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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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IJIABHBI PEJAKTOP
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Opannus),  https://www.scopus.com/authid/detail.uri?authorld=7003436752;  https://www.webofscience.com/
wos/author/record/1230499

HIEH Iun, PhD, 3amecturens aupexropa Komurera mo ropHoii reoxornn Kuraiickoro reonorndeckoro
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KATAJIUH Credan, PhD, acconmupoBaunslii npodeccop, Texuuueckuit ynusepeuret pesnen (pesnen,
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wos/author/record/ 1309251

CAI'MHTAEB “Kanaii, PhD, accorymposanusii npogeccop, HazapbaeB ynuBepcuter (Acrana, Kazaxcramn),
https://www.scopus.com/authid/detail.uri?authorld=57204467637; https://www.webofscience.com/wos/author/record/907886

®OPATTUHHU IMaono, PhD, accormuposannblii npodeccop, Munanckuii yausepcurer buxokk (Munas,
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PATOB Bbopan6aii ToB6acapoBH4, JOKTOp TEXHHYECKHX HayK, mpodeccop, 3aBemyromuii kadenpoit
«l'eodpusuka u cericmonorus», Kazaxckuii HallMOHAIBHBIA UCCIIEIOBATENBLCKINA TEXHUYECKUI YHUBEPCUTET HM.
K. CarnaeBa (Anmarsl, Kasaxcran), https://www.scopus.com/authid/detail.uri?authorld=55927684100; https://
www.webofscience.com/wos/author/record/1993614

POHHMU Bepuarccon, mnpodeccop, Jupexrop LleHTpa coBpeMEHHBIX OIMKHEBOCTOYHBIX HCCIICIOBAHH,
Jlynnckuit yrusepcurer (Jlymn, IIsemms), https://www.scopus.com/authid/detail.uri?authorld=7005388716;
https://www.webofscience.com/wos/author/record/1324908

MUPITAC Baagumup, PhD, npodeccop, BocTrounslii HaydHO-HCCIE0BATENbCKHI LEHTDP, YHUBEPCHTET
Apwans, (Apwdns, Wspamns),  https://www.scopus.com/authid/detail.uri?authorld=8610969300; https:/www.
webofscience.com/wos/author/record/53680261

News of the National Academy of Sciences of the Republic of Kazakhstan. Series of geology and technology
sciences.

ISSN 2518-170X (Online),

ISSN 2224-5278 (Print)

CoberBennnk: TOO «LlenTpanbHO-A3HaTCKH aKaeMHIECKUil HayuHbIH HEHTP» (T. AJMaThl).

CBHIETEIBCTBO O TIOCTAHOBKE HA YydYeT IEPHOAMYECKOro medaTHoro usfganus B Komurere wnHbOpManuu
Munucrepersa nHopManuu 1 koMMyHHKanuid u PecrmyOmuku Kaszaxcran N° KZ50VPY00121155, BeinanHOe
05.06.2025 .

TemaTuueckast HANPABICHHOCTb: 2€0/102Usl, 2UOPO2EON02Us, 2e02Papus, 20pHOe 0eNo U XUMUHECKUe MEXHON02UU
Hegmu, easa u Memanios

IepronuunocTs: 6 pa3 B TOA.

http://www.geolog-technical kz/index.php/en/

© TOO «llenTpanbHo-A3MaTCKMi akageMUYECKUi HayuHbIi HeHTp», 2026.



ISSN 2224-5278 2.2026

CONTENTS

Abetov A.E., Seitzhanov A.K., Samenov Y.R., Zhassymbek S.A.
Machine learning and neural networks for lithofacies mapping and reservoir property
evaluation 0f COTE SAMPIES.......ccveivieieiieiiiiieierie ettt et sbeeseeeeeens 8

Aitkaliyev A.K., Pak Y.N., Kolmakov Y.V., Pak D.Y., Matishev T.V.
Application of the X-Ray radiometric method to improve the operational quality control
of copper ores during geological teStING.........ccvvevverieiirieieeeeie et 26

Altay Y.A., Karymsakova N.T., Fedorov A.V., Absadykov D.B., Ismagul G.K.
Predictive control of diagnostically significant parameters of acoustic emission using
machine learning: NEW data............ccoecueiieriiiieriieiece et sbe e eseenne 41

Astanakulov K.D., Kodirova M.G., Saydumarov B., Nersesyan D.V., Kurashkin S.O.
Resource potential of ecological and geological systems of allocated soil masses............ 58

Avazov Sh.B., Yodgorov Sh.I., Mukhammadkulov N.M., Aktamov B.U.,
Khayriddinov B.B.

