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Abstract: This study uses time series and machine learning techniques to forecast Saudi Arabia’s refined petroleum
output; a significant player in the global energy market. Using data from 1962 to 2022 acquired from the Ministry
of Energy, Kingdom of Saudi Arabia, the study evaluates the forecasting performance of different models such as
Facebook Prophet, Long Short-Term Memory (LSTM), Gaussian Process (GP), and Auto-Regressive Integrated
Moving Average Model(ARIMA) based on metrics including Root mean squared error (RMSE), mean absolute
percentage error (MAPE), relative absolute error (RAE), Akaike Information Criterion (AIC), and training time.
The study results demonstrate that traditional time series models like ARIMA consistently exhibit superior
prediction accuracy, whereas machine learning models like LSTM and GP offer more flexibility but need more
data. Conversely, Prophet Model performs poorly as it often overlooks complex patterns within the data. The
finding of this research work highlights the need for appropriate methodology use and careful model selection
in predictive modeling initiatives to provide decision-makers with relevant information in the energy business.
Future research may look into ways to use ensemble modeling techniques and other exogenous factors to increase

the accuracy of forecasts for petroleum production.

Keywords: time series; prophet model; long short-term memory (LSTM); Gaussian process (GP); ARIMA model;

forecasting; exogenous factors; Akaike Information Criterion (AIC)

1. Introduction

Predictive modeling has become an indispensable instrument in many fields, most notably in
the energy industry, where its use greatly impacts strategic planning and economic stability. The
Kingdom of Saudi Arabia has significant importance in this context due to its vast petroleum reserves
and production capabilities. Refined petroleum products are essential to promote economic expansion
in various industries in Saudi Arabia [1]. These items include a wide range of essential fuels, including
diesel, gasoline, and liquefied petroleum gas (LPG). Efficient forecasting and management of different
resources are critical to the economy’s boost and the stability of the world’s energy markets. Further-
more, accurate predictive modeling can help Saudi Arabia adjust to market conditions, geopolitical
issues, and technology breakthroughs because of the interconnectedness of the world’s energy dy-
namics [2,3]. Moreover, it may maximize income creation and preserve its competitive advantage in
the global energy arena by optimizing its production, distribution, and pricing strategies through the
application of modern data analytics and modeling approaches [4-6]. Predictive modeling also helps
stakeholders, energy firms, and politicians to make well-informed decisions by helping them foresee
future trends, that eventually reduce risks and create new opportunities in the market still a vital
tool for Saudi Arabia as it navigates the complexity of the global energy scene to promote resilience,
innovation, and sustainable growth both within and outside of its petroleum industry [7,8].

Predictive modeling has seen a revolution in recent years due to the rapid development and intro-
duction of machine learning techniques, which provide unmatched capacity for modeling complicated
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datasets by producing accurate estimates[9,10]. With the use of these cutting-edge approaches, this
study is well-positioned to anticipate Saudi Arabia’s refined petroleum product production trends [11].
By doing this, we aim to achieve two goals: first, evaluate how well various machine learning models
predict Saudi Arabia’s petroleum production. Saudi Arabia produces refined petroleum products; and
second, conduct a thorough comparative analysis of these models to identify their relative merits and
shortcomings [12,13].

Predictive modeling using machine learning offers a more comprehensive method by using
algorithms that can learn from past data patterns to accurately forecast future trends [14,15]. Machine
learning techniques including regression models, decision trees, random forests, support vector
machines, and neural networks are effective tools for projecting refined petroleum output in the energy
industry due to their excellent forecasting performance using historical data [16]. In the past,a variety
of models have been used for web traffic prediction such as LSTM, XGBoost, and Autoregressive
models to develop online traffic forecasting systems for different companies [17]. In another study,
Prophet, and XGBoost models have been used for the forecasting generation of solar power systems to
predict the outcome of solar power energy and measure the available resources like fossil fuel for the
contemplative period [18]. Furthermore, several machine learning models were used to forecast the
rainfall in the state of Tamil Nadu, India to investigate the patterns and trends of rainfall to forecast the
amount of rain for the future to avoid the negative circumstances and guide the farmers with proper
techniques to save the crops [19]. The Prophet, LSTM, RNN, and ARIMA models have also been used
for electricity demand forecasting [20,21]. These machine learning and deep learning models also
helps in forecasting pandemics and certain diseases that could emerge shortly. Events like pandemics
are very cautionary and severe in terms of forecasting and disseminating assumptions to overcome
such an arduous challenges [22]. The problem of forecasting could become a baffling task specifically
when working on the long-run prediction or forecasting in case of temperature and weather which
possess short-term changes, In such conditions deep learning techniques could help us in extracting
imperative information to improve accuracy and efficiency of forecasts [23,24].

