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Abstract. Since artificial intelligence has become increasingly prevalent in
the oil industry, it is relevant to this study since it is being used for exploration,
development, production, field design, and management planning to improve
decision-making, reduce costs, and speed up production. For establishing
relationships between complex non-linear datasets, machine learning has proved
superior to regression methods in petroleum engineering when it comes to high-
dimensional data prediction errors, processing power, and memory. In this article,
machine learning is compared with conventional statistical models of oil and
gas engineering for determining and predicting reservoir pressure values in the
development of oil fields. The effectiveness and potential of machine learning
to determine reservoir pressure values was analysed. Using non-parametric
multivariate model that link well performance over time, a new method is proposed
for predicting reservoir pressure using machine learning. According to the proposed
method, the predicted reservoir pressure correlates well with values measured by
hydrodynamic studies of wells based on the dynamics of indicators describing well
performance. Machine learning method based on random forest algorithm tends
to provide better prediction reliability for reservoir pressure than linear regression
method (absolute deviation: 0.86; relative deviation: 6.8%).

Keywords: Machine learning; Oil fields; Reservoir pressure; Prediction; Non-
parametric

1. Introduction

In many parts of the world, hydrocarbon fields are currently in the final stag-
es of development. For these hydrocarbon fields, operational control of develop-
ment parameters and a comprehensive study of productive formations are required
(Yuetal. 2018; Smirnov & Al-Obaidi 2008; McGlade 2012). The reservoir pressure
is one of the most important indicators of development, which is determined primar-
ily by hydrodynamic studies of wells (well testing). Accurate reservoir pressure pre-
diction has a wide range of applications in the oil industry, especially in optimizing
continuous field production, quantifying reservoir productivity, adjusting oil pro-
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duction costs, and evaluating workovers (Al-Obaidi, Kamensky & Hofmann 2010;
N. Chithra et al. 2013; Song, Fuquan et al. 2023). Well-test methods are mainly
used in oilfield businesses to determine the energy state of the reservoir in zones
of the well drainage, as prescribed by the guidelines. The main disadvantage is
the need to stop the well, in some cases for a very long time, which leads to the
so-called shortfalls in oil production. Considering the time difference between
studies, comparing reservoir pressures across all wells seems impossible because
all wells cannot be shut down simultaneously in field conditions (Tan, J. etal. 2021;
Romanov & Zolnikova 2008).

In the conditions of modern oil production, an urgent task is the widespread
use of digital technologies to solve various problems of oil and gas production
(Giovanni, F. 2018; Haouel & Nemeslaki 2023; Al-Obaidi 2016). Their solution
complicates the need to take into account the influence of geological and techno-
logical indicators on the development of oil and gas fields. As a matter of fact, even
well-studied development targets are characterized by a wide range of reservoir
parameters and technological indicators, which significantly complicates the use of
digital technologies to address urgent production problems (Su, J., Yao, S., & Liu,
H. 2022; Li, G. et al. 2019). Thus, it appears appropriate to investigate how prob-
abilistic analysis and machine learning can contribute to solving these problems.

As artificial intelligence becomes more prevalent in the oil industry, it is used
for exploration, development, production, field engineering, and management plan-
ning to reduce costs and speed up decision-making. Machine learning has gained
a lot of popularity in establishing relationships between complex non-linear da-
tasets. This type of machine learning algorithm has demonstrated its superiority
over regression methods in petroleum engineering in terms of high-dimensional
data prediction errors, processing power, and memory (Daniel Asante Otchere et
al. 2021; Wang, J. et al. 2022; Al-Obaidi, Patkin & Guliaecva 2003). This results in
faster decision-making, which invariably saves money, time and equipment. For an
improved and more accurate reservoir characterization process, which is robust to
anticipated or unexpected changes, the level of accuracy must be high (Fernandes,
Corchado & Marreiros 2022; Steven, Bernd & Petros 2020).