Instrumental seismometric assessment of the impact of technogenic seismic vibrations

on the structural stability of historical ObJECtS........ccvevirieriiiieiiiieie e 74

Baskanbayeva D., Kalmaganbetov S., Sabirova L., Zholdybayeva G., Koptleuov K.
CFD analysis of screw compressor rotor geometry influence on gas compression
CIICIENCY 1N ZEOLOZY.....viiiiieieiieiietiei ettt ettt ere e esaeseeneesaeennes 92

Borotov A.N., Karshiev F.U., Igamberdiyev A.A., Grigoryan A.G., Sarigo N.V.
Ecological aspects of resource conservation in the development of mineral deposits......107

Gerasidi V.V, Lisachenko A.V., Apatenko A.S., Sevryugina N.S., Fomin A.Y.
Analysis of the application of non-destructive testing methods for assessing the technical
condition of mining equipment motors based on vibration parameters...........c.ccccevueenene 121

Hajiyeva A.Z., Ibrahimova L.P., Humbatova Sh.Y., Jafarova F.M.
Ecological processes of vertical landscape transformation and their manifestation
in the natural landscapes of Nakhchivan...........cccoecieiiiiiieiiiiiieecce e 135

Jakiyayev D.K., Nussipali R.K.*, Malibekov A.K., Jakiyayev B.D., Zhashen S.Zh.
Statistical model of multi-cycle fatigue of steel structural elements under a complex
NON-UNITOIM STIESS STALE. ......eoviiiiiiiieicieic ettt 149

Jumatov Y.K., Tashbulatov S.B., Pushanov A.N., Kozenkova G.L., Yarygina L.V.
Technological substantiation of sustainable mining reclamation of disturbed lands
11 OPEN PIt OPETALIONS. ...uveeeieeetieeteeiteesteerteeeteeseeeaeenteesseesseesnseessaeesseessseaseesseesseesseesnsees 169

Kainenova T.S., Kosmbaeva G.T., Bissembayeva K.T., Otarbayeva A.T., Orazbek A.A.
Effectiveness of measures to regulate the development process
at the Alibekmola field..........oooiriiiiie e 185



ISSN 2224-5278 2.2026

Koishiyeva G.Zh., Yerimova A.Zh., Kurbaniyazov S.K., Agaidarova K.H.,
Abdraimova K.T.

Radiological properties and stratigraphic significance of glauconite-bearing formations:
implications for paleoenvironments and geochemical zonation...........c.cceceveerenvencnnnnne. 203

Kondratiev V.V., Bryukhanova N.N., Kononenko R.V., Gladkikh V.A., Matasova L.Y.
Environmental and technological assessment of beneficiation tailings reprocessing
based on mechanical activation and non-ferrous metals leaching............ccccocceninieninien. 223

Kuldeyev Ye., Negmatov S., Nurpeissova M., Kirgizbaeva D., Donenbayeva N.
Geodynamic Polygon of the Zhilandy Ore Field: Results and Prospects............cccoueneee 237

Madibekov A., Christian Opp., Karimov A., Ismukhanova L., Zhadi A. Regularities
of distribution and accumulation factors of heavymetals in soils of the Zhetysu
region (KazakRNStan).........ccooiiiiiiiii it 253

Malikov G.I., Musayeva S.A., Mammadov K.S., Jabiyeva U.M., Jafarova K.V.
Effects of hydrocarbon fuel quality fluctuations on energy generation efficiency,
economic viability, and environmental fOOtPrint...........cooceeverieiiiieieiieereeeeeeee 272

Narbaev M.T., Ismailova G.K., Narbaeva K.T., Burlibayeva D.M., Groll M.
Assessment of ecological and water management parameters of the Syrdarya River.......290

Nurmagambetov A.
On seismic hazard of Almaty and tectonic faults in the City........ccocvevievieviecienieieiienns 309

Permana A.P, Kasim M., Hutagalung R., Uno D.A.N., Sandi I.N.
petrographic, provenance, and tectonic setting of Dolokapa formation sandstone,
NOTth GOTONLALO. ... eeeviiiieiieciieieeieet ettt ettt ste e e et e e esa e e essebeessesseensesneennas 319

