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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.

«Kazaxcman Pecnybnuxacel ¥immulx 2vlieim akademuscvinvly Xabapnapul. [eonocus wcomne
MEXHUKANBIK  bLILIMOAD Cepuschly eblivlmu dcypuanst 2016 dceinoan 6acman Xanelkapanwlk
peepamusmix JHcaHe EbLILIMUMEMPUATLIK Scopus 0epeKKOPbIHOA UHOEKCmeneol JHeaHe mypaKmol
OUOTUOMEMPUATBIK KOPCemKiumepoi Kepcemin Keneoi.

Convimen kamap ocypran Web of Science naamgpopmacwinviy (Clarivate Analytics, 2018)
Xanvikapanvli peghepamusmix sicamne Haykomempusnwlx oepekkopwl Emerging Sources Citation Index
(ESCI) mizimine eneizineen.

ESCI 0epexkopuvinoa unoekcmenyi scypHAIO0bIH XATbIKAPAbIK SbLILIMU PeYEH3UANAY MATAnmapvl
MeH pe0aKyusIblK SMUKa CMaHoapmmapviia catikecmiein pacmatiosl, conoati-ax, Clarivate Analytics
Komnauuscel mapanvinan oaceiivimovt Science Citation Index Expanded (SCIE), Social Sciences
Citation Index (SSCI) owcone Arts & Humanities Citation Index (AHCI) depexkoprapvina ewneizy
Kapacmulpuliyod.

Scopus  owcone Web of Science Oepexkkoprapvinoa uUHOEKCMENYi  HCAPUATAHBIMOAPOLIH
XanvlKapanvlk 0eyeelioe Heo2apbl CYPAHbICKA ue OOIYbIH KAMMAMACHI3 emeoi, O1apObly 0UeKCos Ay
KopcemKiwimepiniy apmyusina viknan emeoi Jcane pedaKyusiblK alKanbly 2e0n02us MeH MeXHUKATbIK
SBLILIMOAD CANACHIHOA&bL ©3eKMmi, Oipecell JiCoHe EbLIbIMU MYPEbIOaH MAHbI30bl 3epmmeynepoi
JCapuAnay2a YMmuliblColH AUKbIHOALObL.

Hayunwiii sicypran « News of the National Academy of Sciences of the Republic of Kazakhstan, Series
of Geology and Technical Sciencesy c 2016 2o0a undexcupyemcs 6 mesncoyHapooHoll pepepamusHol
u Haykomempuueckou 6aze Oanuwvix Scopus u OeMOHCmpupyem cmabuivHvle OubIUOMempuiecKue
nokasamern.

JKypHan maxaice 8KIHOUEH 6 MENCOYHAPOOHYIO pedhepamueHyio U HAYKOMEmPUYecKyro 6azy OaHHbIX
Emerging Sources Citation Index (ESCI) nramgopmer Web of Science (Clarivate Analytics, 2018).

HUnoexcuposanue ¢ ESCI noomeepoicoaem coomeemcmeue HCYPHALA MENCOYHAPOOHBIM
CMAHOApMam HAyUHO20 PEYeH3UPOBAHUS U PEOAKYUOHHOU IMUKU, d MAKIHCE PACCMAMPUBAEMCS
xomnanueu Clarivate Analytics 6 pamkax oanvHetiue2o exkarouenus uzoanus 6 Science Citation Index
Expanded (SCIE), Social Sciences Citation Index (SSCI) u Arts & Humanities Citation Index (AHCI).

