from the model, and   N   signifies the number of observations. Moreover, the less the values of RMSE and MAPE, the better the performance of the model.




5. Results and Discussion


This paper evaluated the predictive performance of numerous deep learning models, such as LSTM, DNN, RNN, CNN, Bi-LSTM, and GRU, in forecasting fossil energy prices. Additionally, the models are assessed using key metrices of RMSE and MAPE, and this section summarizes and discusses the results obtained after examining the five fossil fuel prices.



5.1. Crude Oil


Table 4 mentions the forecasting results for crude oil. Interestingly, the LSTM model outperformed all other deep learning architectures, demonstrating superior predictive accuracy with the lowest test RMSE (23.3159) and test MAPE (0.4603), along with achieving a strong training RMSE (1.8443) and training MAPE (0.0318). This implies that the LSTM model not only fits the training data of crude oil prices well but also generalizes effectively to unseen data. Additionally, the results show that the Bi-LSTM model also performed competitively and almost equally, and stands at second spot after LSTM, with a training RMSE value of 23.3505, and test MAPE of 0.4603, confirming its robust temporal learning capability and high consistency with the LSTM model. Therefore, these results demonstrate that Bi-LSTM is a robust alternative with strong generalization capability compared to LSTM for crude oil data.



Furthermore, the RNN model provided a test RMSE of 24.1147 and a test MAPE of 0.4766, representing reasonable predicting capability but slightly lesser generalization compared to LSTM-based models. The GRU model stands at fourth spot with a test RMSE of 25.5417 and a test MAPE of 0.5072, suggesting that an effective handling of sequential dependencies but less sensitive to complex temporal variations in crude oil price fluctuations. In contrast to conventional RNNs, the GRU employs a gating mechanism that efficiently regulates the information flow, enabling it to keep crucial dependencies while eliminating unnecessary input. In the financial time series forecasting, where historical trends significantly influence future movements, this architecture is especially helpful. Moreover, the DNN model exhibited higher test errors   ( R M S E = 26.5778 , M A P E = 0.5305 )  , signifying limited capability to capture sequential dependencies due to its static feedforward structure. Additionally, the CNN model stands at the last spot with a highest test RMSE value of 27.0272 and test MAPE of 0.5391, reflecting weaker performance. The underperformance of the CNN and DNN for complex data underscores the challenges of utilizing feedforward architectures to the financial time series data, as these models lack inherent mechanisms to model temporal dependencies effectively [97]. While CNNs stand out in feature extraction, their dependence on spatial hierarchies may not align well with the sequential patterns inherent in commodity of crude oil price. Figure 6 presents visually the price patterns of actual and individual models’ prediction in the training and testing phases. The break point splits the training and testing phases.



To sum up, LSTM and Bi-LSTM models demonstrate clear superiority in modeling the dynamic and nonlinear characteristics of crude oil price fluctuations. Their ability to retain long-term dependencies enables them to adapt to complex market influences including geopolitical tensions, production adjustments, and overall demand shifts. Additionally, the superior performance of LSTM-based models reveals their potential as reliable tool for anticipating crude oil price, a key commodity, which policymakers can leverage to stabilizing energy markets and minimizing economic shocks. These results are intuitive given the structural characteristics of global crude oil markets: oil prices tend to follow smoother cyclical movements influenced by OPEC production policies, global demand cycles, and macroeconomic conditions. Therefore, these slower-moving dynamics are well captured by LSTM-based models, whose gating mechanisms allow them to retain wider dependencies in the data. In contrast, the GRU performs relatively well but slightly underperforms LSTM, likely because its simplified architecture captures short-term patterns effectively but is less suited to commodities with multi-month structural price cycles. Furthermore, the results imply for analysts dealing in crude oil market, policy units, and long-term strategic planners, that LSTM-family models appear most reliable for medium- to long-horizon monitoring, investment planning, and reserve allocation. Integrating LSTM predictions into risk dashboards could help anticipate multi-week and multi-month market shifts more effectively than traditional models.