The use of machine learning methods is becoming increasingly prevalent in
many industries, including oil and gas (Tariq, Z. et al. 2021; You, L. et al. 2018;
Al-Obaidi & Khalaf 2019; Le Van & Chon 2017). There is a tremendous amount
of digital information being processed by oil companies around the world, and the
amount of data is growing each year. The quality of their processing and interpre-
tation is the basis for making effective design and management decisions. In this
regard, the adaptation of machine learning methods to the oil and gas industry in
order to create automated systems for monitoring the parameters of oil field oper-
ation has great potential (Saeed, Masoud & Adel 2023; A. Choubineh et al. 2017;
Wang, X.L. 2017).
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So, for example, some oil and gas companies use machine learning technologies
to identify the causes of failures in the operation of electric centrifugal pumps and
also identify several priority areas for themselves using these methods — searching
for analogue objects, restoring historical operational data, processing research data
in real-time, etc. When generating a large amount of technological information, it
seems possible to use methods based on the collection, systematization, processing
and interpretation of data presented in the form of digital arrays.

An approach to predicting reservoir pressure is discussed in (Galkin,
Ponomareva & Martyushev 2020; Al-Obaidi & Khalaf 2023), which utilizes
multilevel probabilistic-statistical models. The use of the developed multidimen-
sional mathematical models makes it possible to determine reservoir pressure in
any period of wells operation without shutting them down for testing. It should
be noted that the presented models should not be considered as an alternative to
hydrodynamic studies. Their use is advisable for express assessment of reservoir
pressure or when it is impossible to stop the well for testing due to technological
reasons.

It appears that this technique can be applied to other hydrocarbon fields not only
in Russia or China but around the world, since it is the most reliable and adapted
among the ones known. Moreover, taking into account the experience of its appli-
cation, we are exploring machine learning methods for determining reservoir pres-
sure values in real-time and for the reproduction of the historical work of the well.

2. Methodology and materials
The following types of problems can be solved using machine learning methods:
1. Regression — prediction of a specific number based on an array of
features or characteristics (Palmer 2009; Emeke 2019; S. Tou, 1988);
2. Classification — determination of the category of an object of study by
the quantity and quality of its signs or characteristics (Pan, Deng &
Lee 2020; Valko & John Lee 2010; Al-Obaidi & Chang 2023);
3. Clustering — combining objects into groups according to a common
feature (Anifowosea, Labadina&Abdulraheem2015;Sanchoetal.2022;
Patel, Kalpesh & Rohit Patwardhan 2019);
4. Dimensionality reduction — compression of the array of object
characteristics to a smaller number of features (Sorek et al. 2017,
Galkin et al. 2005; Hofmann, Al-Obaidi & Hussein 2022).

As part of the oil and gas field development analysis, these tasks are ubiquitous;
they involve controlling the energy state of the development object, through which
formation pressure is measured. Since the described approaches have not been used
previously to determine formation pressure in oil fields of the studied region, it is
important to investigate their applicability and explore future prospects for their
development.
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2.1 Initial data for reservoir pressure assessment and forecasting

One of the promising oil fields in the studied territory (object Bb) was chosen
as the object of study. The initial data for building models were used from three
other oil fields (objects Bb) in the studied territory, which are characterized by a
significant life cycle of operation and the volume of field information. These fields
are well-studied and have a sufficient number of actual reservoir pressure measure-
ments. Basic information about the development of these fields is given in Table 1.

Table 1. Oil fields information used in building initial models

1 2 3
Number of wells 112 48 68
Number of wells tests 349 212 231
Initial reservoir pressure, MPa 21,2 23,4 22,5
Current reservoir pressure, MPa 11,1 95 7.2

2.2. Machine learning models

Explainingmachinelearningmodelsisalwaysanimportantresearchtopic(Elkatat-
ny, Tarig & Mahmoud 2016; Salem, Yakoot & Mahmoud 2022; Al-Obaidi 2016).
Simple machine learning models like linear regression and decision trees are easy
to understand and explain. For linear regression, the contribution of each variable is
determined by the sign and value of its coefficient. Decision trees can be interpreted
by visualizing the internal nodes and branches. However, complex non-linear ma-
chine learning methods such as support vector regression, random forests, and deep
neural networks are difficult to understand, even though they always provide higher
fidelity than simpler machine learning methods.

