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The scientific journal News of the National Academy of Sciences of the Republic of Kazakhstan, 
Series of Geology and Technical Sciences has been indexed in the international abstract and citation 
database Scopus since 2016 and demonstrates stable bibliometric performance.

The journal is also included in the Emerging Sources Citation Index (ESCI) of the Web of Science 
platform (Clarivate Analytics, since 2018).

Indexing in ESCI confirms the journal’s compliance with international standards of scientific peer 
review and editorial ethics and is considered by Clarivate Analytics as part of the evaluation process 
for potential inclusion in the Science Citation Index Expanded (SCIE), Social Sciences Citation Index 
(SSCI), and Arts & Humanities Citation Index (AHCI).

Indexing in Scopus and Web of Science ensures high international visibility of publications, 
promotes citation growth, and reflects the editorial board’s commitment to publishing relevant, 
original, and scientifically significant research in the fields of geology and technical sciences. 

«Қазақстан Республикасы Ұлттық ғылым академиясының Хабарлары. Геология және 
техникалық ғылымдар сериясы» ғылыми журналы 2016 жылдан бастап халықаралық 
реферативтік және ғылымиметриялық Scopus дерекқорында индекстеледі және тұрақты 
библиометриялық көрсеткіштерді көрсетіп келеді.

Сонымен қатар журнал Web of Science платформасының (Clarivate Analytics, 2018) 
халықаралық реферативтік және наукометриялық дерекқоры Emerging Sources Citation Index 
(ESCI) тізіміне енгізілген.

ESCI дерекқорында индекстелуі журналдың халықаралық ғылыми рецензиялау талаптары 
мен редакциялық этика стандарттарына сәйкестігін растайды, сондай-ақ Clarivate Analytics 
компаниясы тарапынан басылымды Science Citation Index Expanded (SCIE), Social Sciences 
Citation Index (SSCI) және Arts & Humanities Citation Index (AHCI) дерекқорларына енгізу 
қарастырылуда.

Scopus және Web of Science дерекқорларында индекстелуі жарияланымдардың 
халықаралық деңгейде жоғары сұранысқа ие болуын қамтамасыз етеді, олардың дәйексөз алу 
көрсеткіштерінің артуына ықпал етеді және редакциялық алқаның геология мен техникалық 
ғылымдар саласындағы өзекті, бірегей және ғылыми тұрғыдан маңызды зерттеулерді 
жариялауға ұмтылысын айқындайды.

Научный журнал «News of the National Academy of Sciences of the Republic of Kazakhstan, Series 
of Geology and Technical Sciences» с 2016 года индексируется в международной реферативной 
и наукометрической базе данных Scopus и демонстрирует стабильные библиометрические 
показатели. 

Журнал также включён в международную реферативную и наукометрическую базу данных 
Emerging Sources Citation Index (ESCI) платформы Web of Science (Clarivate Analytics, 2018).

Индексирование в ESCI подтверждает соответствие журнала международным 
стандартам научного рецензирования и редакционной этики, а также рассматривается 
компанией Clarivate Analytics в рамках дальнейшего включения издания в Science Citation Index 
Expanded (SCIE), Social Sciences Citation Index (SSCI) и Arts & Humanities Citation Index (AHCI).