5.2. Natural Gas


Table 5 exhibits the forecasting results for natural gas prices across all deep learning models, while Figure 7 visually explains the actual versus predicted price patterns. The results reveal that the GRU model demonstrated the most effective predictive performance, achieving the lowest test RMSE (0.6811) and test MAPE (0.1967), while maintaining competitive training accuracy with a train RMSE of 0.0920 and train MAPE of 0.0242. This indicates that the GRU model generalizes well to unseen data and effectively captures the nonlinear dynamics inherent in natural gas price movements. The ability of the GRU model to retain long-term dependencies while preventing vanishing gradient issues makes it particularly well-suited for forecasting complex and volatile time series including natural gas prices. The finding aligns with the known volatility profile of natural gas markets, where prices exhibit sharp seasonal spikes (for example, winter heating demand), sudden supply disruptions, and storage-related shocks. The GRU’s simpler gating structure makes it more responsive to these abrupt, high-frequency changes, avoiding over-smoothing, which is a common issue for LSTM in highly volatile contexts.



Another key finding is robust generalization of LSTM-based models. We can observe that Bi-LSTM model ranked second, with a test RMSE value of 0.7076 and test MAPE of 0.2056. Followed closely, the LSTM model (test RMSE 0.7133, test MAPE 0.2063), placed at third spot for effective predicting of natural gas prices. Additionally, both architectures exhibited a comparable performance, implying that bidirectional processing of sequential dependencies provides marginal gains in predictive accuracy. Moreover, the DNN model also delivered reasonable test results (RMSE 0.6821, MAPE 0.1952), indicating that while feedforward architectures can capture overall trends, they may lack the temporal awareness compared to recurrent models of the GRU and Bi-LSTM.



Contrary to other DL models, the RNN and CNN models show relatively weaker test performance, with test RMSE values of 0.7329 and 0.7298, and test MAPE values of 0.2143 and 0.2121, respectively. The basic RNN model’s limitations likely stem from its inability to effectively manage long-term dependencies, while the CNN model’s comparatively higher test error may be attributed to its spatial convolutional structure being less suitable for sequential temporal forecasting [98].



Overall, the results emphasize that the GRU model delivers the most reliable and stable prediction for natural gas prices, outperforming both simple recurrent and convolutional models. The small gap among its training and testing errors further indicates strong generalization capability and minimal overfitting. Given the critical role of natural gas in energy production and industrial use worldwide, the accurate forecast of pricing will eventually provide higher energy security, and informed hedging strategies. Additionally, traders, utility companies, and regulators monitoring short-term gas price fluctuations, the GRU provides a more responsive and accurate tool for capturing sudden market shifts. This can support decisions like procurement timing, hedging strategies, and seasonal reserve planning.




5.3. Brent Oil


The results of Brent oil reveal that the Bi-LSTM model achieved the best performance, achieving the lowest test RMSE (27.5013) and test MAPE (0.5128), along with the smallest training RMSE (1.0590) and training MAPE (0.0162), as shown in Table 6. This outcome indicates that the Bi-LSTM effectively captures both short- and long-term dependencies, adapting well to Brent oil’s complex temporal fluctuations. Followed closely, the LSTM model also performed competitively, with a test RMSE of 27.6452 and MAPE of 0.5159, reaffirming its robustness. While comparing it with crude oil price prediction, where LSTM-based models also showed top performance, it was demonstrated that this architecture is particularly consistent across related fossil energy markets that share similar volatility characteristics. Brent oil prices, influenced by international benchmarks, geopolitical tensions, and supply coordination among exporting countries, follow patterns that show both persistence and momentum. While relying on the results, LSTM-based models outperform at capturing such gradual but meaningful directional shifts. Similarly, the GRU performs reasonably well, but its predictive power is not as strong as LSTM for a fossil fuel commodity of brent oil with well-established long-range dynamics. Moreover, the visual results of Brent oil by utilizing all the DL-based models are presented in Figure 8.



Additionally, the results reveal that the GRU model demonstrates competitive generalization ability, with a test RMSE value of 25.7639, and test MAPE of 0.4779, though its learning curve suggests it reacts faster to recent changes than to extended historical dependencies. Meanwhile, DNN and CNN models display moderate forecasting power for Brent oil, mainly capturing broad price patterns rather than subtle time-based variations. The RNN, however, lagged in effective prediction compared to other models, reflecting its limitations in retaining long-term dependencies and managing nonlinear market dynamics.