Ratov B.T., Khomenko V.L., Yavorska 0.0., Koroviaka Ye.A., Akhmetova N.S.
Analytical and structural justification of a wellhead sealing device for
large-diameter drilling OPErations...........cceevvieeeriieierieeieseeie sttt re e 335

Skrobala V.M., Popovych V.V., Kopylov V.P., Popovych N.P.
Comprehensive assessment of heavy metal pollution of a river within a large city.......... 355

Sunakbaeva D.Kh., Yuldashbek D.Kh., Aitekova K., Seitbayev K.Zh.
Monitoring heavy metals in soils and waters of the City of Turkestan:
2C0CCOLOZICAL ASPECL....c.ieuiiiieiiieiieie ettt ettt 371

Zakirov M.M., Agzamova I.A., Ochilov G.E., Gulyamov G.D., Xudayberdiyev T.M.
Analysis of the results of changes in the gas and isotopic composition of
groundwater during the period of earthquake preparation.............cocceeeveererienenencnnns 385

Zhanbatyrov A.A., Tukhfatov Zh.K., Bektay E.K., Turisbekova G.S., Zhanbatyrov N.A.
Current state of potash ore development in the Caspian lowlands of the Republic
of Kazakhstan: problems and SOIUtIONS...........cc.eoiiiiiiieiiiiieiecieeeee e 399



ISSN 2224-5278 2.2026

NEWS OF THE NATIONAL ACADEMY OF SCIENCES OF THE REPUBLIC
OF KAZAKHSTAN, SERIES OF GEOLOGY AND TECHNICAL SCIENCES
ISSN 2224-5278

Volume 2.

Number 476 (2026), 8-25

https://doi.org/10.32014/2026.2518-170X.612

UDC: 550.8.053
IRSTI: 38.53.01

©Abetov A.E. !, Seitzhanov A.K."?, Samenov Y.R.!, Zhassymbek S.A.!, 2026.
ISatbayev University, Almaty, Kazakhstan;
?Kazakh-British Technical University, Almaty, Kazakhstan.
“E-mail: ansar.seitzhanov.98 @mail.ru

MACHINE LEARNING AND NEURAL NETWORKS FOR
LITHOFACIES MAPPING AND RESERVOIR PROPERTY
EVALUATION OF CORE SAMPLES

Abetov Auez — Doctor of Sciences in Geology and Mineralogy, Professor, Academician of the
National Academy of Sciences of the Republic of Kazakhstan, Satbayev University, Almaty,
Kazakhstan,

E-mail: abetov.auez@mail.ru, https://orcid.org/0000-0002-1866-7677;

Seitzhanov Ansar — PhD student, Kazakh-British Technical University, Almaty, Kazakhstan,
E-mail: ansar.seitzhanov.98@mail.ru, https://orcid.org/0009-0004-0700-2882;

Samenov Yernazar — Master student, Satbayev University, Almaty, Kazakhstan,

E-mail: samenov10@gmail.com, https://orcid.org/0000-0002-8299-5632;

Zhassymbek Safia— PhD student, Satbayev University, Almaty, Kazakhstan,

E-mail: sakonyaa94@gmail.com, https://orcid.org/0000-0002-5673-3612.

Abstract. Relevance. This study presents a machine learning (ML) approach
for petrophysical core classification, applied to data from the southeastern margin
of the Precaspian Depression - a geologically complex region characterized
by heterogeneous reservoirs and diverse lithofacies. The Random Forest (RF)
algorithm was chosen as the primary method due to its proven efficiency in
handling nonlinear relationships and high-dimensional datasets, making it
particularly suitable for complex geological environments. Objective. A Python-
based workflow integrating Scikit-learn, Pandas, and Streamlit was developed to
support the complete petrophysical analytical cycle — from data preprocessing
to interactive visualization and interpretation. Methods. The RF model achieved
89% accuracy and an F1-score of 0.90 in lithotype classification (sandstones and
siltstones). Porosity and permeability emerged as the most influential features,
with the application of a logarithmic permeability scale significantly enhancing
interpretability in low-permeability zones. Feature importance was rigorously
quantified using the Gini index, enabling effective dataset optimization and
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dimensionality reduction. Results and conclusions. The model exhibited strong
generalization capabilities, with over 90% test accuracy, and demonstrated
robust resistance to overfitting, ensuring reliable performance on unseen data.
The interactive web application further enhances usability by offering tools
for hyperparameter tuning, feature importance analysis, and dynamic data
visualization, supporting rapid and informed decision-making by petrophysicists.