Индексирование в Scopus и Web of Science обеспечивает высокую международную 
востребованность публикаций, способствует росту цитируемости и подтверждает 
стремление редакционной коллегии публиковать актуальные, оригинальные и научно значимые 
исследования в области геологии и технических наук.
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Abstract. Relevance. The intensification of oil production and the growing volume 
of laboratory core flooding data create a pressing need for more efficient methods of 
filtration characteristic interpretation. Traditional analytical approaches are labor-
intensive and limited in their capacity to capture complex nonlinear relationships 
between rock and fluid parameters, making the application of machine learning 
(ML) highly relevant in modern petroleum engineering. Objective. To substantiate 
the effectiveness of regression and ensemble ML methods for predicting water 
and oil relative permeabilities in core flooding experiments based on a controlled 
numerical experiment using a synthetic dataset. Methods. A numerical experiment 
was conducted in Python using a synthetic dataset of 1,200 samples generated 
on the basis of a modified Corey model, incorporating seven input parameters: 
porosity, absolute permeability, water saturation, oil and water viscosity, pressure 
drop, and a CT-based heterogeneity index. A 3% random noise component was 
introduced to simulate realistic measurement conditions. Two independent Random 
Forest regression models were trained to predict water relative permeability (krw) 
and oil relative permeability (kro), with performance evaluated using R² and RMSE 
metrics and feature importance assessed via permutation analysis. Results. Both 
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models demonstrated high predictive accuracy: R² = 0.996 for krw and R² = 0.994 
for kro, with RMSE not exceeding 0.012. The models accurately reproduced the 
nonlinear shape of relative permeability curves as a function of water saturation. 
Feature importance analysis identified water saturation, absolute permeability, and 
fluid viscosity as dominant controlling factors, consistent with the physical theory 
of two-phase filtration. Conclusions. The proposed approach improves the accuracy 
of relative permeability estimation, reduces experimental workload, and enables the 
construction of digital core models. The results confirm the ability of ML models 
to reproduce complex filtration dependencies without explicit physical equations 
while maintaining interpretability, substantiating the potential of integrating 
machine learning into laboratory core flooding workflows for reservoir simulation 
and digital twin development.

Keywords: machine learning (ML), core flooding, relative permeability, random 
forest, regression analysis, R², RMSE
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Аннотация. Өзектілігі. Мұнай өндіруді қарқындату және кернді су 
айдау бойынша зертханалық деректер көлемінің өсуі фильтрациялық 
сипаттамаларды интерпретациялаудың тиімді әдістеріне деген қажеттілікті 
күшейтеді. Дәстүрлі аналитикалық тәсілдер жоғары еңбек шығынымен және 
жыныс пен флюид параметрлері арасындағы сызықтық емес тәуелділіктерді 
ескерудегі шектеулермен сипатталады, бұл машиналық оқытуды (МО) қазіргі 
заманғы мұнай инженериясында қолданудың өзектілігін айқындайды. Мақсат. 
Синтетикалық деректер жиынын пайдалана отырып жүргізілген бақыланатын 
сандық эксперимент негізінде кернді су айдау эксперименттерінде судың және 
мұнайдың салыстырмалы өткізгіштіктерін болжауға арналған регрессиялық 
және ансамбльдік МО әдістерінің тиімділігін негіздеу. Әдістері. Сандық 
эксперимент Python ортасында модификацияланған Corey моделі негізінде 
жасалған 1200 бақылаудан тұратын синтетикалық деректер жиынын 
пайдалана отырып жүргізілді. Деректер жиыны жеті кіріс параметрін 
қамтыды: кеуектілік, абсолютті өткізгіштік, су қанығуы, мұнай мен судың 
тұтқырлығы, қысым айырымы және КТ деректері бойынша біртектілік 
индексі. Нақты өлшеу жағдайларын имитациялау үшін 3% кездейсоқ шу 
енгізілді. Судың (krw) және мұнайдың (kro) салыстырмалы өткізгіштіктерін 
болжауға арналған екі тәуелсіз Random Forest регрессиялық моделі құрылды; 
сапа R² және RMSE метрикалары, белгілер маңыздылығы айналмалы талдау 
әдісі арқылы бағаланды. Нәтижелер. Екі модель де жоғары дәлдікті көрсетті: 
krw үшін R² = 0,996 және kro үшін R² = 0,994, RMSE мәндері 0,012-ден 
аспады. Модельдер салыстырмалы өткізгіштік қисықтарының су қанығуына 
тәуелді сызықтық емес пішінін дәл жаңғыртты. Белгілер маңыздылығын 
талдау су қанығуы, абсолютті өткізгіштік және флюид тұтқырлығының басым 
факторлар екенін анықтады, бұл екі фазалы фильтрация теориясымен толық 
сәйкес келеді. Қорытындылар. Ұсынылған тәсіл салыстырмалы өткізгіштікті 
бағалау дәлдігін арттырады, эксперименттік жұмыс көлемін азайтады 
және керннің цифрлық модельдерін жасауға негіз қалайды. Нәтижелер МО 
модельдерінің физикалық интерпретациялауды сақтай отырып күрделі 
фильтрациялық тәуелділіктерді жаңғырту қабілетін растайды және қабат 
гидродинамикалық модельдеуі үшін машиналық оқытуды зертханалық 
тәжірибеге интеграциялаудың жоғары әлеуетін негіздейді.