To analyze historical production data by using these methodologies, one must take into account
variables like economic indicators, patterns in global demand, geopolitical events, technical devel-
opments, and environmental restrictions. An altered time series model has been formulated for the
prediction of time sequencing. Cyber sequencing is generally used for complex datasets as it provides
better results than the other models in a state of comparison [25]. Artificial neural networks and
modern statistical techniques that are outrightly used in forecasting are compared for the forecast-
ing of timber data taking several situations into account while statistical techniques and artificial
networks provided efficient results with smaller MSE and MAPE values [26]. The vessel traffic flow
forecasting (VTFF) forecasting model has been developed for forecasting to avoid collisions, negate the
high tendency of road accidents, and abide the safety management [27,28]. Moreover, to forecast the
consumption of energy in Korea, LSTM, Random Forest, and Prophet models were used to evaluate
the performance of these models and forecast the future demand of energy consumption to formulate
stolid strategies for the coming generation [29,30]. To correctly determine the prediction capabilities of
various machine learning models, training and testing of these models are based on historical data
[31-33].

Each machine learning model’s performance will be examined in detail via the comparison
analysis, which will assess performance measures including accuracy, precision, recall. To further
investigate the models’ flexibility and resilience, it is desirable to look at how well they handle other
kinds of data, such as category, temporal, and numerical variables. Additionally, it is required to
investigate how interpretable these models are and evaluate if they may shed light on the fundamental
causes affecting Saudi Arabia’s output of refined petroleum. For stakeholders and decision-makers,
interpretability is crucial because it helps them comprehend the reasons behind forecasts and adjust
their strategic choices appropriately [34,35].
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With this thorough analysis, this research works aims to offer insightful information about how
well machine learning methods predict Saudi Arabia’s refined petroleum product output trends. Our
study intends to educate policymakers, energy companies, and stakeholders about the most effective
predictive modeling approaches by identifying the advantages and disadvantages of each model.This
will enable more precise and informed decision-making processes in Saudi Arabia’s ever changing
energy landscape. The rest of the paper is organized as follows: Section 2 outlines the data sources and
methods employed in this study. Section 3 presents a detailed analysis of the results, whereas Section 4
is dedicated to a discussion of the overall findings. Finally, Section 5 provides concluding remarks,
summarizing the key insights of the study and offering recommendations for future research.

2. Materials and Methods

In this section, we provide details of the data used in the analysis and the models that have
been employed for forecasting. The datasets are first preprocessed to clean up the data by combining
pertinent variables. Following that a proper selection of models has been made by studying the
literature, which are Prophet, Long-term Short-term memory (LSTM), Gaussian Process, and Autore-
gressive integrated models (ARIMA) are used to define how well they fit the data. Then, using suitable
performance metrics such as Root mean squared error (MSE), Relative absolute error (RAE), mean
absolute percentage error (MAPE), Alkaike Information criterion, and Time training or consumption
of a model [36-38]. Later, these models are trained on historical data. Each portion of the research
work is discussed further below.

2.1. Data

This research study examines five datasets of refined petroleum products which are Fuel Oil,
Diesel, Gasoline, Liquefied Petroleum Gas (LPG), and Kerosine Aviation Fuels data acquired from the
Ministry of Energy, Saudi Aramco annual reports. The datasets used in this study are continuous and
consist of time points recorded from 1962 to 2022. The unit of data consists of a thousand barrels per
day. The description of the data is given in Table 1.

Table 1. Descriptive statistics of the petroleum refined products.

Datasets Min Max Mean | Median
Fuel Oil | 56274 | 183863 | 136383 154301
Diesel 12310 | 407034 | 154236 161372
Gasoline 9339 | 203564 | 105489 124057
LPG 1058 79523 21348 13242
Kerosine 7796 95804 43484 49597

2.2. Models

This section is dedicated to a description of the models used for the forecating analysis.