In conclusion, the proposed ML framework offers a practical, scalable, and
adaptable solution that significantly improves the speed, accuracy, and reliability
of lithotype classification, making it a valuable tool for modern petrophysical
workflows in geologically complex and heterogeneous reservoir settings.

Keywords: machine learning, Random Forest, rock properties, classification,
Precaspian Depression
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Annorauusi. Cotikecmix. Byn 3epTTey neTpodu3MKaiblK KepHIEpAl Kiac-
cupuKanusyiayFa apHanraH MamuHameH okbITy (ML) Tocinmin ycwlHaabl, o
nepexrepai Ilpexacnuii oWmaTTapbIHBIH OHTYCTIK-IUBIFBIC MIETKI alMarbIHAaH
anajgpl - OYJ TEOJIOTHSIIBIK TYPFBIAAH KypAeli, apTypiai nutodauusiapsl 6ap
KOHE TeTEpPOreH[i pe3epByapiapbIMEH CcHIATTajaTelH aiiMak. Herisri omic
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perinne Random Forest (RF) anroput™mi TaHmanapl, ©WTKeHI OJ KOTOIIIEMIi
JIEPEeKTep MEH CBI3BIKTHIK €MeC TOYENIITIKTEep/Ii THIMIII OHIeyre KaoiaeTTi, Oy
KYp/Ieli TeoJIOTHUIBIK KaFaaiinapra ete Konainel. ConpiMeH Katap, RF momeni
NEpeKTeperi Iy MEH IIaMaJlaH ThIC OCHKYPBUIBIMIAHY/IBI KEHYTe MYMKIHIIK
Oepim, kiaccuuKays HOTMKEIEPIHIH TYPaKTBUIBIFBIH KaMTaMachl3 eTe/li.
Maxcam. TonblK TeTpOoPU3UKANBIK Tajady IUKIIH — JSPeKTepii aijablH ana
OHJICY/ICH MHTEPAKTHBTI BU3yaJU3allMsiay MEH MHTEpIIpeTanusiayra QediH —
KaMmTamacel3 ety yuin Scikit-learn, Pandas sxone Streamlit kiTamxanamzapbin
Oipikripetin Python Oarmapnamanblk kemieni o3ipyenmi. 9dicmepi. RF mopeni
JUTOTHNTEpHI (KymMTacTap MeH ca3ractap) kinaccupukanusayna 89% nonmik
xoHe 0,90 Fl-score xepcerrti. EH BIKIanmapl epeKmienikrep peTiHae MOPO3IbIK
JKOHE CY3TIIITIK aHBIKTAIbI, aJl JOTapUPMIIK CY3TIMTIK MIKAJAChIH KOJIaHY
TOMEH CY3TilTI alMakTapibsl HHTEpIpeTalusuiayaa HOTHKEIEPIiH IoJIITiH
alTapibIKTall apTTHIpALL. EpekmemikTepiH MaHbI3AbIFbl Gini WHIEKCI apKBLUIBI
OaranmaHIbl, OYJI IepEKTEP )KUBIHTHIFBIH OHTAMIIaHIBIPYFa, aPTHIK €PEKIIeTIKTepIl
azaiiTyra KoHE MOJENb/i J>KCHUIAETYre MYMKIHmIK Oepmi. Hamuowcenep men
KopblmulHObLIap. Mojenb jXKaHa, KepMereH JepeKTeple A€ CEeHIMJI KYMBIC
icTe#t oTeIpsIn, 90%-1aH acTaM TECTTIK IANIIIK KOPCETTI KoHe nepeodyueHuere
TO3IMALUNITIH Jonenaeni. MHTepakTHBTI BeO-KOCBHIMINA THIEpIIapaMeTpiepai
Oarray, epeKIIeNiKTepAiH MaHBI3ABIFBIH TaNay, TWHAMUKAIBIK BU3yaJlA3aIlis
JKOHE WHTEPAKTUBTI WHTEPIpPETalus KypajlJapblH YCBIHBIN, 3epTTEyIIUIepre
KBUIZAM 9pi aKmapaTka HeTi3eNreH MenriM KaObuIIayibl KAMTaMachl3 eTeIi.