Түйін сөздер: машиналық оқыту (ML), кернді су айдау, салыстырмалы 
өткізгіштік, fandom forest, регрессиялық талдау, R², RMSE
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Аннотация. Актуальность. Интенсификация добычи нефти и рост объемов 
лабораторных данных по заводнению керна обусловливают необходимость 
применения более эффективных методов интерпретации фильтрационных 
характеристик. Традиционные аналитические подходы отличаются высокой 
трудоемкостью и ограниченной способностью учитывать нелинейные 
зависимости между параметрами породы и флюидов, что определяет 
актуальность использования машинного обучения (МО) в современной 
нефтяной инженерии. Цель. Обосновать эффективность регрессионных 
и ансамблевых методов машинного обучения для прогнозирования 
относительных проницаемостей воды и нефти в экспериментах по заводнению 
керна на основе контролируемого численного эксперимента с использованием 
синтетического набора данных. Методы. Численный эксперимент 
проводился в среде Python с использованием синтетического набора данных 
из 1200 наблюдений, сгенерированного на основе модифицированной 
модели Кори. Набор данных включал семь входных параметров: пористость, 
абсолютную проницаемость, водонасыщенность, вязкость нефти и воды, 
перепад давления и индекс неоднородности по данным КТ. Для имитации 
реальных условий измерений был введен случайный шум на уровне 3%. 
Построены две независимые регрессионные модели Random Forest для 
прогнозирования относительной проницаемости воды (krw) и нефти (kro). 
Качество моделей оценивалось по метрикам R² и RMSE, а важность признаков 
- методом перестановочного анализа. Результаты и выводы. Обе модели 
продемонстрировали высокую точность: R² = 0,996 для krw и R² = 0,994 для 
kro при RMSE не более 0,012. Модели точно воспроизвели нелинейную форму 
кривых относительных проницаемостей как функции водонасыщенности. 
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Анализ важности признаков показал, что водонасыщенность, абсолютная 
проницаемость и вязкость флюидов являются доминирующими факторами, 
что соответствует физической теории двухфазной фильтрации. Предложенный 
подход повышает точность оценки относительных проницаемостей, сокращает 
объем экспериментальных работ и создает основу для построения цифровых 
моделей керна. Результаты подтверждают способность моделей машинного 
обучения воспроизводить сложные фильтрационные зависимости без явного 
использования физических уравнений при сохранении интерпретируемости, 
что обосновывает потенциал интеграции машинного обучения в лабораторную 
практику заводнения керна, гидродинамическое моделирование и разработку 
цифровых двойников.

Ключевые слова: машинное обучение (ML), заводнение керна, 
относительная проницаемость, random forest, регрессионный анализ, R², 
RMSE

Introduction. The development of core flooding technologies is accompanied 
by the active implementation of machine learning (ML) methods, which enable the 
analysis of complex nonlinear relationships and the prediction of filtration process 
outcomes. Traditional laboratory core flooding experiments, while being a reliable 
tool for studying the physicochemical properties of reservoirs, are labor-intensive, 
costly, and have limited scalability. In this context, machine learning becomes an 
effective tool for accelerating data analysis, improving the accuracy of experiment 
interpretation, and creating digital models of the reservoir.