HUnoexcuposanue 6 Scopus u Web of Science obecneuusaem 6bICOKYIO MeHCOYHAPOOHVIO
80CcmMpebosaHHOCMb  NYOIUKAYULl, CHOCOOCMEYem pocmy YumupyeMocmu u noomeepicoaen
cmpemaerue pedaKyuoHHOU Koate2uu nyOIuKo8anms akmyaibHble, OPUSUHATbHbIE U HAYYHO 3HAYUMbLE
UCCIe008AHUS 8 0OIACTIU 2€002UU U MEXHUYECKUX HAVK.
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Abstract. Relevance. Theintensification of oil productionand 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 R and RMSE
metrics and feature importance assessed via permutation analysis. Results. Both

392



ISSN 2224-5278 3.2026

models demonstrated high predictive accuracy: R? = 0.996 for krw and R? = 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, R?, RMSE
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AHHOTANUS. O3exminiei. MyHall eHAIPYII KapKBIHAATY JOHE KEpHAlL Cy
aiinay OOMBIHIIA 3EpPTXaHANBIK JACPEKTEP KOJEMiHIH ocyl (QUIBTPalUsIIbIK
cUnarTamMaliap/ibl HHTSPIPETALUSIIAYAbIH THIMI1 9JICTEpiHE JEreH KaMKeTTLIIKTI
Kymeireai. ocTypii aHaTUTUKABIK TOCIIIEP XKOFAphl CHOCK IIBIFBIHBIMEH KOHE
KBIHBIC TICH (piIroH]] mapameTpiiepi apachblHAAFbl ChI3BIKTHIK EMEC TOYEIAUTIKTEeP i
eCKepy/leTi IEeKTeyIepMEeH cunarTanaabl, OyJl MamrHaIbIK OKbITYa6l (MO) Ka3ipri
3aMaHFbl MYHAW MHKCHEPHSIChIH 1 KOJIIaHy/IbIH ©3CKTUIITH alKbIH i bl Makcam.
CUHTETHKAIIBIK IEPEKTep KHUbIHBIH Maii1aiaHa OTHIPBII KYPTi3UIreH OaKkblIaHATHIH
CaHJIBIK SKCTIEPUMEHT HET131H/1e KePH/Ii Cy aiijjay SKCIIEPUMEHTTEPIHAC CY/IbIH )KOHE
MYHAH/IBIH CaJIBICTBIPMANbl OTKI3TIITIKTEPiH OOJDKayFa apHallFaH perpecCusIbIK
koHe aHcamOibaik MO ojicTepiHiH THIMAUITIH Herizney. Odicmepi. CaHIBIK
