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Abstract: The forecasting of crude oil production is essential to economic plans and decision-making
in the oil and gas industry. Several techniques have been applied to forecast crude oil production.
Artificial Intelligence (AI)-based techniques are promising that have been applied successfully to
several sectors and are capable of being applied to different stages of oil exploration and production.
However, there is still more work to be done in the oil sector. This paper proposes an optimized
gradient boosting (GB) model by genetic algorithm (GA) called GA-GB for forecasting crude oil
production. The proposed optimized model was applied to forecast crude oil in several countries,
including the top producers and others with less production. The GA-GB model of crude oil
forecasting was successfully developed, trained, and tested to provide excellent forecasting of crude
oil production. The proposed GA-GB model has been applied to forecast crude oil production and has
also been applied to oil price and oil demand, and the experiment of the proposed optimized model
shows good results. In the experiment, three different actual datasets are used: crude oil production
(OProd), crude oil price (OPrice), and oil demand (OD) acquired from various sources. The GA-GB
model outperforms five regression models, including the Bagging regressor, KNN regressor, MLP
regressor, RF regressor, and Lasso regressor.
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1. Introduction

The growth of Al-based research has demonstrated that it has the potential to be a
future path for all disciplines. In many sectors of the economy (including communication,
e-commerce, etc.), Al is already widely employed, but there is still more work to be done
in the oil sector. One of the big challenges is the vast amounts of data, data from several
sources in complicated formats, data with high dimensions and coupling, unstructured
data, etc. [1].

Machine learning and deep learning techniques have the potential for application in
the oil and gas sector and can cover several aspects of the oilfield, such as oil price and oil
demand [2].

The traditional approach for forecasting oil production is the Numerical reservoir
simulation (NRS), which is based on a numerical model and produces good results [3].
However, the NRS models have significant disadvantages, such as being time-consuming
and cumbersome and demanding the construction of a precise static model, as well as
various dynamic model parameters [4,5].

The successive geometric transformations model (SGTM) is a model that can be used
to estimate electric power consumption in combined-type industrial zones. It is a neural-
like model developed by Kachenko and Izonin [6]. Studies show that SGTM is effective in
comparison to statistical regression analysis. The general regression neural network with
SGTM was found to increase the predictive accuracy based on the recovery of missing data [7].

Analytical approaches are used to compute several types of adjustments of wellbore flow
rate. Some hypotheses are necessary for establishing the analytical solution depending on
the complexity of the well structure, boundary conditions, and reservoir heterogeneity [4,8].
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Additionally, the conventional decline curve analysis (DCA) technique is used to
forecast the production rate [9]. The DCA technique uses empirical equations, such as
harmonic, hyperbolic, and exponential models. Because the harmonic and exponential
curves can be obtained from the hyperbolic decline curve, it may be seen as a generalized
model [10].

These models, however, cannot take into account the actual formation variables. As a
result, using DCA to ensure correct performance is difficult.

Deep learning (DL) and machine learning (ML) applications in the oil sector cover dif-
ferent applications, including forecasting oil production [11,12] forecasting pressure volume
temperature (PVT) [4,13,14] forecasting oil demands [15,16] and detecting oil spills [17].

In this paper, a novel regression model has been developed. The model is evaluated
using a variety of performance measures, and the correctness of the proposed model and
other models is compared. The main contribution of this paper is:

e Anovel optimized model using the GB algorithm called the GA-GB model is proposed
for forecasting crude oil production.

e The GA algorithm is employed to optimize GB parameters providing better perfor-
mance for the GB model

e Extensive comparisons with five models (Bagging regressor, K-nearest neighbors
(KNN) regressor, MLP regressor, RF regressor, and Lasso regressor) were performed
to validate the performance of the GA-GB model using three real-world datasets.

e  The proposed GA-GB model has been successfully used for three distinct datasets
obtained from various resources for oil production (OilProd), oil price (OilPrice), and
oil demand (OD). These datasets go through data normalization and data imputation
during the preparation step.

e  The results obtained by computing several performance measures such as MAE, MSE,
MedAE, RMSE, and R? to predict oil production (OilProd), oil price (OilPrice), and oil
demand (OD) using GA-GB demonstrate lower error than other traditional methods.
It reveals that Bayesian optimization employing a genetic algorithm is more effective
than other traditional methods.