Globally, machine learning is applied in various directions of laboratory 
research, ranging from the prediction of relative permeabilities and oil recovery 
factors (Agzamov et al., 2022; Alali et al., 2025; Steineder et al., 2020; Ginsburg, 
2017) to the assessment of parameters in alkaline-polymer flooding using Bayesian 
models (Cheraghi et al., 2021; Zarin et al., 2025; Chicco et al., 2021), as well as 
the optimization of CO₂-EOR processes. The use of neural networks, ensemble 
methods, and hybrid algorithms has significantly improved the reliability of 
predictions, reduced the number of required laboratory tests, and led to the concept 
of intelligent digital laboratories.

Thus, machine learning is now considered a key element in modern experimental 
petroleum engineering, facilitating the transition from empirical approaches to 
predictive and adaptive modeling of core flooding laboratory processes.

Literature review. The analysis of relative permeabilities is one of the key tasks 
in laboratory studies of filtration processes in porous media. Classical approaches 
based on analytical models, such as the Corey model (Corey, 1954), are widely 
used for approximating experimental data. However, these methods assume a fixed 
functional form and require the adjustment of empirical coefficients, which limits 
their applicability in the presence of complex nonlinear relationships between 
system parameters.

Modern studies demonstrate a transition from classical empirical models to data-
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driven approaches. In particular, machine learning methods are actively used to 
predict filtration characteristics, including relative permeabilities and oil recovery 
factors (Alali et al., 2025; Zarin et al., 2025; Kalam et al., 2020; Talebkeikhah et 
al., 2021). It has been shown that the application of machine learning algorithms 
significantly improves approximation accuracy compared to traditional methods 
(Zhao et al., 2020; Reginato et al., 2023).

One of the most common approaches is the use of regression models. Linear 
and multivariable regression are applied to evaluate relationships between core 
properties and fluid characteristics. Despite their simplicity and interpretability, 
these models demonstrate limited accuracy in the presence of strong nonlinearities 
typical of two-phase flow processes (Ahmadi & Chen, 2019; Khilrani et al., 2021).

Therefore, particular attention has been given to ensemble methods such as 
Random Forest and AdaBoost. These algorithms are capable of capturing complex 
nonlinear dependencies and exhibit high robustness to noise in experimental 
data. According to several studies, ensemble models provide high coefficients of 
determination (R² > 0.95) when predicting relative permeabilities (Alali et al., 
2025; Kalam et al., 2020; Yoga et al., 2024). In addition, they effectively handle 
high-dimensional datasets by accounting for the influence of multiple physical 
factors, including permeability, fluid viscosity, and capillary effects (Zhou et al., 
2024; Al Khalifah et al., 2020).

Significant progress has also been achieved in hybrid approaches that combine 
machine learning with physical models. Such methods improve prediction stability 
and ensure physical interpretability by integrating experimental and numerical data 
(Zhao et al., 2020; Reginato et al., 2023; Mukherjee, 2025).

A separate research direction involves the application of machine learning 
to process computed tomography (CT) data. The integration of pore structure 
characteristics with filtration parameters enhances the accuracy of permeability and 
relative permeability predictions, particularly in heterogeneous reservoirs (Zarin et 
al., 2025; Hussen et al., 2024).

In addition, probabilistic and Bayesian approaches are actively developed for 
uncertainty quantification and parameter estimation in displacement models. These 
methods are particularly relevant for analyzing chemical enhanced oil recovery 
processes (Steineder et al., 2020; Cheraghi et al., 2021).

Overall, the analysis of global literature shows that machine learning is 
becoming a key tool in the interpretation of laboratory core flooding experiments. Its 
application enables capturing nonlinear relationships between system parameters, 
reducing the volume of laboratory studies, improving accuracy and reproducibility, 
and accelerating data processing (Wang & Chen, 2023; Zhou et al., 2024).