2.2.1. Predictive Models

The selection of models involved in this research work has been made after deeply studying the
literature and the nature of the data. To perform prediction with greater efficiency and low occurrence
of error we have come up with an idea to compare time series models and machine learning models
by including the Gaussian process in the list. The selected models have been explained below.

Prophet

Facebook’s Core Data Science team created Prophet, a forecasting tool that deals with time series
time points with several sources of uncertainty and significant seasonal trends. For financial time
series forecasting, where the data frequently shows a variety of patterns, seasonality, and holidays, it is
very helpful. Prophet’s user-friendly interface makes time series modeling accessible to those who lack
substantial forecasting experience. For the estimation of uncertainty, the Prophet model uses Monte
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Carlo simulation to produce a range of possible points [39—-41]. The mathematical components of the
prophet are defined below.

1
T T+ exp(—(k(t—to) +m))

sy(t) = i(ai~cos<2npﬁ> +b; - sin(znpit)> (2)

y(8) = g(t) +sy(t) + sw(t) + h(t) + e 3)

1)

oQ

~—~
~

~—

Equation 1 refers to combined trends followed by yearly s,(t) and weekly sy (t) seasonality.
In equation 2, N is the count of Fourier components, P shows periods and b; represents Fourier
coefficients, in equation 3, y; represents predicted points at a time ¢, while €; shows an error point. The
above components then amalgamate an additive model.

Long-Term Short-Term Memory

One kind of recurrent neural network (RNN) architecture intended to manage sequence depen-
dence is called Long Short-Term Memory (LSTM). Because it can identify long-term relationships in
data, it’s very helpful for time series analysis. Long sequences of data may be used by LSTM networks
to learn and retain patterns that arise across a variety of time scales, which are common in time series
data [1,42,43].

LSTMs are superior to conventional RNNs because they can solve the vanishing gradient problem,
which arises when gradients in deep networks drop exponentially as they travel backward in time.
Because of this, LSTMs are highly suitable for time series prediction problems as they can learn and
retain knowledge over extended durations [43]. The mathematical expression of LSTM is given below.

fr=0(Wy - [h_1,q:] + by) 4)
it = o(Wi - [he—1,9¢] + bi) ®)
C¢ = tanh(W, - [ly_1,q¢] + be) (6)
Ci=fi - C1+it-C (7)

0r = 0(Wo - [ht—1,4] + bo) ®)
hy = oy - tanh(Cy) )

Where Equation 4 represents the forget gate. The second step consists of the input gate, Equations
5 and 6 represent the input gate layer and new candidate cell state. The third step consists of the
update cell state by Equation 7, and finally, Equations 8 and 9 represent the output gate layer.

2.3. Gaussian Process (GP)

Gaussian processes, or GPs, are an effective method for predicting time series. They offer an
adaptable framework that enables us to represent the distribution of functions and account for predic-
tion uncertainty. A key consideration in Gaussian process regression is the kernel function selection.
Dependencies between various instances in the time series are captured by the kernel function, which
also establishes the covariance structure of the Gaussian process. The squared exponential kernel,
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Matérn kernel, and periodic kernel are popular options. After the selection of the required kernel, a
posterior distribution is obtained over functions, and we may sample from this distribution to forecast
future time instances [44]. Point estimates are provided by the predictive distribution’s mean, and an
uncertainty measure is provided by the covariance. The posterior distribution can be updated with
the observed values, antecedent posterior, which capture the patterns in time series observations. The
Gaussian process is expressed as follows:

f(q) ~ GP(s(q),z(9,9")) (10)

Where k(+) is the kernel function (also known as the covariance function) of the GP.

2.4. Auto-Regressive Integrated Moving Average Model (ARIMA)

One of the well-known statistical techniques that are used frequently for time series forecasting
known as ARIMA (Auto Regressive Integrated Moving Average). To model and predict time series data,
it integrates moving average (MA), differencing (I), and autoregressive (AR) components. ARIMA
models accommodate trends and seasonality as well as linear relationships within the data. The
component I turn data into stationarity, MA models short-term oscillations, and the AR captures linear
relationships using lagged observations. The ARIMA model is based on three parameters: p, which
defines the order of the AR, d defines the difference degree of the I, and g represents the MA order
[41,45,46]. The formula of ARIMA is given below:

ye=c+Pr1qi1+Pqr 2+ -+ Ppgrp + 0161+ 026 2+ -+ 061+ € (1)

Where y; is the time series instance at time ¢, ¢ is a constant term, ¢ are the model parameters for
the MA part, and ¢; is the error term (white noise).