Finally, the results achieved for Brent oil shows that Bi-LSTM and LSTM models stand out as the most effective for forecasting the prices, given their ability to learn from long-range patterns while preserving short-term volatility signals. Additionally, the results are consistent with the findings for crude oil price forecast where LSTM models demonstrated reliability and accurate prediction. These findings suggest that advanced recurrent models, especially Bi-LSTM and LSTM, can serve as dependable analytical tools for traders, analysts, and policymakers seeking to enhance predictive precision, and optimize energy investment decisions. Moreover, the deep learning models of Bi-LSTM and LSTM, which demonstrated excellent predictive abilities for Brent oil and crude oil prices, can be integrated into algorithmic trading systems or decision-support tools to enhance portfolio performance.




5.4. Heating Oil


Table 7 presents the DL models summary results for heating oil prices, while Figure 9 illustrates the comparison between actual and predicted prices in both training and testing phases. Among all models, the GRU model demonstrated the highest predictive accuracy, achieving the lowest test RMSE (0.8803) and test MAPE (0.5489), confirming its effectiveness in capturing complex temporal and nonlinear dynamics in heating oil prices. The LSTM model followed closely, demonstrating a test RMSE of 0.9067 and MAPE of 0.5665, confirming its robustness and adaptability. The results further validate the consistency of LSTM architectures, which have already shown reliable forecasting strength for other commodities including crude oil and Brent oil, suggesting that LSTM-based frameworks can generalize well across different fossil fuel types. Similarly, the Bi-LSTM model produced slightly higher error metrics   ( t e s t   R M S E   0.9137 , M A P E   0.5709 )  , though it maintained stable learning behavior and captured the cyclical nature of heating oil prices effectively. These results further demonstrate superior capabilities of the GRU model on the test set. Heating oil prices are strongly seasonal, highly sensitive to short-term weather variations, refinery disruptions, and fuel-switching behavior in winter months. These factors create irregular, short-lived spikes that favor models capable of quick adaptation. The GRU’s efficiency and lower computational burden help it adjust faster to sudden deviations, which explains its edge over LSTM-based models in this category.



Additionally, the DNN and CNN models reported moderate performance, with higher test MAPE values (0.5659 and 0.5983, respectively), indicating that their static architectures may not fully capture sequential dependencies inherent in time series data. Similarly, it is not surprising that the RNN model produced the weakest results with a test RMSE of 0.9505 and test MAPE of 0.5973, highlighting its limitations in handling longer time dependencies compared to gated or bidirectional structures, like other fossil fuel commodities.



Given the direct link between heating oil costs, energy consumption, and household expenditures, better price predictions can help governments design more effective energy pricing and subsidy policies to stabilize inflationary pressures. Furthermore, for industries dependent on heating oil, such as manufacturing and logistics, reliable forecasts can enhance budget planning, operational efficiency, and cost management. Moreover, utility companies, fuel distributors, and winter risk managers may benefit from using GRU-based forecasting systems, which better anticipate rapid seasonal changes. Finally, incorporating GRU- and LSTM-based forecasting models can offer energy market stability, assisting policymakers to anticipate price shocks, and improve economic resilience against global oil market volatility.




5.5. RBOB Gasoline


Table 8 presents the forecasting performance for RBOB gasoline prices by utilizing all the six deep learning models, and Figure 10 visualizes the actual and predicted price patterns in both the training and testing phases. Among the evaluated models, the GRU model demonstrates the most accurate predictive capability, achieving the lowest test RMSE value of 0.7260 and test MAPE of 0.4345. This indicates that the GRU effectively captures temporal dependencies and nonlinear patterns in RBOB gasoline price movements, consistent with its strong performance in forecasting the heating oil prices. Additionally, gasoline markets are affected by refinery outages, transportation logistics, and demand fluctuations tied to driving patterns, all of which create sudden and short-lived price shocks. Therefore, the GRU’s architecture is remarkably suited to learning such high-frequency fluctuations without overshooting and lagging.