The rest of this paper is organized as follows: Section 2 outlines several studies for
crude oil forecasting. Section 3 describes the OProd, OPrice, and OD datasets. Section 4
describes the methodology. Section 5 contains the experimental results, and the conclusion
is given in Section 6.

2. Related Works

Several machine learning and deep learning models have been applied in the field of
oil production. This section describes studies that use machine learning and deep learning
techniques in oil production.

Cheng, Y., and Yang, Y. use the long-short term memory (LSTM) and gated recurrent
method for oil production, taking into account the time series. The dataset was collected
from China and India. The experiment shows that LSTM and GRU are effective models
for the dynamic prediction of oil well production [18]. The proposed models focus on the
prediction of oil production and are applied only to two oil wells, one in northwestern
China and the second Campbell Basin in India.

AlRassas, A. M. et al. proposed a hybrid model called AO-ANFIS, which is a modified
ANFIS Adaptive Neuro-Fuzzy Inference System model and optimization algorithm Aquilla
Optimizer (AO). The proposed model has been applied to forecast two different oil fields
in China and Yemen. Comparisons were applied to the traditional ANFIS model and other
models employing various optimization techniques. Results show that AO has significantly
improved the accuracy of the prediction [3]. The proposed model does not use a mutation
approach might further improve the AO algorithm’s search process, increasing the accuracy
of ANFIS. Moreover, the proposed model has been applied only to forecast oil in China
and Yemen.
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Tadjer, A., et al. [19] adopted two models named DeepAR and Prophet time series
analysis were used to predict oil production. The models were applied to selected wells of
the Midland fields in the USA. Results show that DeepAR and Prophet analysis are useful
for better understanding how oil wells behave and can reduce over/underestimations
caused by forecasting with a single decline curve model [19]. The proposed models can
solve non-linear short-term oil production forecasting and need improvement to increase
predicting performance over extended time horizons.

Makhotin, L, et al. [20] compare machine learning models’ rankings of waterflooding
efficiency against expert rankings. In particular, Linear regression (LR) models along
with neural networks (NN) and GB on decision trees. According to the findings, machine
learning models reduce computing complexity and are useful for rating reservoirs. It
should be mentioned. Nevertheless, that historical information from Texas waterflood
projects was used to perform this study. It was constrained by a certain set of criteria in the
database as well as the geological aspects of the area.

Al-ganess, M.A,, et al. have adopted a modified Aquila Optimizer (AO) with the
Opposition-Based Learning (OBL) technique to optimize ANFIS parameters in a model
called AOOBL-ANFIS. The proposed model has been applied to several real-world oil
production datasets. Different comparisons between AOOBL-ANFIS and other models
such as Autoregressive Integrated Moving Average (ARIMA), LSTM, and classical ANFIS
model are applied. The results show that AOOBL-ANFIS outperformed the compared
models [21]. Despite the fact that AOOBL-ANFIS outcomes are high. However, the AOOBL-
ANFIS mode has limitations affecting its performance. For example, selecting the ratio of
solutions that will be updated using the OBL is a significant parameter that causes the time
complexity of the proposed model.

Werneck, R, et al. [22] introduced a new setup called N-th Day for forecasting multiple
outputs with machine-learning algorithms and assessing a number of learning models.
Four deep-learning models are adopted for forecasting oil production. The obtained results
indicate that specific architectures are critical for forecasting oil and gas production [6].
There was no data leakage during the training phase. The proposed method, nevertheless,
was centered on oil production.

Duan, Y., et al. [23] have combined the autoregressive integral moving average
(ARIMA) model with RTS (Rauch Tung Striebel) smoothing for forecasting oil production.
The ARIMA-RTS model has a greater prediction accuracy than the ARIMA-Kalman model
in predicting the same gas well. The ARIMA-RTS model can aid in improving the predic-
tion of fuels and gas well production with stimulation. However, the ARIMA-RTS model is
validated using one actual well production data, and the study was centered on forecasting
oil production.

Alkhammash, E. H., et al. [15] proposed combined LR and multivariate adaptive
regression splines for predicting crude oil demand in Saudi Arabia. The social spider
optimization (SSO) algorithm is used to optimize LR-MARS parameters. The findings
indicate that Saudi Arabia’s demand for crude oil will continue to rise over the predicted
period (1980-2015). The proposed model focused on the prediction of oil demand and was
applied only to oil production in Saudi Arabia country.