skcniepuMeHT Python opraceinna moaudukanusuianran Corey Mojeni HeriziHue
xacasran 1200 OakpUlaynaH TypaTblH CHHTCTUKAJBIK JCPEKTEP IKUBIHBIH
naianaHa OTBIPBIN JKYprizingi. JepexTep >KUBIHBI JKETi Kipic mapaMeTpiH
KAMTBLIBL: KEYSKTUTIK, a0CONIOTTI OTKI3TIIITIK, Cy KaHBIFYbl, MyHall MEH CYIbIH
TYTKBIPJIBIFBL, KbICBIM aibIpbiMbl koHe KT nepekrepi OoiblHIIA OipTEKTUIIK
uHjeKcl. HakTel eniey jxarnaiiapblH MMHUTANUsUIay yiiiH 3% Ke3IeHCOK mry
enrizinmi. CyasiH (krw) skoHe myHaitnbiH (kro) cayibicThIpMalbl ©TKI3TIITIKTEPiH
Ooirkayra apHasFaH eki Toyesnciz Random Forest perpeccusuibik Moaesi KypbULibl;
carna R? s;xone RMSE metpukanapsl, 6enrizep MaHbI3IbUIBIFE allHAIMAIIBI TaJ1ay
o1ici apKbUIbI Oaranan bl Homuoicenep. Exi MOJIEIb JIe )KOFaphl JQJIIKTI KOPCETTI:
krw ymia R? = 0,996 xone kro yurim R? = 0,994, RMSE monpnepi 0,012-nen
acrazipl. MoJenbaep CalbICThIPMaIIbl OTKI3TIIITIK KUCHIKTAPBIHBIH CY KaHBIFYbIHA
TOYEJ/Il CHI3BIKTHIK €MEC MIIIiHIH JI9J JKAHFBIPTTHL. Belriiep MaHbI3IbUIbIFbIH
Tajay cy KaHbIFybl, a0CONIOTTI OTKI3TIILITIK KoHE (ITIOU TYTKBIPJIBIFBIHBIH 0aChIM
(axTopnap eKeHiH aHBbIKTaAbl, OyJ1 eKi (azaisl GUIbTpalMs TEOPHSICHIMEH TOJBIK
coiikec kenei. Kopvimbinovliap. ¥ ChIHBUIFAH TOCII CabICTBIPMAJIbI O TKI3TIIITIKTI
Oaranmay JAQJIITIH apTThIpajbl, SKCIEPHUMEHTTIK JKYMBIC KOJIEMIH a3alTaibl
KOHE KepHHIH LUQPIBIK MOJAENbICPIH jKacayra Heri3 Kanainel. Hotmxenep MO
MOJICTIBICPiHIH (U3UKAJBIK HHTEPIpeTalsIaylbl CaKTail OTBIPBIN KYpeli
(GUIBTPALMSIIBIK TOYCIAUTIKTEpl KAHFBIPTY KaOUIeTiH pacTaillipl *oHE Kadar
THAPOJMHAMHUKAIIBIK MOZAEJbJCYl YIIiH MAaIlWHAIBIK OKBITYABl 3€PTXaHAJbIK
TOKiprOere HHTErpalysIIayAbIH XKOFAPbI dJI€yeTiH HeTi3aeH/Ii.