Additionally, the LSTM and Bi-LSTM models also perform well, with test RMSE values of 0.7701 and 0.7827 and test MAPE values below 0.47. These results confirm the robustness of memory-based recurrent models in managing sequential data with complex temporal interactions, cementing their importance further in effective forecasting of fossil fuel energy markets. Conversely, the DNN, RNN, and CNN models show weaker generalization on the testing data, suggesting that purely feedforward models are less effective for a volatile market time series. Finally, the implications of these results extend towards wider stakeholders, from gasoline market analysts and downstream suppliers to trading desks managing short-term exposure. The GRU model provides the most reliable predicting performance for RBOB gasoline, enabling more informed inventory planning, price-setting strategies, and volatility-management decisions, particularly during periods of demand uncertainty.



When comparing RBOB gasoline with other four energy commodities of crude oil, Brent oil, natural gas, and heating oil, an interesting and consistent performance pattern emerges, which is that models that include gating mechanisms such as LSTM and GRU consistently deliver superior forecasting accuracy, reflecting their strength in managing broader dependencies and irregular market fluctuations. Additionally, the LSTM-based models achieved the best results for crude and Brent oil, and the GRU model performed better for natural gas, heating oil, and RBOB gasoline. This suggests that the GRU’s simpler architecture and faster convergence make it particularly effective for high-frequency price variations and unstable market conditions.



The observed performance differences can be attributed to the intrinsic design of the model architectures and the volatility characteristics of each commodity. LSTM and Bi-LSTM models, with their triple-gate structures, outperform at capturing long-term dependencies and smoothing over transient fluctuations, which aligns well with crude and Brent oil prices that are influenced by geopolitical events and longer-term market cycles. In contrast, GRU models, with their simpler dual-gate design, converge faster and are less prone to overfitting, making them more efficient in capturing the high-frequency, abrupt fluctuations characteristic of natural gas, heating oil, and RBOB gasoline. This mechanistic insight explains why the GRU outperforms LSTM-based models for commodities with spikier, short-term volatility, while LSTM-based architectures better track commodities with persistent, long-horizon price trends.



To sum up, the findings of this study provide direct implications for broader investment strategies. Accurate prediction of fossil energy prices is critical because volatility in crude oil, Brent oil, natural gas, heating oil, and RBOB gasoline can directly affect investment decisions, risk management, and energy security. By demonstrating the superior predictive performance of memory- and gating-based deep learning models, including LSTM and GRU models, this study provides market participants with practical tools to anticipate price movements more reliably. Additionally, integrating advanced predictive analytics fosters sustainable investment practices and resilient energy markets. Investors, regulators, and market participants can align operational and financial decisions more closely with underlying market dynamics. This not only supports economic stability but also facilitates more strategic, data-driven management of energy resources in an era of persistent volatility and global energy transitions.





6. Conclusions


Fossil energy price volatility has profound financial and macroeconomic implications. In response, this study explored the effectiveness of six widely used deep learning models including the GRU, LSTM, Bi-LSTM, RNN, CNN, and DNN, across five major energy commodities including crude oil, Brent oil, natural gas, heating oil, and RBOB gasoline. Using daily data from 2016 to 2025, the models were trained and tested under a rigorous experimental setup with proper chronological splits, feature scaling, and temporal ordering to ensure unbiased results.



The results demonstrated that models with memory and gating mechanisms, particularly LSTM-based and the GRU, consistently outperform traditional architectures in forecasting energy prices. The LSTM-based models achieved the most accurate results for crude and Brent oil, while the GRU model demonstrated superior performance for natural gas, heating oil, and RBOB gasoline. This performance consistency highlights the capability of recurrent models to capture complex temporal dependencies and nonlinear price dynamics in highly volatile markets. Additionally, the results showed Bi-LSTM and LSTM models prove competitive and leading performance, further emphasizing the importance of sequential data modeling in capturing market movements.



6.1. Implications of the Study


For investors and portfolio managers, the results of the study highlight the potential to enhance strategic asset allocation and risk management. Through utilization of effective deep learning models, investors can enhance their ability to identify better market trends and adapt to short-term fluctuations, thereby fostering more informed and strategic investment practices. Specifically, the LSTM-based models’ accuracy in predicting crude and Brent oil prices supports more informed decisions in energy-focused equities and commodities trading, while the GRU model’s strength in forecasting natural gas, heating oil, and RBOB gasoline can guide investment in regional energy markets and derivative instruments. Additionally, investors and portfolio managers can make better-informed decisions regarding energy-related assets, mitigating financial risk associated with volatile markets. Moreover, Bi-LSTM predictions for Brent oil can inform hedging contract duration and position adjustment based on forecasted price swings, while the GRU forecasts for natural gas and RBOB gasoline can guide short-term trading strategies and risk-adjusted hedge sizing to manage exposure effectively. By translating model performance into actionable strategies, the study highlights how advanced forecasting tools can support evidence-based policy and investment planning, ultimately contributing to more stable and resilient global energy markets.