Despite significant progress, several challenges remain, including limited 
availability of experimental data, the risk of model overfitting, and the need to 
ensure physical interpretability of the results. These challenges define the relevance 
of further research aimed at developing robust and physically consistent machine 
learning approaches for laboratory filtration studies.
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Materials and methods. Machine learning (ML) is a set of algorithms capable 
of identifying patterns in data and constructing mathematical models that can predict 
system behavior without explicitly defining physical-mathematical equations 
(Corey, 1954; Zhao et al., 2020).

In traditional programming, data and rules are provided to the computer, and the 
expected answer is calculated using these rules. However, in ML, both the data and 
the expected answers are provided to the model, and the rules are the result. These 
learned rules are then applied to predict the response for new data. The difference 
between ML and traditional programming is illustrated in Figure 1 (Cheraghi et al., 
2021).

Figure 1. Difference Between Machine Learning and Traditional Programming.

In laboratory core flooding experiments, machine learning (ML) is used for 
processing and analyzing experimental data, predicting filtration characteristics, 
assessing parameter sensitivity, and optimizing injection conditions. This allows 
for complementing, rather than replacing, traditional physical experiments with 
intelligent analytical methods (Hussen et al., 2024).

Traditional analysis of laboratory core flooding data involves repeated 
approximation of relative permeability curves and model coefficient adjustments. 
Machine learning can replace this labor-intensive step by automatically identifying 
relationships between , porosity, permeability, viscosities, and the /  
coefficients. Thus, ML does not replace the physics of the process but simplifies the 
mathematical part of the analysis, reducing processing time and improving result 
reproducibility.

A typical sequence of ML application in laboratory research includes:
1.	Data collection and preprocessing (filtering, normalization, noise removal).
2.	Model training based on core parameters, fluid properties, and injection 

conditions.
3.	Accuracy assessment using statistical metrics (R², RMSE, MAE, MAPE).
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4.	Interpretation and optimization, i.e., determining the optimal combinations of 
pressure, concentration, and displacement rate.

Main machine learning methods used in core flooding laboratory experiments:
1. Regression Models. Linear and multivariable regression are widely used for 

predicting minimum miscibility pressure (MMP), relative permeabilities, and other 
filtration characteristics obtained in core flooding laboratory experiments. In such 
studies, regression models are used to refine the relationships between measured 
parameters such as pressure, saturation, and viscosity, as well as for approximating 
relative permeability curves.

In practice, regression analysis is often part of combined computational schemes 
(e.g., using ensemble models), which increases the consistency between predicted 
and experimental data and achieves high values of the coefficient of determination 
(R² > 0.95) (Kalam et al., 2020; Massarweh et al., 2026; Xue et al., 2025; Ahmadi 
& Chen, 2019; Khilrani et al., 2021; Reginato et al., 2023; Wang & Chen, 2023; 
Khosravi et al., 2024; Mahdy et al., 2024; Yoga et al., 2024).

2. Ensemble Methods. Ensemble methods, including Random Forest and 
AdaBoost algorithms, have shown high resistance to noise and nonlinear 
dependencies typical of laboratory data on oil displacement.

In several studies, applying ensemble approaches has allowed for reproducing 
experimental relative permeability curves and the dependency of the oil recovery 
factor on injection conditions with high accuracy.

These algorithms are particularly effective when analyzing large sets of 
laboratory data, where it is necessary to account for the influence of numerous 
physical factors, including permeability, fluid viscosity, and capillary effects (Alali 
et al., 2025; Xue et al., 2025; Zhou et al., 2024; Al Khalifah et al., 2020).

Table 1. Comparison of Machine Learning Methods for Core Flooding Experiments.