Two methods were used to estimate and predict reservoir pressure: multiple lin-
ear regression and “random forest regression”. The random forest machine learning
method has been widely used in many areas and is great for solving various kinds
of problems (Mehran Rahimi & Mohammad Riahi 2022; Liang Xue et al., 2021;
Hofmann, M., Al-Obaidi, S. H. & Hussein, K.F. 2022). This machine learning al-
gorithm was first proposed by American mathematicians Leo Breiman and Adele
Cutler and is one of the few universal algorithms. Its versatility lies in the fact that
it is suitable for solving problems of classification, regression, clustering, searching
for anomalies, etc. Basically, a “random regression forest” is a set of decision trees
in which, when solving the regression problem, their answers are averaged, which
is suitable for calculating the reservoir pressure parameter.

The random forest model is described by the following characteristics:
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1. The number of decision trees — the quality of the result depends on this
factor, however, with an increase in the number of trees, the setup time
and model operation also increases;

2. Maximum decision tree depth — Increasing this factor will improve
the quality of the preparing, however, shallow decision trees are
recommended when solving problems with heavy noise (outliers);

3. Maximum number of decision tree nodes (width) — Choosing this
parameter must take into account the possibility of preparing the
model with a small tree depth;

4. The maximum number of features of one decision tree — With an
increase in this factor, the time to build a forest increases and the trees
become monotonous; for regression problems, it is n/3, where n is the
number of trees.

These characteristics are adapted to solve the problems of reproducing and pre-
dicting formation pressure values.

3. Results and discussion

3.1. Reservoir pressure prediction using machine learning methods

In the first stage, pre-processing and structuring of field data (fluid flow rate;
operating factor; bottom-hole pressure; initial reservoir pressure) is necessary.
A computer program “Square” has been created to automate the analysis of field
data and build mathematical models, the algorithms of which are based on the
methods described above.

To verify the reliability of the developed models, historical measurements of res-
ervoir pressure were reproduced using the probabilistic-statistical model of multiple
linear regression and the method of machine learning “random regression forest”.

The multiple linear regression equation was obtained by the least squares method
and has the following form:

L@r ity QFt-13
Py = 0.7548P ., ) + D.DlEl—"rr—Qfl':r—] +0.207P, ¢ — 0.00001T + 1.2851
Where P, — predicted reservoir pressure; P
the forecast;

11y - Teservoir pressure preceding

{ - .
Ef%?‘u - fluid rate growth rate (hereinafter Tq) relative to the previous
Fit)

well test;

Quoy — fluid flow rate per day (in a monthly average); P o~ the current

bottom-hole pressure; T — Well operation time.
Using the p-test to assess the significance of the coefficients of the linear regres-
sion equation, the following results were obtained (Table 2).
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Table 2. Coefficients of the linear regression method and their significance

Free member 0,000*
P ) 0,000%*
Tq 0,005%*

P i) 0,000%*

T 0,000%*

As a result of calculations, the average absolute deviation of the model on the
input data was calculated, which amounted to 0.821 MPa, with R*=0.757.

The following parameters were used to build the random regression forest model:

— The number of trees is 200;
— The maximum depth is 5;
— Three features are the maximum number of features in one tree.

After training the “random forest” model, the coefficients of the significance
of the factors were calculated. The significance of a factor in a “random forest” is
determined by its cumulative importance for each decision tree, i.e., by the measure
of the reduction in Gini heterogeneity (Table 3). The average absolute deviation on
the input data of the “random forest” model was 0.812 MPa.

Table 3. The factors of the Random Forest method

Pr(t-1) 0815158
Ty 0,023523
Pywfit) 0,132228
T 0,029091

For the methods described above, the performance of the models was evalu-
ated using a cross-validation approach. In this approach, the sample is divided
into equal parts, then each part is sequentially excluded (deferred sample), and
a model is built using the remaining data. The error value of the delayed sample
is then checked. As a result of this test, the standard deviation for the linear re-
gression model was 1.071 + 0.14 MPa, and for the “random forest” model was
1.018 £ 0.17 MPa. In case no of the models has previously been “trained” on
the input data, these values indicate the stability of the models, which means a
good chance of getting a reliable result.
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To assess the reliability of the linear regression method and the “random forest”
method, the dependences of the actual (1553 measurements) and calculated reser-
voir pressure measurements were plotted (Figs. 1, 2).
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Figure 2. Correlation between actual and calculated reservoir pressures using

the “random forest” method
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By analyzing the presented graphs, it can be concluded that in both cases, the
calculated reservoir pressure parameters have a “dense” distribution with actual
measurements, which indicates a good convergence of the results in general. The
deviations resulting from using linear regression and “random forest” for the entire
sample under study are presented in Table 4.