Evaluation Metrics

The performance of the selected models has been measured by four evaluation metrics after
careful consideration of the literature and their underlying assumptions, which are used thoroughly in
several research studies. These include Root Mean Squared Error (RMSE), Mean Absolute Percentage
Error (MAPE), and Relative Absolute Error (RAE). Additionally, these evaluation metrics are followed
by time measurement to evaluate the time consumption of each model during data analysis [41,47].

The MSE works on averaging the squared discrepancies between expected and actual values.The
Mean Squared Error (MSE) provides a quantitative assessment of prediction accuracy while highlight-
ing greater mistakes.

1 n
MSE = — ;(%’ —4i)?
i=

Taking the square root of the MSE becomes the root mean square formula, such as:
RMSE = vMSE

The MAPE measures the average percentage difference between the expected and actual values,
providing a comparative assessment of prediction accuracy [41,46]. Mathematically, it is written as

1 n

MAPE = — )

niz

q; — 4

1

% 100 (12)

The third evaluation metric is RAE, which calculates the ratio of the sum of absolute errors to the
total of absolute departures from the mean [44].

n PRp— A.
i1 l9i — 4l
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The last evaluation metric is the Akaike Information Criterion (AIC), a statistical metric used
to assess how well a statistical model fits the data. It trade-off between the model’s complexity and
goodness of fit. Lower AIC values suggesting a better balance between simplicity and goodness of fit
[44]. The formula of AIC is given below:

AIC = Nln(SSNE> +2K (14)

Where 1 represents total numbers, k is the number of parameters, }_e? is the sum of squared
errors, and log £ is the log-likelihood function.

2.5. Experimental Procedure

This research work has gone through several experimental stages which have been visualized
through the flowchart in Figure 1. Data selection and data preparation were performed in the first
stages followed by the list of selected models chosen for this research work. Next, the data was trained
after dividing into two portions; the training and testing portions. Following next, the critical step of
prediction has been performed for each selected dataset and predictive model. Lastly, the performance
of each model has been measured by all the selected evaluation criteria iteratively.

Experimental Procedure Flowchart

Update Technique

. Trainin Compute
Data Selection e Results
Data

Model Metrics

Data Model Selection o
Iraining Selection

Preparation

Testing
Data

Prediction/
Forecasting

Figure 1. Experimental procedure flowchart for the chosen models and datasets

3. Results

Table 2 highlights the selected model’s (Prophet, LSTM, GP, and ARIMA) performance for the fuel
oil dataset using five evaluation metrics, including RMSE, MAPE, RAE, AIC, and Time consumption
in seconds as described earlier. By looking at the presented results given below, the ARIMA model
resulted in small forecasting errors for most of the evaluation criteria which are 18184.8, 12.4%, 0.42,
1158.9, and 0.7 for RMSE, MAPE%, RAE, AIC, and time consumption. Looking at RMSE, ARIMA
produced an error of 13793.7, followed by LSTM 14564.1, and Prophet 18184.8, while GP resulted in
25052.6 as compared to all other forecasting techniques. The same performance was shown by the
GP producing a greater value of 0.44 according to the evaluation metric RAE. considering MAPE, the
ARIMA and GP models resulted in smaller forecasting error of of 7.7% and 4.8%. based on AIC, GP
model produced smaller forecasting error of 1073.9 followed by LSTM, while the prophet produces a
larger value of 1158.9. The time consumption or requirement for training the model indicated that
ARIMA and GP models took less, i.e., 0.7 and 1.2 seconds, followed by Prophet while LSTM took more
time approximately 128 seconds.
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Table 2. Evaluation metrics values for each model using the Fuel Oil dataset.