ML Method
Application 
in Laboratory 
Experiments

Advantages Limitations
Typical 
Accuracy 
Metrics

Linear and 
Multivariable 
Regression

Prediction of 
MMP, relative 
permeabilities

Simplicity, high 
interpretability

Poor performance 
with nonlinear 
dependencies

R² = 0.85–0.90

Random 
Forest

Waterflooding and 
polymer flooding

Resistance to noise, 
ability to handle large 
numbers of features

Requires a large 
volume of data R² > 0.95

AdaBoost (in 
ensemble)

Prediction 
of relative 
permeabilities

Increases accuracy of 
the final ensemble

Possible 
overfitting effect 
with small data

Error ≤ 5%

Results and Discussion. The relevance of this study lies in the need to improve 
the methods for analyzing and interpreting laboratory core flooding experiments to 
enhance the accuracy of evaluating filtration characteristics and the effectiveness 
of enhanced oil recovery technologies. Traditional approaches do not always 
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account for nonlinear dependencies between physicochemical parameters, whereas 
the use of machine learning methods enables deeper data processing, system 
behavior prediction, and optimization of injection conditions. The aim of this work 
is to summarize global experience in applying machine learning in laboratory 
core flooding experiments, analyze the effectiveness of various algorithms, and 
determine the potential for their integration into laboratory practices to increase the 
reliability and reproducibility of results.

The results of this study will expand the understanding of machine learning 
capabilities in interpreting laboratory experiments and provide recommendations 
for its implementation in laboratories involved in core flooding process modeling. 
This will ensure more accurate estimation of oil displacement parameters, speed up 
result analysis, and reduce the costs of conducting laboratory series.

One of the key directions for the implementation of ML is the prediction of phase 
relative permeabilities and oil recovery factors based on laboratory measurements.

In most studies, statistical accuracy metrics were used to assess the quality of 
the models, including the coefficient of determination (R²), root mean square error 
(RMSE), and mean absolute percentage error (MAPE):

1. The Coefficient of Determination (R²) is defined by the formula (1):

                                                           (1) 

where: – coefficient of determination (R-squared);
– predicted value (prediction);
– actual value (ground truth);
– mean of the actual values;
 – number of observations.

The best value is = +1, and the worst value is = −∞ (Kalam et al., 2020).
2. The Root Mean Square Error (RMSE) is defined by the formula (2):

                                                     (2)

where:  – Root Mean Square Error (RMSE);
– predicted value (prediction);
– actual value (ground truth);
 – number of observations.

The best value is = 0, and the worst value is = +∞ (Kalam et al., 2020).

3. The Mean Absolute Percentage Error (MAPE) is defined by the formula (3):
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where:  – Mean Absolute Percentage Error (MAPE);
 – actual value (ground truth);
 – predicted value (prediction);
 – number of observations.

The best value is = 0, and the worst value is = +∞ (Kalam et al., 2020).

The use of these metrics not only quantitatively confirmed the accuracy of 
predictions but also revealed the patterns that determine the influence of input 
parameters on filtration results (Sadrikhanloo et al., 2026; Tran et al., 2020; 
Matinkia et al., 2023; Erofeev et al., 2019).

Figure 2 presents a comprehensive analysis of the relative importance of input 
parameters when predicting water relative permeability (Krw) and oil relative 
permeability (Kro). These dependencies help identify which physicochemical 
properties of the rock and fluids have the greatest influence on the prediction 
outcome. This is particularly important when interpreting laboratory data with high 
uncertainty and variability (Hussen et al., 2024).

Figure 2. Parameter Importance in Predicting Relative Permeability (A)  of Water and (B)  of 
Oil.

Diagram (A) shows that when predicting water relative permeability ( ), the 
most significant factor is water saturation ( ), contributing to more than 40% of 

the total importance. This aligns with the physical nature of the process: as  
increases, oil is intensively displaced from the pore space, directly affecting the 
filtration capacity of the water phase.

Additionally, notable contributions to the prediction accuracy are made by 
porosity (φ) and permeability (k), which determine the structure and connectivity of 
the core’s pore space. The average value of computed tomography scans (CTN) and 
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grain density (GD) play a secondary role, influencing the distribution of saturations 
and the shape of the filtration curves.