Table 4. Absolute and relative deviations resulting from the application of lin-
ear regression and random forest methods

Absolute deviation from the actual Relative deviation from the actual

Leod measurement (average), MPa measurement (average),%
Linear regression 0,87 6,9
Random forest 0,86 6,8

Thus, it can be noted that the methods of linear regression and “random for-
est” have an equal minimum deviation of the predicted reservoir pressure values
from the actual ones, which indicates the effectiveness and prospects of using these
methods.

Given the “heterogeneity” of the sample and the large amount of data, it is neces-
sary to compare the results well by well. For this purpose, graphs were constructed
for comparing the results of actual and calculated values of reservoir pressure (Fig.
3 —5). The choice of wells for demonstrating the obtained data was made in such a
way as to reflect the most complete picture of the applicability of the methods used.
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Figure 3. Calculated and actual reservoir pressure values for well 176

194



Development of Oil Fields Using Science...

20 -
S “Te].l Ne 86
18 5 -
&
= 16 ~
g
=
914 A
2
o
g 12
512 4
c
@ =p=_Actual value
i 10 4 === Random forest method
=¢=Linear regression method
8 T T T T T T T T T T T T T T T T T T T T T T T T T T T T
] o (]
5 g g

Figure 4. Calculated and actual reservoir pressure values for well 86

Analyzing the presented graphs of comparison of actual and calculated
values of reservoir pressure, we can conclude that both methods show good
convergence with historical data when solving the problem of reproducing the
“falling” dynamics of the studied parameter. However, in some cases, the ran-
dom forest method shows better convergence. So, for example, in wells 167
and 86, the general reservoir pressure trend is modelled closer to the fact by
this method. Particular attention should be paid to calculating the last reservoir
pressure measurement since it is most important in predicting this parameter.
It is evident from the high degree of convergence of this point that the mathe-
matical model accurately reflects the current energy state of the wells and the
development object. As a result, the random forest method also shows better
convergence than linear regression. Nevertheless, none of the studied methods
could simulate sharp changes in reservoir pressure for well 56 (Fig. 5). In this
regard, it is necessary to refine the methodology for monitoring the energy state
of the reservoir, taking into account the experience gained.
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Figure 5. Calculated and actual reservoir pressure values for well 56

Generally, both methods have shown good results in reproducing the actual val-
ues of the reservoir pressure parameter and can be used by experts to evaluate
“outliers” in the received data in order to resolve production issues. As well as
additional training on the “random forest” model, other machine learning methods
should be evaluated for solving the problem, including expanding the set of factors
to more accurately model reservoir pressure.

4. Conclusions

In the oil industry, there has been an accumulation of too much information over the
years, so machine learning algorithms capable of handling multivariate and complex data
are preferred over empirical correlations and linear regression models. The presented
study proposes a new method for reservoir pressure prediction using machine learning,
based on a non-parametric multivariate model that links well performance over time.
Based on the proposed method, reservoir pressures are predicted by taking into account
the dynamics of indicators characterizing well operation. The predicted reservoir pressure
has a good correlation with well-test values (r = 0.909 for linear regression & r = 0.907
for random forest). In the study, random forest machine learning provided a better reser-
voir pressure prediction accuracy than linear regression (absolute deviation: 0.86; relative
deviation: 6.8%). In addition, the proposed method avoids the tedious procedure of coef-
ficient calibration compared to methods based on parametric transformations.

Based on the calculated value of reservoir pressure, using machine learning, it is
possible to determine the mode of development of the reservoir at the moment, design
a system for maintaining reservoir pressure in advance or evaluate its effectiveness,
and also reasonably make further rational decisions on the development of oil fields.

196



Development of Oil Fields Using Science...