Models | RMSE | MAPE% | RAE | AIC | Training Time (in Seconds)
Prophet | 18184.8 12.4% 0.42 | 11589 3

LSTM 14564.1 10.3% 0.32 | 11219 128

GP 25052.6 4.8% 044 | 10739 1.2

ARIMA | 13793.7 7.7% 0.29 | 1146.8 0.7

Figure 2, visualizes line trend plots for the selected forecasting models and trained as well as
test values for the fuel oil dataset. The line plots show how well the model forecasts values by not
only predicting values but also capturing the trend in the original values and forecasting values. The
ARIMA and LSTM models have captured the trend comparatively well followed by GP which have
also grasped the trend; however, more smoothness is available in the GP line. Looking at the line of
the Prophet model, it looks narrower and straighter showing less efficiency in forecast.

Training Data
Testing Data
ARIMA

Guassian Process
LSTM
Prophet

150000

Fuel Ol

I I I I I I I
1960 1970 1980 1990 2000 2010 2020

50000
I

Year

Figure 2. Comparing Line trends of forecasting models for Fuel Oil dataset.

Table 3 displays the findings for the diesel dataset. For the majority of the evaluation met-
rics—RMSE, MAPE%, RAE, AIC, and training time—the ARIMA model demonstrated superior
performance, achieving the lowest values: 17492.4 for RMSE, 10.7% for MAPE, 0.11 for RAE, 1175.1 for
AIC, and 1 second for training time. Among all forecasting approaches, ARIMA produced the lowest
RMSE value of 17492 4, followed closely by GP with 18133.1 and LSTM with 28952.5, whereas Prophet
exhibited the highest RMSE at 29897 4. In terms of RAE, Prophet performed poorly with a higher
value of 0.23, while ARIMA excelled with the lowest value of 0.11. For MAPE, both the LSTM and
ARIMA models stood out, recording 16.1% and 10.7%, respectively. Regarding the AIC metric, the GP
model achieved the lowest score at 1168.9, followed closely by ARIMA, while both Prophet and LSTM
exceeded 1200. To assess the computational efficiency of the models, training time was also evaluated.
The ARIMA and GP models demonstrated exceptional efficiency, completing training in just 0.8 and 1
second, respectively. Prophet followed with 2 seconds, while LSTM required significantly more time,
exceeding 135 seconds. This metric highlights the importance of considering computational demands
when selecting a forecasting method.
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Table 3. Evaluation metrics values for each model using the Diesel dataset.

Models | RMSE | MAPE% | RAE | AIC | Training Time (in Seconds)
Prophet | 29897.4 41.1% 0.23 | 1236.1 2

LSTM 28952.5 16.1% 0.18 | 1216.6 135

GP 18133.1 17.5% 0.13 | 1168.9 0.8

ARIMA | 17492.4 10.7% 0.11 | 1175.1 1

Figure 3 presents line trend charts for the selected forecasting models, along with the training and
test values for the diesel dataset. Among these models, the LSTM and ARIMA plots exhibit the least
deviation from the overall trend, indicating strong alignment. In contrast, the GP model’s test and
training lines closely follow the observed trends, reflecting its effectiveness in capturing the dataset’s
patterns.

A comparison between the Prophet model’s performance on the diesel dataset and its results on
the fuel oil dataset reveals a notable difference: the diesel dataset’s trend line aligns more closely with
the training and test lines, highlighting improved forecasting consistency.

8 e Training Data
+ = Testing Data
()} ARIMA
<t e==» Guassian Process
e o [STM
F.) ] Prophet
n Lo
g 3
O &
(Q\|
o
<
o) I I I I I I I
o

1960 1970 1980 1990 2000 2010 2020

Year
Figure 3. Line trends of forecasting models for Diesel dataset.

The results for the gasoline dataset are summarized in Table 4. The GP model outperformed
others in most evaluation metrics, including time consumption, RMSE, MAPE%, RAE, and AIC, with
values of 0.7 seconds, 7893.6, 9.3%, 0.11, and 1065.4, respectively. Among all forecasting techniques, the
LSTM model exhibited the highest RMSE at 20635.8, while the GP model achieved the lowest RMSE of
7893.6, followed by ARIMA with 13024.4 and Prophet with 19919.8. Similarly, the RAE metric showed
LSTM with the highest score of 0.38, whereas the GP model reported the smallest value, indicating
superior performance. For MAPE, the GP and ARIMA models achieved the lowest predictions at 9.3%
and 8.2%, respectively. In terms of the AIC metric, the GP model again delivered the most favorable
value of 1065.4, followed by ARIMA at 1139.5, while Prophet and LSTM recorded higher values of
1183.3 and 1153.4, respectively.