Unlike other studies, this paper proposed a new model called GA-GB on three different
datasets, which are OPrice, OilProd, and OD. Results show that the proposed model
is useful for forecasting oil price, oil production, and oil demand. To the best of our
knowledge, there is no study that applies one model to successfully forecast oil price,
oil production, and oil demand. In addition, unlike other approaches, the proposed GA-
GB model has been applied to forecast crude oil in several countries, including the top
producers and others with less production.

3. Dataset Description

The experiment uses three different datasets. The first dataset reflects the Country
Yearly Oil Production (Barrels per day) and covers the period from 1960 to 2020. The
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second dataset describes the yearly spot crude oil price from 1983 to 2020. Both datasets
are gathered from (https://asb.opec.org/data/, accessed on 1 March 2022). The third
dataset is crude oil demand gathered from different sources. The gross domestic product
(GDP) feature is gathered from the sources: OPEC, IEA, International Monetary Fund
(IMF), Saudi Statistics Authority, and World Bank and covers the period 1980-2015. The
crude oil demand features are year, oil demand, GDP, population, Brent prices, Light-Duty
Vehicles (LDV), and Heavy-Duty Vehicles (HDV) [16]. Table 1 describes selected spot crude
oil prices ($/b) Yearly. Table 2. describes a sample of the world crude oil production by
country (1000 b/d)

Table 1. Selected spot crude oil prices ($/b) Yearly.

City Year Price

Saudi Arabia-Arab Heavy 2020 41.45
OPEC-ORB 2020 41.47
Nigeria—Forcados 2020 41.56
United Kingdom-BrentDated 2020 41.67
Algeria-Zarzaitine 2020 41.72
Russia—-Urals 2020 41.83
Angola—Cabinda 2020 42.29
United Arab Emirates—-Dubai 2020 42.31
Norway-Ekofisk 2020 42.33

Table 2. Sample of the world crude oil production by country (1000 b/d).

City Year Production
Saudi Arabia 2020 9213.2
Sudans 2020 230.4
Syrian Arab Rep. 2020 224
Thailand 2020 117.0
United Arab Emirates 2020 2778.6
United Kingdom 2020 930.5
United States 2020 11,283.0
Venezuela 2020 568.6
Vietnam 2020 193.7
Yemen 2020 42.0

Table 3 describes a number of statistical metrics such as mean, standard error, median,
standard deviation, etc., of the three datasets oil price, oil production, and oil demand. For
instance, the standard deviation of oil price is 31.27554387, oil production is 8949.166932,
and oil demand is 774.0563839.

Table 3. The statistical data analysis of the three datasets Oil price, Oil production, and Oil demand.

Oil Price 0il Production Oil Demand
Mean 41.9362201 3165.570318 1539.087014
Standard Error 1.085145875 141.0411122 129.0093973
Median 28.185 460.1 1230.609065
Standard Deviation 31.37554387 8949.166932 774.0563839
Sample Variance 984.4247534 80087588.78 599163.2855

Kurtosis —0.344726451 28.64603253 —0.247425069
Skewness 0.876459222 5.038060934 0.962853111

Confidence Level 2.129934178 276.5186522 261.9030003
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4. Methodology

In order to forecast crude oil output, this paper proposes since an optimized prediction
model based on GA and GB. Figure 1 illustrates the four key steps of the proposed GA-GB
model development: (1) data preprocessing stage, (2) GA optimization, (3) GB-GA model,
and (4) performance evaluation.

Gradient Boosting

®oo,

—l ... ')
e °
LY

Genetic

=—>Train =——>Test @ errors

Model
evaluation

Forecasting results g

Figure 1. The stages of GA-GB forecasting model.

4.1. Dataset Preprocessing
4.1.1. Data Imputation

When dealing with real-world problems such as crude oil production, missing values
are common when data is gathered over long time periods from disparate sources. Imputa-
tion is a process in the data preprocessing stage that is used to replace missing values with
substituted data using basic statistical parameters such as median and mode.

In this study, we used mean imputation. The mean imputation is a simple method
that replaces all missing values. The variance of the imputed variables is reduced using
mean imputation. The standard errors are also reduced using mean imputation.

4.1.2. Data Normalization

The quality of the data can have a direct impact on the models” ability to learn;
consequently, it is vital that we preprocess our data before utilizing it as inputs into the
suggested model. Normalization is used for preprocessing in this paper. Normalization
can be used to scale input values with various scales if the data includes various scales.
Making variables similar to one another is what normalization does. In normalization, each
variable receives equal weight, ensuring that no one variable dominates the model’s output.
Rescaling (min-max normalization), mean normalization, and Z-score normalization or
standardization are examples of techniques used for data normalization.