For policymakers and energy regulators, the study provides actionable guidance on integrating model forecasts into energy security and regulatory planning. Reliable price predictions can inform not just about the timing and scale of strategic reserves but also threshold-based responses to extreme market scenarios. Specifically:




	-

	
Crude and Brent oil: Forecasts can guide reserve management, import or export decisions, and long-term energy contracts.




	-

	
Natural gas: Predictions support domestic supply planning, industrial pricing policies, and adjustment of storage levels during high-demand periods.




	-

	
Heating oil and RBOB gasoline: Forecasts enable regional price stabilization, consumer protection, and monitoring of transportation fuel markets.









By incorporating multi-step predictions and monitoring predicted volatility, governments and energy firms can optimize reserves, mitigate sudden price shocks, reduce speculative behaviors, and enhance overall market stability and investor confidence.




6.2. Limitations and Future Research


The study has certain limitations that require further exploration. First, validating the results requires additional research incorporating hybrid models that leverage the strengths of diverse architectures. For instance, integrating GRUs with attention mechanisms and employing ensemble learning could enhance predictive performance. Additionally, further work may incorporate cross-period and stress-testing for extreme market conditions. Second, future studies should compare DL approaches with traditional statistical and machine learning models to substantiate the superiority of deep learning in financial time series forecasting and benchmark their performance against the findings of this paper. Third, this work can be extended by incorporating hyperparameter optimization techniques, which could improve model generalization and robustness across diverse financial datasets. Forth, further studies may extend the current framework to include macroeconomic indicators, geopolitical events, and energy supply–demand data to enhance model realism and policy relevance, bridging the gap between methodological rigor and applied market utility. Finally, to enhance the practical relevance of this research, future research should include financial metrics including Return on Investment (ROI), win ratio (percentage of profitable trades), and loss ratio (percentage of unprofitable trades). These enhancements may further complement the statistical evaluation of deep learning models and will offer detailed insights for investors and policymakers.
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	RNN
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	Convolution Neural Network
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Figure 1. Architecture of DNN. 
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Figure 2. Architecture of RNN. 
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Figure 3. Architecture of LSTM and Bi-LSTM. 
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Figure 4. Architecture of CNN. 
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Figure 5. Architecture of GRU. 






Figure 5. Architecture of GRU.
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Figure 6. Actual vs. predicted prices of crude oil using DL models. 






Figure 6. Actual vs. predicted prices of crude oil using DL models.



[image: Algorithms 18 00776 g006]







[image: Algorithms 18 00776 g007] 





Figure 7. Actual vs. predicted prices of natural gas using DL models. 
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Figure 8. Actual vs. predicted prices of Brent oil using DL models. 
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Figure 9. Actual vs. predicted prices of heating oil using DL models. 
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Figure 10. Actual vs. predicted prices of RBOB gasoline using DL models. 
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Table 1. Summary of fossil energy price data.






Table 1. Summary of fossil energy price data.





	S.No
	Energy
	Ticker
	Dates
	Source of Data





	1
	Crude Oil Dec 25
	CL = F
	From 4 January 2016 to 28 August 2025
	https://finance.yahoo.com/quote/CL%3DF/history/ (accessed on 29 August 2025)



	2
	Natural Gas Nov 25
	NG = F
	From 4 January 2016 to 28 August 2025
	https://finance.yahoo.com/quote/NG%3DF/history/ (accessed on 29 August 2025)



	3
	Brent Crude Oil
	BZ = F
	From 4 January 2016 to 28 August 2025
	https://finance.yahoo.com/quote/BZ%3DF/history/ (accessed on 29 August 2025)



	4
	Heating Oil Nov 25
	HO = F
	From 4 January 2016 to 28 August 2025
	https://finance.yahoo.com/quote/HO%3DF/history/ (accessed on 29 August 2025)



	5
	RBOB Gasoline Nov 25
	RB = F
	From 4 January 2016 to 28 August 2025
	https://finance.yahoo.com/quote/RB%3DF/history/ (accessed on 29 August 2025)










 





Table 2. Descriptive statistics.