KopsITbiHABUTAN Kene, YChIHBIIFaH ML-(QpeliMBOpK JTUTOTHUNTEP/I KIIacCH-
(uKanusaynblH SKbUITAMIBIFBIH, TOJJIITIH JKOHE CEHIMIUIITIH adTapibIKTai
YKaKCapTaThIH MPAKTUKAIIBIK, MACIIITA0TAIATHIH )KOHE OeHiMIeTIeTiH MIeTTiM OOIBITT
TaObUTaBl. ByJT TOCIT TEONOTHSUTBIK KYpJHesi jKOHE TeTEepOreH Il pe3epBYyapIIbIK
XKY#eneperi Ka3ipri3aManFbl MeTPO(QU3UKAIIBIK XKYMBIC TPOIIECTEPI YIITiH )KOFaAPHI
KYHJIBI KYpasi OoJbIl TaObUTaIbI J)KOHE OoJamrakTa 0acka KypJeii TeOoIOTHsUIBIK
KYPBUTBIMIAP/IBI TAJI1ay MEH MOJIETbACYTE /e KOJIJaHBLTYbl MYMKIH.

Tyiiin ce3mep: MalIMHAIBIK OKBITY, Ke37I€HCOK OpMaH, Tay JKbIHBICTAPBIHBIH
KacuerTepi, xkikrey, Kacrinii MaHbI oHTIaThI
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AnHorauusi. Axmyanrvnocms. B paboTe peacTaBieH MoaXo/ K Kiacchu(uka-
uu 00pa3oB KepHA C UCIOIB30BAHUEM METOJ0B MalmMHHOTO 00ydeHus: (ML),
IIPUMEHEHHBIM K JAHHBIM IOT0-BOCTOYHOM OKpauHbl [Ipukacnuiickas BHajJuHA
- TEOJIOTUYECKH CJIOXKHOIO PETHOHA, XapaKTEPU3YIOLIEroCs TeTepOreHHOCTHIO
MPUPOIHBIX PE3epBYapoB, HM3MEHUYMBOW NUTO(ANUANBHON CTPYKTYpOH U
BBIP@XCHHOM neTpo(hu3nyecKkoli HEOAHOPOAHOCTHIO. B kauecTBe 0a30Boii Moen
BbIOpaH anropuTM ciayyaitnoro eca (Random Forest, RF), o6nanarommii Beicokoit
3¢ PEKTUBHOCTHIO TPH 00paOOTKE MHOTOMEPHBIX U HETMHEHHBIX 3aBUCUMOCTEH, a
TaKKe YCTOWYMBOCTBIO K IIYMY M IEPe00ydeHHI0, 4TO 00ecreunBaeT HaAEKHOCTh
PE3yIBTATOB NP aHAIHM3E CI0XKHBIX T€0JIOTHUECKHUX cHCTeM. [lendb uccredosanus
- pazpaboTKa MporpaMMHOTO KOMIUIEKca Ha 0ase si3bika Python, nHTETpHpyromero
oubnmoreku Scikit-learn, Pandas u Streamlit s mOANEpKKU MOTHOTO IUKIIA
NeTpoU3NIECKOT0 aHalIu3a - OT MpeABAPUTEIBHONW OOpabdOTKW NAaHHBIX OO0
WHTEPAaKTUBHOW BU3yaln3allii U UHTepIpeTauun. Memoowl. J1ng knaccuduxaunn
JUTOTHIIOB (MIECYaHUKH U aJIEBPOJIUTHI) UCTIONb30Bajachk Moaenb Random Forest,
pocruriras TouHoCTH 89% wu 3Hauenust Fl-score 0,90. Haubonee 3HauMMBIMU
rnapamMeTpaMM OKa3alHuch MOPUCTOCTh U MPOHUIIAEMOCTh, TPU 3TOM NPUMEHEHUE
norapumMuyecKoro npeodpa3zoBaHus MPOHUIAEMOCTH TO3BOIHMIIO CYIIECTBEHHO
YAYUYLIUTh HMHTEPIPETALUI0 HU3KOMPOHHIAeMbIX 30H. OIlleHKa 3HAYMMOCTHU
MPU3HAKOB MPOBOJAWIACH C MCIOJIb30BaHNEM HHAeKca [[)KMHM, 4TO MO3BOJIUIO
ONITUMU3UPOBATh HAOOP BXOJHBIX MEPEMEHHBIX U CHU3UTh PA3MEPHOCTh MOACIH
0e3 moTepu TOYHOCTH. Pesyrvmamul u 661600bi. Moaenb IpoJEeMOHCTPUPOBaAa
BBICOKYIO 0000maromyto crnocodHocTh (Oonee 90% TOYHOCTH Ha TECTOBOU
BBIOOPKE) M YCTOWYMBOCTH K ImepeoOydeHuto. PazpaboTaHHoe MHTEpaKTHBHOE
BEO-IpUIIOKEHHE  OOEecCreyuBaeT HACTPOWKY THIeprnapaMeTpoB,  aHaIHU3
3HAYUMOCTH IPU3HAKOB M JUHAMUYECKYIO0 BU3yaJM3alHIO pPEe3YyJIbTaToB, YTO
CYLIECTBEHHO YCKOpsieT mpouecc oO0paOOTKM M HWHTEepIpeTalud JaHHBIX.
Taxum oOpazoM, mpenioxkeHHbIE ML-¢ppeliMBopk oOecrieunBaeT MOBBILICHHUE
CKOPOCTH, TOYHOCTH M HAAEKHOCTHU KiIacCU(PUKALUU JTUTOTHIIOB U TPEICTABISET
coboii MacmTadupyeMoe W aJanTHpPyeMOe peleHHE [UIsi COBPEMEHHBIX
NeTpOPU3NIECKUX UCCICAOBAHUI B CIOXKHBIX M T€TEPOreHHBIX pe3epBYapHBIX
CHCTEMax C BO3MOYKHOCTBIO PACHIMPEHUs HA IPYTHE re0jJOrnueckne 0ObeKTh U
WHTETpalny B KOMIUIEKCHBIE T€0JIOTO-Te0(U3NIECKUE MOCIH.