Normalization adjusts each input value independently by subtracting the mean (center-
ing) and dividing by the standard deviation to modify the mean and standard deviation of the
distribution to zero and one [24]. The following equation is used to determine normalization.

R
o @

where x represents the input value, 1 the mean value, and ¢ the standard deviation value.
The following equation is used to compute standard deviation, where x; denotes
the input:

@
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4.2. Genetic Algorithm

The genetic algorithm (GA) is an optimization technique developed by Holland in
1992 [25]. This technique was greatly influenced by biological species evolution and the
natural selection mechanism. GA is a probabilistic approach and doesn’t require specific
data to lead a search [24,26,27].

Individuals in populations are traditionally referred to be candidate solutions, which
gradually replace the preferable solutions over time. The digits 0 and 1 indicate chromo-
somes that form a linear string, which provides a solution for each candidate. Generation
is the overall population size created by optimizing each iteration [26]. The generation in
GA is produced via three fundamental genetic operators, namely reproduction, cross-over,
and mutation. A reproduction operator is described as a process of choosing the best
chromosomes based on their scaled values while taking into account the given criterion
of fitness. The second operator is the cross-over, which creates new individuals by fusing
particular parts of existing individuals of parents. Recombination can be used in a variety of
ways, including single-point cross-over and two-point crossover. Despite this, the process
of crossover chooses two parents and a random cross-over point. The first offspring is
produced by combining the left side of the first parent’s gene with the opposite side of the
second parent’s gene, and the second offspring is produced by repeating the first procedure
in the opposite direction [26,28]. Elements of a chromosome are randomly substituted in
the mutation operator. 4.5.

4.3. Gradient Boosting Algorithm

The Boosting Technique is a supervised machine learning algorithm that was devel-
oped in the last two decades. The boosting method is an ensemble technique that employs
numerous weak learners that focus on the errors that occur at each step until a strong model
for regression and classification is produced. In this paper, we use the bosting approach for
regression purposes. Gradient boosting is made up of three primary components: The loss
function identifies the difference between actual and predicted values. A weak learner is a
decision tree to make a prediction. An additive model to minimize the loss function. Each
weak learner model attempts to fix errors introduced by previous weak learner models to
improve the model’s prediction and reduce its prediction error [29,30].

Consider a set of random input variables x = {x1, x,... x, } together with a response

variable z. _
F(x) = arngr}ir)l L. x(z, F(x)) ©)]
X

The loss function is used a squared error function to estimate the approximation

function: X
Loss(z, F(x)) = (z— F(x)) 4)

The following equation may be used to get the gradient of the loss function
Loss(z, F(x)) [29]:

. d Loss(z;, F(x;))

l &)
9 F(x;) F(x)=Fy_1(x)

When we utilize regression trees h(x;; b) with parameter b as weak learners, it might
generalize the computation range of the gradient. Typically, it is a parameterized function
of the input variables x with parameter b [29]. The following equation may be solved to get
the tree [29]:

N
by = arg riuﬁn Y [z — Bh(x;, b)) (6)
=1

where by, is the weight value, commonly known as the expansion coefficient of each weak
learner and m, B is the parameters collected at iteration m.
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4.4. Performance Evaluation

Five different measures of errors are introduced to evaluate the proposed models in
order to validate the performance and effectiveness of the prediction models, which are
Mean Absolute Error (MAE), Median Absolute Error (MedAE), Mean Square Error (MSE),
Root Mean Square Error (RMSE), and R-squared are used to assess the performance of each
model (R?) as shown in Equations (7)-(11), where Yreal; denotes actual values, y .4, denotes

predicted [31].
N

MAE = % ; Yreal; = Ypred, @)

Med AE = median ( Yreal; — Ypred; |/ s \Yreal, — Ypred, ) (8)
MSE = l_il(ymz ~Ya,) ©)

RMSE = \J ! li ]/real,— - ypred,-)z (10)

£ (s, — )
Rzz 1— rea pred; (11)

Zzlil (]/reall- - y)z

5. Results and Discussion

In order to achieve the predictions accurately for the three datasets, a novel model
called genetic algorithm-gradient boosting (GA-GB) is constructed. Also, other machine
learning regression models are constructed in this paper to be compared with the GA-GB
model. In addition, data cleaning and data preprocessing were performed on the three
datasets. Five evaluation metrics, namely, mean absolute error (MAE), median absolute
error (MedAE), mean square error (MSE), coefficient of determination (R2), and root mean
squared error (RMSE), were computed to evaluate the performance of the models. The
results demonstrated that the GA-GB model achieved the best results.