Table 2. Descriptive statistics.





	Fossil Energy
	Mean
	Std. Dev.
	Min.
	Max.
	25th Percentile (Q1)
	75th Percentile (Q3)





	Crude Oil
	63.720874
	17.815333
	−37.630001
	123.699997
	50.835001
	74.830002



	Natural Gas
	3.204958
	1.417490
	1.482000
	9.680000
	2.437250
	3.345250



	Brent Oil
	68.016709
	18.124812
	19.330000
	127.980003
	55.080002
	79.540001



	Heating Oil
	2.141854
	0.710663
	0.610400
	5.135400
	1.638125
	2.465525



	RBOB Gasoline
	1.979949
	0.581000
	0.411800
	4.276200
	1.570125
	2.287325










 





Table 3. Parameters.
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	Parameters
	Value





	Loss
	MSE



	Optimizer
	Adam



	Metrics
	RMSE and MAPE



	Epochs
	100



	Batch Size
	32



	Dropout Rate
	0.2



	Activation Function (Hidden Layers)
	ReLU










 





Table 4. Results for crude oil.
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	Model
	Train RMSE
	Test RMSE
	Train MAPE
	Test MAPE





	DNN
	1.9644
	26.5778
	0.0346
	0.5305



	RNN
	1.0992
	24.1147
	0.0183
	0.4766



	LSTM
	1.8443
	23.3159
	0.0318
	0.4603



	Bi-LSTM
	1.8982
	23.3505
	0.0329
	0.4603



	GRU
	1.1049
	25.5417
	0.0182
	0.5072



	CNN
	1.5179
	27.0272
	0.0260
	0.5391










 





Table 5. Results for natural gas.
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	Model
	Train RMSE
	Test RMSE
	Train MAPE
	Test MAPE





	DNN
	0.1213
	0.6821
	0.0336
	0.1952



	RNN
	0.0839
	0.7329
	0.0215
	0.2143



	LSTM
	0.1130
	0.7133
	0.0306
	0.2063



	Bi-LSTM
	0.1028
	0.7076
	0.0272
	0.2056



	GRU
	0.0920
	0.6811
	0.0242
	0.1967



	CNN
	0.0899
	0.7298
	0.0239
	0.2121










 





Table 6. Results of Brent oil.
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	Model
	Train RMSE
	Test RMSE
	Train MAPE
	Test MAPE





	DNN
	1.7160
	24.7830
	0.0279
	0.4572



	RNN
	1.3499
	28.2239
	0.0217
	0.5286



	LSTM
	1.0973
	27.6452
	0.0168
	0.5159



	Bi-LSTM
	1.0590
	27.5013
	0.0162
	0.5128



	GRU
	1.2332
	25.7639
	0.0199
	0.4779



	CNN
	1.3087
	27.3029
	0.0208
	0.5094










 





Table 7. Results of heating oil.
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	Model
	Train RMSE
	Test RMSE
	Train MAPE
	Test MAPE





	DNN
	0.0364
	0.9024
	0.0186
	0.5659



	RNN
	0.0348
	0.9505
	0.0181
	0.5973



	LSTM
	0.0325
	0.9067
	0.0168
	0.5665



	Bi-LSTM
	0.0331
	0.9137
	0.0172
	0.5709



	GRU
	0.0358
	0.8803
	0.0191
	0.5489



	CNN
	0.0362
	0.9582
	0.0190
	0.5983










 





Table 8. Results of RBOB gasoline.






Table 8. Results of RBOB gasoline.





	Model
	Train RMSE
	Test RMSE
	Train MAPE
	Test MAPE





	DNN
	0.0455
	0.7532
	0.0213
	0.4544



	RNN
	0.0449
	0.7859
	0.0202
	0.4760



	LSTM
	0.0418
	0.7701
	0.0190
	0.4638



	Bi-LSTM
	0.0393
	0.7827
	0.0176
	0.4727



	GRU
	0.0406
	0.7260
	0.0179
	0.4345



	CNN
	0.0507
	0.7852
	0.0256
	0.4727
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