REFERENCES

A. CHOUBINEH, et al., 2017. Improved predictions of wellhead choke liquid
critical-flow rates: modelling based on hybrid neural network training learn-
ing based optimization. Fuel. no. 207, pp. 547 — 560. https://doi.org/10.1016/j.
fuel.2017.06.131.

A. SANCHO et al., 2022. Cluster analysis of crude oils with k-means based
on their physicochemical properties. Computers & Chemical Engineer-
ing. no. 157, 107633, ISSN 0098-1354, https://doi.org/10.1016/j.compche-
meng.2021.107633.

AL-OBAIDL S.H. & KHALAF, F., 2019. Development of traditional water flood-
ing to increase oil recovery. International Journal of Scientific & Technology
Research. vol. 8,no. 1, pp. 177 — 181.

AL-OBAIDI S.H. AND KHALAF, F.H., 2023. A New Approach for Enhancing
Oil and Gas Recovery of the Hydrocarbon Fields with Low Permeability Res-
ervoirs. Pet Petro Chem Eng J. vol. 7, no. 2, 000343. https://doi.org/10.23880/
ppej-16000343.

AL-OBAIDIL, S.H., 2016. Improve the efficiency of the study of complex reservoirs
and hydrocarbon deposits — East Baghdad field. International journal of scientif-
ic & technology research. vol. 5, no. 8, pp. 129 — 131.

AL-OBAIDI, S.H., CHANG, W., 2023. Evaluation of the Quantitative Criteria of
Triassic Carbonate Rocks Reservoirs. J Geology & Geophysics. 12.1067.

AL-OBAIDI, S.H., PATKIN, A.A., GULIAEVA, N.I, 2003. Advance use for the
NMR relaxometry to investigate reservoir rocks. JoPET. vol. 2. no. 3, pp. 45 —48.

AL-OBAIDL S. H., 2016. Improve the efficiency of the study of complex reser-
voirs and hydrocarbon deposits — East Baghdad field. International journal of
scientific & technology research. vol. 5, no. 8, pp. 129 —131.

AL-OBAIDI, S. H., KAMENSKY, I. P. & HOFMANN, M., 2021. Changes in
the physical properties of hydrocarbon reservoir as a result of an increase in the
effective pressure during the development of the field. EngrXiv. February 18.
doi:10.31224/0sf.io/hy6pa.

ANIFOWOSEA, F., LABADINA, J., ABDULRAHEEM, A., 2015. Improving the
prediction of petroleum reservoir characterization with a stacked generalization
ensemble model of support vector machines. Applied Soft Computing. vol. 26,
pp. 483 —496.

DANIEL ASANTE OTCHERE et al., 2021. Application of supervised machine
learning paradigms in the prediction of petroleum reservoir properties: Com-
parative analysis of ANN and SVM models. Journal of Petroleum Science and
Engineering. no. 200, 108182. ISSN 0920-4105. https://doi.org/10.1016/j.pet-
101.2020.108182.

ELKATATNY, S., TARIQ, Z. & MAHMOUD, M., 2016. Real time prediction
of drilling fluid rheological properties using Artificial Neural Networks visible

197



Al-Obaidi S.H., Chang W.J., Hofimann M.

mathematical model (white box). J. Pet. Sci. Eng. no. 146, pp. 1202 — 1210.
http://dx.doi.org/10.1016%2Fj.petrol.2016.08.021.

FERNANDES, M., CORCHADO, JM. & MARREIROS, G., 2022. Machine
learning techniques applied to mechanical fault diagnosis and fault prognosis
in the context of real industrial manufacturing use-cases: a systematic literature
review. Appl Intell. vol. 52, pp. 14246 — 14280. https://doi.org/10.1007/s10489-
022-03344-3.

GALKIN, VI, PONOMAREVA, LN. & MARTYUSHEY, D.A., 2020. Prediction
of reservoir pressure and study of its behavior in the development of oil fields
based on the construction of multilevel multidimensional probabilistic-statistical
models. Georesursy. vol. 23, no. 3, pp. 73 — 82.

GALKIN, A. et al., 2005. Dependences of reservoir oil properties on surface oil.
Jo Pet. Eng. Emerg. vol. 5,1n0. 9, pp. 74—7.