Tyiiin ce3nep: mammHanblk okbITy (ML), kepHai cy aiiiay, canblCThIpMaibl
eTki3rimTik, fandom forest, perpeccusuibik Tangay, R, RMSE
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AHHOTamuA. Axmyanviocms. UHTEHCHPUKAHS 10O He(PTH M pOCT 00HEMOB
71a00paTOPHBIX JaHHBIX IO 3aBOAHEHHIO KepHa OOYCIIOBIMBAIOT HEOOXOAMMOCTD
npuMeHeHus: 6onee 3pQPEKTUBHBIX METOJOB HMHTEpHpeTanru (QUIbTPALHOHHBIX
XapaKTEePUCTHK. TpajuMOHHbIC aHAIMTHYECKUE MOAXOAbl OTINYAIOTCSI BBICOKOH
TPYAOEMKOCTBIO M OIPAaHMYEHHOW CIIOCOOHOCTBIO YUWTHIBaTh HEJIMHEHHBIC
3aBUCUMOCTH MEXIy TIapaMeTpamMH IOpOAbl M (IIOMIO0B, YTO ONpEAeiseT
aKTyaJbHOCTh HCIIONB30BaHUsI MamMHHOTO oOyueHust (MO) B coBpeMeHHOI
HedTsHOM uHxeHepuH. [lens. OO6ocHOBaTh 3(PEKTHBHOCTb PErPECCHOHHBIX
n  aHcamOJIEBBIX METOJOB MAIIMHHOTO OOy4YeHHs Ui HNPOTHO3WPOBAHHUS
OTHOCHUTEIILHBIX IPOHUIIAEMOCTEH BOJIBI M HE(TH B SKCIIEPUMEHTAX MO 3aBOAHEHHIO
KEpHa Ha OCHOBE KOHTPOJIMPYEMOTO YHCICHHOTO SKCIIEPUMEHTA C HCIIOIb30BAHHEM
CHUHTETHYECKOT0 Habopa JaHHBIX. Memoodsi. UYUHCICHHBIH 3KCHEPUMEHT
npoBoawics B cpene Python ¢ ucnonp3oBaHreM CHHTETHUECKOTO HA0Opa TaHHBIX
n3 1200 HaOmoneHWi, CreHepHpOBaHHOTO HAa OCHOBE MOAU(DUIIMPOBAHHON
mozenu Kopu. Habop gaHHBIX BKITIOUAT CEMb BXOAHBIX ITaPaMETPOB: MIOPUCTOCTb,
abCOJIOTHYIO NMPOHHUIAEMOCTh, BOJIOHACHIIIEHHOCTh, BA3KOCTb HE(TH U BOIbI,
nepenaj JaBICHUS M MHIACKC HeomHoponHocTd no paHHbM KT. Jnsg umurtanun
peanpHBIX YCIOBHH M3MEpeHHMH ObUI BBEIOCH CIy4YallHBIA IIyM Ha ypoBHE 3%.
[loctpoeHsl 1Be He3aBUCHUMBIC perpeccHoHHble Monenu Random Forest st
MIPOTHO3UPOBAaHUSI OTHOCHUTENBHOH mpoHuiaeMocty Boabl (krw) u HedTu (kro).
KauecTtBo Mozaeneii ouenuanock no merpukam R* u RMSE, a BaxHOCTb IpHU3HAKOB
- METOAOM IEPECTaHOBOYHOIO aHanusa. Pesynemamsl u 6v1600u1. OO0 Momaenu
MTPOIGMOHCTPUPOBAIH BBICOKYIO TOUHOCTE: R? = 0,996 mns krw u R? = 0,994 nns
kro mpu RMSE ne 6onee 0,012. Moaenu To4HO BOCTIPOU3BENIN HEMUHEHHYIO hopMy
KPHUBBIX OTHOCHTEIBHBIX NPOHUIAEMOCTEH Kak (YHKUIUH BOJOHACHIILICHHOCTH.
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AHanm3 BaXHOCTH MPU3HAKOB IMOKA3all, YTO BOJOHACKHIIICHHOCTh, a0CONIOTHAS
MIPOHUIIAEMOCTh U BS3KOCTH (PIIIOMAOB ABJISIOTCS JOMHHHUPYIOIUMH (aKkTOpPaMH,
YTO COOTBETCTBYET (pU3MUYECKOM Teopuu ByX(asHoi ¢puibTpanuu. [IpemioxkeHHbIi
MOJIXOJT TOBBIIACT TOUHOCTH OIEHKHM OTHO CUTEBHBIX IPOHUIIAEMOCTEH, COKpamaeT
00bEM IKCIIEPUMEHTAIILHBIX Pa0OT U CO3/IaeT OCHOBY ISl IIOCTPOCHUS IIU(PPOBBIX
Mojieniell KepHa. Pe3ynbrarhl MOATBEPIKIAI0T CIOCOOHOCTh MOJIENEH MallMHHOTO
OGy‘IeHI/ISI BOCIIPOU3BOAUTD CIIOKHBIC (1)I/IJ'ILTpaI_[I/IOHHLIe 3aBHCUMOCTH 0€3 SIBHOTO
WCIOJIh30BaHUS (PU3UYECKUX YPAaBHEHUH MPH COXPAHCHUU MHTEPIPETHPYEMOCTH,
9TO 000CHOBBIBAET MOTCHIIMAJ HHTETPAIMH MAITHHHOTO O0YUEHUS B TAO0OPATOPHYIO
MPAKTHKY 3aBOJTHCHMSI KePHA, THIIPOJAMHAMUYECKOE MOJICTIMPOBAHUE U pa3pabOTKy
U(PPOBBIX JBOHHHUKOB.