To evaluate computational efficiency, training time was used as the fifth metric. The ARIMA and
GP models demonstrated exceptional speed, completing forecasting in 1 and 0.7 seconds, respectively.
Prophet required 2 seconds, while the LSTM model demanded significantly more time, exceeding 121
seconds. These results highlight the GP model’s ability to balance accuracy and efficiency effectively
across various evaluation criteria.
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Table 4. Evaluation metrics values for each model using the Gasoline dataset.

Models | RMSE | MAPE% | RAE | AIC | Training Time (in Seconds)
Prophet | 19919.8 21.5% 035 | 1183.3 2

LSTM 20635.8 28.1% 038 | 1153.4 121

GP 7893.6 9.3% 0.11 | 1065.4 0.7

ARIMA | 13024.4 8.2% 0.17 | 1139.5 1

Figure 4 illustrates the line trend charts for the selected forecasting models, alongside the training
and test values for the gasoline dataset. Once again, the GP model demonstrates a strong ability to
capture the overall trend, with its test and training lines closely aligned to the data pattern. In contrast,
the LSTM and ARIMA models manage to follow the minimal trend effectively but exhibit less precision
compared to GP. For the gasoline dataset, the Prophet model generates a straight line, reflecting its
limitations in capturing the dataset’s variations.

Training Data
Testing Data
ARIMA

Guassian Process
LSTM
Prophet

Gasoline
50000 150000

I I I I I I I
1960 1970 1980 1990 2000 2010 2020

Year

Figure 4. Line trends of forecasting models for the Gasoline dataset

The results for the LPG dataset, presented in Table 5, highlight the performance of the forecasting
models across various evaluation metrics. The GP model achieved the lowest values for most criteria,
including time consumption, RMSE, MAPE%, RAE, and AIC, with values of 1 second, 5318.8, 19.2%,
0.19, and 1019.3, respectively. In contrast, the Prophet model recorded the highest RMSE at 18950.5,
while the GP model achieved the lowest RMSE at 5318.8, followed by ARIMA at 7799.5 and LSTM at
12467.8. The Prophet model also exhibited the highest RAE at 0.92, while the GP model delivered the
smallest RAE value of 0.19. For MAPE, the GP and ARIMA models performed well with predictions
of 19.2% and 25.8%, respectively, while the Prophet model produced a significantly higher MAPE of
152.8%. Regarding AIC, Prophet and LSTM predicted lower values at 1017.2 and 1118.8, while ARIMA
and GP reported slightly higher values of 1077.3 and 1019.3. Training time was also a crucial factor in
evaluating the models. Similar to other datasets, ARIMA, Prophet, and GP demonstrated exceptional
efficiency, completing forecasting in just 1 second, whereas LSTM required approximately 112 seconds
to train.
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Table 5. Evaluation metrics values for each model using the LPG dataset.

Models | RMSE | MAPE% | RAE | AIC | Training Time (in Seconds)
Prophet | 18950.5 | 152.8% 092 | 1017.2 1

LSTM 12467.8 55.8% 0.55 | 1118.8 112

GP 5318.8 19.2% 0.19 | 1019.3 1

ARIMA | 7799.5 25.8% 0.26 | 1077.3 1

Figure 5 illustrates a comparative analysis of the forecasting models for the LPG dataset. The
LSTM and ARIMA models demonstrate strong performance by closely tracking the actual values and
effectively capturing the underlying trend. The GP model also performs well, generating a smooth
curve that aligns reasonably with the observed data. However, the Prophet model continues to show
limitations, producing an almost straight-line prediction that fails to capture the dynamic variations of
the data set.

Training Data
Testing Data
ARIMA

Guassian Process
LST™M

Prophet

60000
I

LPG

20000
I

| | | — — | |
1960 1970 1980 1990 2000 2010 2020

Year

Figure 5. Line trends of forecasting models for the LPG dataset.