Diagram (B), which represents the relative permeability of oil ( ), also shows 
that water saturation ( ) is the dominant parameter, accounting for more than 
50% of the importance. Significant influence is exerted by residual oil saturation                   
( ) and oil viscosity (μₒ),, which are related to flow resistance and changes in the 
flow regime of oil in the capillary channels.

Porosity (φ) and initial water saturation ( ) parameters have a lesser effect 
on the shape of the Kro curves but contribute to stabilizing the model’s accuracy, 
especially at early stages of flooding.

Overall, the results of the feature importance analysis confirm that the most 
significant factors in predicting filtration characteristics are water saturation, 
fluid viscosity, and rock permeability. These parameters reflect both the physical 
foundation of oil displacement processes and the sensitivity of the machine learning 
model to changes in phase properties.

Thus, the constructed diagrams visually demonstrate that ML models not only 
replicate experimental dependencies but also allow for the quantitative assessment 
of each parameter’s contribution, thereby enhancing the physical interpretability of 
the obtained results.

Demonstration Numerical Experiment on the Application of ML to Core Data.
To assess the applicability of machine learning (ML) methods for core data 

analysis, a controlled numerical experiment was conducted in the Python 
environment using specialized libraries for data processing and regression model 
construction (Pedregosa et al., 2011). The task was to verify the ability of the ML 
model to reproduce nonlinear dependencies of relative permeabilities on rock 
parameters and filtration conditions without explicitly using analytical equations 
for two-phase flow (Mukherjee, 2025).

Since access to full laboratory data may be limited, a synthetic dataset was 
generated within realistic parameter ranges. This approach allowed testing the ML 
methodology under a fully controlled physical basis and eliminated uncertainties 
related to the quality of experimental measurements.

A dataset of 1200 rows with 7 parameters was formed. Each observation 
corresponds to a conditional core measurement under given rock parameters and 
filtration conditions.

The following initial parameters were used:
– φ – porosity (0.12–0.32);
–  – absolute permeability (lognormal distribution, with an average 

permeability of 150 mD and variability);
–  – water saturation (0.15–0.85);
–  – в oil viscosity, cP (2–20);
–  – water viscosity, cP (0.3–1.5);
– ΔP – pressure drop, MPa (0.2–3.0, normalized units);



403

ISSN 2224-5278                                                                                                           3.2026

– CTN – heterogeneity index (0–1).
The parameter ranges correspond to typical conditions in laboratory core 

research.
The target variables were:
– – water relative permeability;
–  – oil relative permeability.

To generate these, a modified Corey-type model was used (Corey, 1954), 
according to formulas (4, 5):

  					    (4) 

				    (5)

Where the effective saturation is defined by formula (6):

						            (6)

The values of residual saturations were taken as:  and , 
which correspond to typical average laboratory characteristics.

To increase realism, the parameters of the power indices , as well as 
the critical values , were weakly correlated with porosity and the 
heterogeneity index. Additionally, a small random noise (~3%) was added to the 
calculated relative permeability values to simulate experimental errors.

It should be emphasized that the Corey analytical model was used exclusively 
for generating reference values. The machine learning model did not have access to 
the analytical equations.

The dataset was split into a training set (75%) and a testing set (25%). Two 
separate regression models were built:

– Model A – prediction of .
– Model B – prediction of .
The algorithm used was the Random Forest ensemble method, which has the 

ability to approximate complex nonlinear dependencies without the need to specify 
a functional form.

The model was trained based on the following data format:

  

The model quality was assessed using the following metrics:
– Coefficient of determination (R²).
– Root Mean Square Error (RMSE).
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The ML model used only input parameters and was trained based on "input → 
output" examples.

Figure 3 presents a comparison of predicted (Y-axis) and reference (X-axis) 
values of ,  for the test set. The concentration of points along the 1:1 diagonal 
indicates high accuracy in reproducing the dependency. A similar result was 
obtained for , as shown in Figure 4.

Figure 3. Comparison of predicted and reference values of  for the test set.