KaroueBbie ciaoBa: wmamuHHOe oOyuyenne (ML), 3aBojgHeHHME KepHa,
OTHOCHTENbHAS MpOHUIIaeMocTh, random forest, perpeccHoHHbIi aHanmm3, 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 CO»-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-

396



ISSN 2224-5278 3.2026

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 (R? > 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).
Data — Traditional Answer
Rules —| Programming
=
Data — Machine
nswers - Learning

These rules are applied
to predict the answer
for new data

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 S,,,, porosity, permeability, viscosities, and the Ky/k,,
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 (R?, 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.

Application Typical
ML Method |in Laboratory Advantages Limitations Accuracy

Experiments Metrics
Linear and Prediction of Simplicity. hich Poor performance
Multivariable | MMP, relative SUIPICILY, AIg with nonlinear R?=0.85-0.90

. o interpretability .
Regression permeabilities dependencies
. Resistance to noise, .
Random Waterﬂoodmg.and ability to handle large Requires a large R2>0.95
Forest polymer flooding volume of data
numbers of features
.| Prediction Possible

AdaBoost (in of relative Increases accuracy of overfitting effect | Error < 5%
ensemble) e the final ensemble .

permeabilities with small data

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 (R?), root mean square error
(RMSE), and mean absolute percentage error (MAPE):

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

RI=1— IE, (&-vp® 0

I, (F-1¥;)®
where: R?— coefficient of determination (R-squared);
X; — predicted value (prediction);
¥; — actual value (ground truth);
¥ — mean of the actual values;
m — number of observations.

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

|
_ L em 2
RMSE = Jm 2 (X = ¥)? 2)

where: RMSE — Root Mean Square Error (RMSE);
X predicted value (prediction);

¥; _ actual value (ground truth);
m — number of observations.
The best value is = 0, and the worst value is = +oo (Kalam et al., 2020).

3. The Mean Absolute Percentage Error (MAPE) is defined by the formula (3):
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m
1 Y, — X,
MAPE = — | | (3)
m Y;
i=1

where: MAPE _ Mean Absolute Percentage Error (MAPE);
¥; — actual value (ground truth);

X; — predicted value (prediction);
m — number of observations.
The best value is = 0, and the worst value is = +oo (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).

" g "
"K

"K
«GD

= GD
CTN CTN
L] '1“ L] ““‘
= po "o
w Swi " Swi
= Sor = Sor

= Sw = Sw

(A) (B)

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

Diagram (A) shows that when predicting water relative permeability (K., ), the
most significant factor is water saturation (5,,.), contributing to more than 40% of

the total importance. This aligns with the physical nature of the process: as Sw
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 (¢) 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 (k,), also shows
that water saturation (5,,) is the dominant parameter, accounting for more than
50% of the importance. Significant influence is exerted by residual oil saturation
(35r) and oil viscosity (li,),, which are related to flow resistance and changes in the
flow regime of oil in the capillary channels.

Porosity (¢) and initial water saturation (5,,,;) 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:

— @ — porosity (0.12-0.32);

— kaps — absolute permeability (lognormal distribution, with an average
permeability of 150 mD and variability);

— 5., — water saturation (0.15-0.85);

— [, — B oil viscosity, cP (2-20);

— [t,,. — water viscosity, cP (0.3—1.5);

— AP — pressure drop, MPa (0.2-3.0, normalized units);
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— CTN — heterogeneity index (0—1).

The parameter ranges correspond to typical conditions in laboratory core
research.

The target variables were:

— K — water relative permeability;
— k,., — oil relative permeability.

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

k?w = k,wl} ' Sa”w (4)

k =k:"r.:-D ' [1_59]”.: ®)

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

5 — SW - SWG
: l - SWE - 50?" (6)

The values of residual saturations were taken as: 5,,.. = 0.20and 5,, = 0.25,
which correspond to typical average laboratory characteristics.

To increase realism, the parameters of the power indices m,,., 7,, as well as
the critical values K,.q Koo, 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 K.

— Model B — prediction of k..

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:

[‘-F": kﬂbs* SW-" Hor Hyer ﬂ,P, CTN] - k:"

The model quality was assessed using the following metrics:
— Coefficient of determination (R?).
— 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 k.., 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 k.., as shown in Figure 4.
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Figure 3. Comparison of predicted and reference values of ¥y for the test set.
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Figure 4. Comparison of predicted and reference values of Ky, 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 k,.(S,,) 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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krw(Sw): obs vs ML
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Figure 5. Reproduction of the ML model’s water relative permeability curves as a function of water
saturation &, {5, 0.
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Figure 6. Reproduction of the ML model’s oil relative permeability curves as a function of water
saturation Kool 5

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 (¢) 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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Feature importance for krw (permutation)
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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

2=10.996 for K and R? = 0.994 for k?‘ﬂ. 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, R? 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 (R?
>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 R%, 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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