Table 6 presents the results for the Kerosene Aviation Fuels dataset. Among the evaluation
criteria—time consumption, RMSE, MAPE%, RAE, and AIC—the GP model consistently predicted
the lowest values, with results of 1 second for training time, 6628.5 for RMSE, 11.1% for MAPE, 0.18
for RAE, and 1045.5 for AIC. In contrast, the LSTM model yielded the highest RMSE value of 12163.3,
surpassing all other forecasting methods. The GP model again excelled, predicting the lowest RMSE
at 6628.5, followed by ARIMA at 10137.5 and Prophet at 11581.5. For the RAE metric, the GP model
achieved the lowest value of 0.18, followed by ARIMA at 0.22, while the Prophet model once again
exhibited the highest value at 37.8%. When examining AIC and training time, ARIMA and GP models
again stood out with the most efficient performance, both in terms of lower AIC values and faster
training times. This trend is further illustrated in Figure 6, where the performance of all models, much
like the previous dataset, shows consistent results in terms of trend alignment and smoothness.

Table 6. Evaluation metrics values for each model using the LPG dataset.

Models | RMSE | MAPE% | RAE AIC Training Time (in Seconds)

Prophet | 18950.5 | 152.8% 092 | 1017.2 1
LSTM 12467.8 55.8% 0.55 | 1118.8 112
GP 5318.8 19.2% 0.19 | 1019.3 1

ARIMA | 7799.5 25.8% 0.26 | 1077.3 1
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Figure 6. Line trends of forecasting models for Kerosene Aviation Fuels dataset.

To summarize the performance of the selected models across multiple datasets and evaluation
metrics, we present a bar graph in Figure 7 that visualizes the predicted values for RMSE, MAPE, RAE,
and AIC. This graph allows us to assess the overall performance of each model, where smaller values
indicate better performance across all datasets. As discussed in detail in previous sections, the Prophet
model consistently yielded higher values for all metrics and datasets, making it the least effective
overall.

In contrast, the LSTM and GP models showed mixed results, with performance varying from
smaller to larger values depending on the dataset and metric. However, the ARIMA model consistently
delivered lower values across all datasets and evaluation criteria, demonstrating stable performance.
Furthermore, LSTM and ARIMA were the only models to closely follow the trend of the actual values,
with ARIMA showing a smoother fit. The Prophet model, while following the general trend, failed to
capture the underlying data pattern effectively, producing predictions that were closer to the actual
values but lacked trend accuracy.
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Figure 7. Cumulative bar plots of the predicted values for the chosen metrics.
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4. Discussion

This study presents a detailed comparison of four forecasting models - ARIMA, LSTM, GP and
Prophet - applied to predict refined petroleum production in Saudi Arabia using several data sets:
gasoline, LPG, aviation fuels kerosene and fuel oil. The goal was to assess the precision, computational
efficiency and practical applicability of these models in forecasting petroleum production data over
a period that spanned from 1962 to 2022. A set of evaluation metrics including RMSE (Root Mean
Squared Error), MAPE (Mean Absolute Percentage Error), RAE (Relative Absolute Error), AIC (Akaike
Information Criterion) and training time were used to analyse the model performance. Across all
data sets, gasoline, LPG and Kerosene Aviation Fuels, the Gaussian Process (GP) model consistently
demonstrated superior performance in terms of both forecast accuracy and computational efficiency.
In the gasoline dataset, GP achieved the lowest RMSE of 7893.6, the lowest MAPE of 9.3%, and the
lowest RAE of 0.11, completing training in just 0.7 seconds. These results highlight the model’s
strong capability in capturing complex non-linear relationships within the data. A similar pattern of
out performance was observed for the LPG dataset, where GP recorded the lowest RMSE of 5318.8,
MAPE of 19.2%, and RAE of 0.19, again demonstrating the robustness of the model. For Kerosene
Aviation Fuels, GP maintained its lead with the lowest RMSE of 6628.5, MAPE of 11. 1% and RAE of
0.18, continuing to show its ability to accurately predict refined petroleum production while being
computationally efficient, completing training in 1 second for most datasets. This makes the GP model
the most reliable and efficient option for forecasting petroleum production data across all scenarios.