GIOVANNI, F., 2018. The Contribute of Digital Technologies for the Oil and
Gas Industry. [pdf] University UCBM, Rome, Italy. Available at: http:/www.
oil-gasportal.com/wp-content/uploads/2018/06/The-contribute-of-digital-tech-
nologies-for-the-oil-and-gas-industry REV_elvy.pdf.

HAOUEL, C., & NEMESLAKI, A., 2023. Digital Transformation in Oil and Gas
Industry: Opportunities and Challenges. Periodica Polytechnica Social and
Management Sciences. https://doi.org/10.3311/PPs0.20830.

HOFMANN, M., AL-OBAIDI, S. H. & HUSSEIN, K.F,, 2022. Modeling and
monitoring the development of an oil field under conditions of mass hydraulic
fracturing. Trends in Sciences. vol. 19, no. 8, p. 3436. https://doi.org/10.48048/
tis.2022.3436

EMEKE, K. B. C. 2019. A novel model developed for forecasting oilfield produc-
tion using multivariate linear regression method. Journal of Science and Tech-
nology Research. vol. 29, no. 2, pp. 579 — 591.

LE VAN, S. & CHON, B.H., 2017. Evaluating the critical performances of a CO,~
Enhanced oil recovery process using artificial neural network models. J Pet Sci
Eng. no. 157, pp. 207 — 222. https://doi.org/10.1016/j.petrol.2017.07.034.

LI, G. etal.,2019. Optimized Application of Geology-Engineering Integration Data
of Unconventional Oil and Gas Reservoirs. China Petroleum Exploration. vol. 24,
no. 1, pp. 147 —-152.

LIANG XUE et al., 2021. A data-driven shale gas production forecasting meth-
od based on the multi-objective random forest regression. Journal of Pe-
troleum Science and Engineering. no. 196, p. 107801, ISSN 0920-4105.
https://doi.org/10.1016/j.petrol.2020.107801.

MCGLADE CE, 2012. A review of the uncertainties in estimates of global oil re-
sources. Energy vol. 47, no. 1, pp. 262 -270.

MEHRAN RAHIMI & MOHAMMAD ALI RIAHI 2022. Reservoir facies clas-
sification based on random forest and geostatistics methods in an offshore oil-

198



Development of Oil Fields Using Science...

field. Journal of Applied Geophysics. no. 201, p. 104640, ISSN 0926-9851,
https://doi.org/10.1016/j.jappgeo.2022.104640.

N. CHITHRA CHAKRA et al., 2013. An innovative neural forecast of cumula-
tive oil production from a petroleum reservoir employing higher-order neural
networks (HONNS). Journal of Petroleum Science and Engineering. 1n0.106,
pp. 18 —33. ISSN 0920-4105. https://doi.org/10.1016/j.petrol.2013.03.004.

PALMER, P. B., 2009. Regression Analysis for Prediction: Understanding the Pro-
cess. Cardiopulmonary Physical Therapy Journal. vol. 20, no. 3, pp. 23 — 6.
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2845248/

PAN, Y., DENG, L. & LEE, W.J., 2020. A novel data-driven pressure/rate deconvo-
lution algorithm to enhance production data analysis in unconventional reservoirs.
Journal of Petroleum Science and Engineering. no. 192, pp. 107332 —107332.

PATEL, K. & ROHIT, P,, 2019. Machine Learning in Oil & Gas Industry: A Novel
Application of Clustering for Oilfield Advanced Process Control. SPE Middle
East Oil and Gas Show and Conference. https://doi.org/10.2118/194827-MS.

ROMANOVY, A. S. & E. F. ZOLNIKOVA, 2008. Gas/Oil Reservoir Pressure
Maintenance by Way of Gas Injection. SPE Russian Oil and Gas Technical
Conference and Exhibition. https://doi.org/10.2118/117426-MS.

SK.W. TOU, 1988. Application of dimensional & regression analysis in
oil drill bit data. Computers and Geotechnics. vol. 6, no. 1, pp. 49 — 64.
https://doi.org/10.1016/0266-352X(88)90055-9.