The experimental results are executed using the Jupyter notebook version (6.4.6).
Jupyter notebook helps in executing and writing python codes easily. Jupyter notebook
is widely utilized as an open source for implementing and executing machine learning
regression models. The results of four models, namely, bagging regressor, k-nearest neigh-
bor (KNN) regressor, multi-layer perceptron (MLP), random forest (RF) model, and lasso
regressor, are used to be compared with the results of the GA-GB model. In Table 4, the
best parameters of the GB model are obtained by GA. The GA is used to select the best
parameters for the models and minimize the loss function that gives the best results. It is
a random-based optimization technique where random changes are made to the current
solutions in order to produce new ones. These changes are made slowly to obtain solutions
until finding the best solution.

Table 4. The best parameters for the gradient boosting model using a genetic algorithm.

Models Tuning Parameters Best Parameters
CB n_estimators = [50,100,150,200,250] n_estimators = 150
learning_rate = [0.1, 0.01, 0.001, 0.0001] learning_rate = 0.001

For the bagging regressor model, the parameters used for the model are presented in
Table 5. For the KNN regressor model, the parameters used for the model are presented in
Table 6.



Energies 2022, 15, 6416

8of 13

Table 5. Parameters used for bagging regressor model.

Model Parameters
Bagging regressor n_estimators = 100, max_samples = 5
Table 6. Parameters used for KNN regressor model.
Model Parameters
KNN regressor n_neighbors = 5, weights = distance.
In MLP, we have used three layers. The first layer consists of 64 hidden units/neurons
with the ReLU activation function. The second layer consists of 32 hidden units with the
ReLU activation function. The final layer is the output layer which consists of one unit with
a linear activation function. The optimizer used is the Adam optimizer, and the number of
epochs is 100. The parameters used for the MLP model are presented in Table 7.
Table 7. Parameters for MLP model.
Batch Size Learning Rate Epochs Optimizer  Activation Function Used in Output  Activation Function Used in Hidden
32 0.0001 100 Adam Linear Relu
For RF regressor model, the parameters used for the model are presented in Table 8.
For Lasso regressor model, the parameters used for the model are presented in Table 9.
Table 8. Parameters used for RF regressor model.
Model Parameters

RF regressor

max_depth = 15, n_estimators = 150

Table 9. Parameters used for lasso model.

Model

Parameters

Lasso model

alpha = 1, fit_intercept = true

The performance of the regression models for oil production (OProd) dataset are
demonstrated in Table 10.

Table 10. Performance of the regression models for oil production dataset.

Models MAE MSE MedAE RMSE R?
GA-GB 0.002 3.8 x 1072 0.0008 0.001 99.8%

Bagging regressor 0.006 0.0003 0.0015 0.004 99%
KNN regressor 0.009 0.0005 0.007 0.008 98.2%
MLP regressor 0.004 0.0002 0.0013 0.003 99.1%
RF regressor 0.008 0.0004 0.003 0.006 98.74%
Lasso 0.06 0.009 0.07 0.06 95.4%

From Table 10, the GA-GB model gives the best results as can be seen in bold. The
lasso model gives the least results.

The performance of the regression models for the oil price (OPrice) dataset is demon-
strated in Table 11.
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Table 11. Performance of the regression models for oil price dataset.

Models MAE MSE MedAE RMSE R?
GA-GB 0.0002 1.1 x 1077 0.0001 0.0011 99.99%
Bagging regressor 0.0020 6.48 x 1074 0.006 0.0076 99.8%
KNN regressor 0.0006 5.43 x 1077 0.0005 0.0023 99.96%
MLP regressor 0.0007 1.57 x 107° 0.0007 0.0037 99.95%
RF regressor 0.0060 7.36 x 1074 0.009 0.0092 99.2%
Lasso 0.04 0.005 0.04 0.03 96.1%

From Table 11, the GA-GB model gives the best results (the bold). The lasso regressor
model gives the least results.

The performance of the regression models for the oil demand (OD) dataset is demon-
strated in Table 12.