The ARIMA model, though not as effective as GP in terms of accuracy, still showed strong
performance across all datasets. ARIMA demonstrated stable results with moderate RMSE and MAPE
values and relatively low RAE scores, indicating that it was able to capture the general trend in the
data. For example, in the gasoline dataset, ARIMA produced an RMSE of 13024.4 and MAPE of 8.2%,
while in the LPG dataset, it recorded RMSE of 7799.5 and MAPE of 25.8%, both outperforming the
Prophet and LSTM models. One of the major advantages of ARIMA is its computational efficiency; it
achieved a training time as low as 1 second across all datasets, which is particularly valuable when
dealing with large datasets or real-time forecasting needs. The moderate accuracy of ARIMA and
the fast training time make it a suitable choice for applications where speed is essential, and the data
patterns are relatively stable and less complex.

The LSTM (Long Short-Term Memory) model showed promise in terms of its ability to capture
complex relationships in the data but struggled with consistent performance across datasets. For
example, in the gasoline dataset, LSTM produced the highest RMSE of 20635.8 and the RAE of 0.38,
indicating that it struggled to achieve the same level of accuracy as GP and ARIMA. This discrepancy
highlights that LSTM is not always the best choice for petroleum production forecasting, especially
when the data do not exhibit strong nonlinear patterns or when there is a lack of sufficient data.
Furthermore, LSTM required significantly longer training times compared to the other models, with
training times exceeding 121 seconds for most datasets, making it computationally expensive. This
makes LSTM less ideal for real-time forecasting applications where speed is a priority. Despite its
potential to model nonlinear relationships, its performance was hindered by overfitting and the large
amount of training data required to achieve good results.

The Prophet model, which is often considered for its ability to handle seasonality, was the least
effective among the models in this study. Despite its strengths in modeling seasonal data, Prophet
struggled to capture the complex and non-linear trends present in the petroleum production datasets.
For example, in the gasoline dataset, Prophet achieved an RMSE of 19919.8 and MAPE of 41.1%, while
in the LPG dataset, it recorded an RMSE of 18950.5 and MAPE of 152% - the highest among all models.
These high error values indicate Prophet’s failure to accurately capture the underlying patterns in
the data. The model produced overly linear forecasts that could not reflect the dynamic nature of
the petroleum production data. In addition to poor accuracy, Prophet also exhibited relatively slow
training times, taking up to 2 seconds for most datasets, which is still slower than ARIMA and GP,
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although faster than LSTM. These results underline Prophet’s limitations when applied to complex
nonlinear forecasting tasks like petroleum production.

A critical aspect of this study was the assessment of the computational efficiency of each model,
particularly in real-time forecasting applications. Both GP and ARIMA demonstrated impressive
training times, completing training in less than 2 seconds for all datasets, with ARIMA being the
fastest at 1 second. This makes ARIMA and GP highly suitable for practical, large-scale forecasting
tasks where quick decision-making is essential. In contrast, the LSTM model, due to its deep learning
nature, was computationally expensive, with training times frequently exceeding 120 seconds for most
datasets. This long training time makes LSTM unsuitable for real-time applications. Prophet, while not
as slow as LSTM, still lagged behind ARIMA and GP, with training times averaging around 2 seconds,
which is slower than ARIMA but still reasonably fast.

5. Conclusions

This study, conducted a comprehensive evaluation of predictive modeling techniques to estimate
the output of refined petroleum products in Saudi Arabia. Both time series and machine learning
approaches for forecasting are used in this study. We explored a variety of machine learning models,
including the Gaussian Process (GP), Facebook Prophet, Long Short-Term Memory (LSTM), and
Auto-Regressive Integrated Moving Average (ARIMA). Each model was rigorously evaluated based on
its ability to forecast refined petroleum output using historical data from 1962 to 2022. To assess model
performance, we employed several key metrics, including Root Mean Squared Error (RMSE), Mean
Absolute Percentage Error (MAPE), Relative Absolute Error (RAE), Akaike Information Criterion
(AIC), and training time.

Our findings revealed subtle performance differences across the models and datasets. Notably,
the ARIMA model demonstrated consistent robustness in capturing the underlying patterns in refined
petroleum output, with superior forecasting accuracy across multiple metrics for most datasets. In
contrast, the Prophet model was less reliable, often yielding higher error metrics and failing to capture
the complex patterns within the data.

In the future, several research directions can be pursued. Exogenous factors can be added to the
models to improve their prediction power and offer a deeper understanding of the dynamics of refined
petroleum production. Furthermore, one can investigating ensemble modeling strategies that integrate
many models.
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