SAEED BAHALOO, MASOUD MEHRIZADEH & ADEL NAJAFI-MAR-
GHMALEKI 2023. Review of application of artificial intelligence techniques
in petroleum operations, Petroleum Research. vol. 8, no. 2, pp. 167 — 182,
https://doi.org/10.1016/].ptlrs.2022.07.002.

SALEM, AM., YAKOOT, M.S. & MAHMOUD, 0., 2022. Addressing Diverse
Petroleum Industry Problems Using Machine Learning Techniques: Literary
Methodology-Spotlight on Predicting Well Integrity Failures. ACS Omega.
vol. 7, no. 3, pp. 2504 — 2519. https://doi.org/10.1021/acsomega.1c05658.

SMIRNOV, VI. & AL-OBAIDI, SUDAD, H., 2008. Innovative methods of en-
hanced oil recovery. Oil & Gas Res. vol. 1,no. 1. http://dx.doi.org/10.4172/2472-
0518.1000e10

SONG, FUQUAN et al., 2023. A Well Production Prediction Method of Tight Res-
ervoirs Based on a Hybrid Neural Network. Energies. vol. 16, no. 6, p. 2904.
https://doi.org/10.3390/en16062904.

SOREK, N. etal.,2017. Dimensionality reduction for production optimization using
polynomial approximations. Computation Geosciences. no. 21, pp. 247 — 266.
https://doi.org/10.1007/s10596-016-9610-3.

STEVEN, L. BRUNTON, BERND, R. NOACK, P. KOUMOUTSAKOS, 2020.
Machine Leamning for Fluid Mechanics. Annual Review of Fluid Mechanics.
vol. 52, no. 1, pp. 477 — 508.

199



Al-Obaidi S.H., Chang W.J., Hofimann M.

SU, J., YAO, S., & LIU, H., 2022. Data Governance Facilitate Digital Transfor-
mation of Oil and Gas Industry. Frontiers in Earth Science. no. 10, p. 861091.
https://doi.org/10.3389/feart.2022.861091.

TAN, J. et al., 2021. Analysis of Factors Influencing Shut in Pressure Cone in Off-
shore Strong Bottom Water Reservoir. Journal of Geoscience and Environment
Protection. vol. 9, no. 4, pp. 166 — 175. https://doi.org/10.4236/gep.2021.94010.

TARIQ, Z. et al. 2021. A systematic review of data science and machine learning
applications to the oil and gas industry. J Petrol Explor Prod Technol. no. 11,
pp- 4339 —4374. https://doi.org/10.1007/s13202-021-01302-2.

VALKO, P, & W. JOHN LEE, 2010. A better way to forecast production from
unconventional gas wells. SPE Annual Technical Conference and Exhibition.
https://doi.org/10.2118/134231-MS

WANG, X.L., 2017. Application of artificial intelligence in oil andgas industry.
Mod Inf Technol. vol. 3,no. 1, pp. 117 - 119.

WANG, J. et al., 2022. A review on extreme learning machine. Multimed Tools
Appl.no. 81, pp. 41611 — 41660. https://doi.org/10.1007/s11042-021-11007-7.

YOU, L.etal.,2018. Reconstruction and prediction of capillary pressure curve based
on particle swarm optimization-back propagation neural network method. Petro-
leum. vol. 4, no. 3, pp. 268 — 280. https://doi.org/10.1016/j.petlm.2018.03.004.

KOTENEY, YU. A. et al., 2018. Energy-efficient technology for recovery of oil
reserves with gas injection. IOP Conf. Ser.: Earth Environ. Sci. 194 082019.

>4 Prof. Dr. S. H. Al-Obaidi
ORCID iD: 0000-0003-0377-0855
Department of Petroleum Engineering
Mining University, Russia

E-mail: drsudad@gmail.com

04 Dr. W. Chang, Assoc. Prof.
ORCID iD: 0000-0002-5457-2923
Department of Petroleum Engineering
University of Xidian

Xi’an, Shaanxi 710126, China
E-mail: changwj962@gmail.com

>4 Prof. Dr. M. Hofmann
ORCID iD: 0000-0001-5889-5351
Department of Petroleum Engineering
Mining University, Russia

E-mail: hof620929@gmail.com

200