Table 12. Performance of the regression models for oil demand dataset.

Models MAE MSE MedAE RMSE R?
GA-GB 0.001 0.00010 0.004 0.002 98.6%
Bagging regressor 0.004 0.00018 0.006 0.004 98.2%
KNN regressor 0.003 0.00017 0.006 0.004 98.2%
MLP regressor 0.007 0.00027 0.009 0.008 98%
RF regressor 0.006 0.00022 0.008 0.007 98.1%
Lasso 0.08 0.005 0.09 0.09 94.9%

From Table 12, the GA-GB model gives the best results. The lasso regressor model
gives the least results. Figures 2—4 compare between the models in the term of coefficient of
determination (Rz) for the three datasets, OProd, Oprice, and OD, respectively.

101
100

99

98
97
S6
95
- .
93

Models

RZ

B GA-GB m Bagging regressor ® KNN regressor m MLP regressor M RF regressor M Lasso

Figure 2. Comparison between the models used in the term of coefficient of determination (R?) using
OProd dataset.
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Figure 3. Comparison between the models used in the term of coefficient of determination (R?) using
OPrice dataset.

99

98
97
96
95
S

93

Models

RZ

Y

B GA-GB m Bagging regressor m KNN regressor = MLP regressor B RF regressor W Lasso

Figure 4. Comparison between the models used in the term of coefficient of determination (R?) using
OD dataset.

Figure 5 displays a comparison between the actual values and the predicted values for
the GA-GB model for the three datasets, OProd, Oprice, and OD, respectively.
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Figure 5. Displays a comparison between the actual values and the predicted values for the GA-GB
model for the three datasets (a) Oprice, (b) OProd, and (c) OD.

The main contribution of this study is to optimize the hyperparameters of different
machine learning algorithms based on the Gradient Bayesian (GB) optimizer using a ge-
netic algorithm (GA-GB) to improve the forecasting of crude oil production. Most of the
algorithms reflected in the past utilized the traditional methods. However hyperparameters
optimization is more capable of improving the forecasting. We computed the performance
using standard evaluation metrics such as MAE, MSE, MedAE, RMSE, and R2. In the past,
researchers measured the evaluation performance based on different error metrics [28], as
each measure is not suitable for all kinds of problems. So, researchers compute different
measures [32] accordingly, as in this study. The minimum value of different measures indi-
cates the more robust algorithm to forecast. In this study, the proposed GA-GB algorithm
yielded the highest forecasting prediction performance than the traditional one using all
the measures. Moreover, for reflected the graphical presentation of GA-GB only to reflect
the visual representation as applied and reflected by the researchers in the past to see the
difference between actual and predicted values.

6. Conclusions

This paper proposed an optimized gradient boosting model that employs the GA to
tune the parameters of GB. The proposed GA-GB model is used successfully to forecast
crude oil production. The price of crude oil and the demand for crude oil are also predicted
using the GA-GB model. The experiment results demonstrated a very high performance of
the GA-GB. Three different datasets are used in the experiment: OilProd, OilPrice, and OD.
The preprocessing stage was performed using data imputation and data normalization. To
evaluate the performance of GA-GB optimized model, we utilized MAE, MSE, MedAE,
RMSE, and R? to evaluate and test the predictions performance for the GA-GB model that
are: 0.002, 3.8 x 1072, 0.0008, 0.001, 0.001, 99.8%, respectively in OProd dataset, 0.0002,
1.1 x 10~7,0.0001, 0.0011, 99.99%, respectively in OPrice dataset, and 0.00010, 0.004, 0.002,
and 98.6%, respectively in OD dataset. Five other regression models are compared with GA-
GB, including the Bagging regressor, KNN regressor, MLP regressor, RF regressor, and Lasso
regressor. The results yielded using the GA-GB model by computing different performance
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metrics such as MAE, MSE, MedAE, RMSE, and R? to predict the oil production, oil price,
and oil demand exhibit minimal error than using other traditional methods. It indicates that
Bayesian optimization using a genetic algorithm is more powerful than other traditional
methods. The proposed model can be best utilized for forecasting oil production, prices,
and demand in order to improve the planning of the concerned departments. A limitation
of this work is that there are many important factors in Al that was hampered by data
unavailability, such as oil imports over consumption. Future work will focus on including
the most crucial factors, working at the dataset level, and analyzing the impact of different
parameters on oil production.
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