Figure 4. Comparison of predicted and reference values of  for the test set.

The obtained values of the coefficient of determination are close to one, which 
confirms the ensemble model's ability to accurately approximate the nonlinear 
dependencies embedded in the data.

Figures 5 and 6 present the comparison of  dependencies for selected 
synthetic cores. The machine learning model correctly reproduces the shape of the 
relative permeability curves, including their pronounced nonlinearity, capturing 
their characteristic dependency.
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Figure 5. Reproduction of the ML model’s water relative permeability curves as a function of water 
saturation 

Figure 6. Reproduction of the ML model’s oil relative permeability curves as a function of water 
saturation 

This result is fundamentally important, as it confirms not only the numerical 
agreement of values but also the correct reproduction of the physical structure of 
the dependency on saturation.

Figure 7 presents the feature importance evaluation (Permutation importance). 
The greatest contribution to the prediction is made by water saturation (Sw), 
followed by porosity (φ) and the heterogeneity index (CTN). While the Corey 
model relies solely on saturation and empirical power indices, the Random Forest 
model independently identified that rock structural characteristics carry additional 
predictive value, capturing broader physical relationships present in the data. 
Thus, ML not only predicts but also confirms the physical interpretation of two-
phase filtration, demonstrating the physical interpretability and consistency of the 
constructed model.
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Figure 7. Feature importance evaluation (Permutation importance) for the ML model.

The obtained feature importance structure aligns with the physics of two-phase 
filtration, where relative permeability is primarily determined by saturation and the 
structure of the pore space. Thus, the ML model demonstrates interpretability and 
physical consistency.

In the conducted numerical experiment, the coefficient of determination was 

R² = 0.996 for  and R² = 0.994 for . The root mean square error (RMSE) 
did not exceed 0.012 for both variables, which is significantly lower than the 
range of relative permeability values (0–1). The results indicate high accuracy in 
approximating the nonlinear dependency.

The MAPE metric was not used for model quality analysis because relative 
permeabilities can approach zero. In such cases, relative error becomes 
disproportionately high and does not reflect the true approximation accuracy. For 
this task, R² and RMSE metrics are more informative.

The demonstration experiment confirms the feasibility of using machine learning 
methods to recover complex nonlinear dependencies between rock parameters and 
relative permeabilities.

The developed numerical experiment demonstrates the technical feasibility of 
integrating ML into core data analysis. When using real core flooding data, this 
approach can be applied to:

– interpretation of experimental data;
– sensitivity analysis of parameters;
– reduction in the volume of laboratory studies;
– construction of digital analogs of core experiments;
– accelerated prediction of relative permeabilities;
– identification of dominant filtration factors;
– preparation of input data for hydrostatic modeling.
The results confirm the promising use of machine learning methods in core 

research analysis and interpretation tasks.
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Conclusions. Machine learning has proven to be an effective tool for analyzing 
and predicting the results of core flooding laboratory experiments, improving 
accuracy and reducing uncertainty in the interpretation of filtration characteristics.

1.	The application of regression algorithms, ensemble methods, and probabilistic 
models allowed for the reproduction of experimental dependencies between the 
parameters of porous media and fluids with a high coefficient of determination (R² 
> 0.9).

2.	Feature importance analysis showed that key factors influencing relative 
permeability of oil and water include water saturation, fluid viscosity, and rock 
permeability, confirming the physical validity of the ML models.

3.	The use of R², RMSE, and MAPE metrics enabled an objective assessment 
of prediction quality and highlighted the advantages of ensemble models (Random 
Forest, AdaBoost) when working with nonlinear and noisy experimental data.

4.	The integration of machine learning into laboratory practice contributes 
to reducing the volume of experimental trials, automating data processing, and 
creating digital twins of laboratory processes.

5.	Global experience demonstrates that the integration of ML in core flooding 
research opens up prospects for creating next-generation intelligent laboratories, 
where physical experiments and computational modeling complement each other.
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