KuroueBblie ciioBa: MamimHHOE 00yUYeHHE, CITy4aliHbIi JeC, CBOMCTBA TOPHBIX
nopoJ, kiaccupukanus, [Ipukacnuiickas BnaguHa
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Introduction. At the present stage of development in Kazakhstan’s oil and
gas sector, a steady decline in hydrocarbon production from mature fields has
become increasingly evident. This trend, which has persisted for several years,
underscores an urgent imperative to expand the country’s resource base. This
issue is described in the State Program for Geological Exploration for 2021-
2025. This Program based on the next approaches:

» research at existing fields to investigate geological and geophysical
parameters;

* exploring new areas.

Digital transformation plays important role in modernizing the fundamental
reconsidering of data processing and interpretation methods. Application of
artificial intelligence (Al) and machine learning (ML) is particularly important,
because these approaches help automate routine human works, increase accuracy
and improve the reproducibility of the AI/ML models.

Intelligent algorithms unlock new opportunities to define patterns within
big geological datasets. This in turn, facilitate a better understanding of
geological structures and more precise assessment of hydrocarbon potential.
These technologies provide the next advantages: 1) facilitate rapid and reliable
interpretation of complex bigdata; 2) reduce human bias; 3) support the creation
of integrated field models. To sum up, digital technologies have become a huge
part of modern exploration industry and tool for enhancing industry efficiency
(Abetov et al., 2025).

One especially promising area is lithological analysis, which plays a vital role
in reservoir modeling and hydrocarbon potential assessment. ML significantly
increase the lithological data processing and as a result improving classification
and accuracy of interpretation (Abdimanap et al., 2024). These technologies are
applied for lithotype recognition, reservoir property prediction, and identification
of productive intervals. Consequently, making this approach essential tools for
both mature and prospective fields.

Among supervised ML methods, the Random Forest (RF) algorithm considering
as a reliable and accurate approach for processing geological, geophysical,
and petrophysical bigdata. One of the main reasons is its feature importance
assessment. In addition, RF has advantage as a robustness against overfitting.
RF can uncover complex nonlinear relationships between rock parameters and
lithological types. This feature enabling delivering stable and interpretable results
with noisy/incomplete data (Kim et al., 2018; Liaw and Wiener, 2002; Breiman,
2001).

Comparing with unsupervised ML methods such as k-means or principal
component analysis (PCA) tools, supervised ML uses labeled information (for
example: lithotypes, facies, etc.). Subsequently, this improves the accuracy and
reliability of outcome results. This makes supervised learning valuable tool for
constructing detailed geological models and predictive systems with validation
based on real data (Verma et al., 2016; Zhang et al., 2019).
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The integration of supervised learning methods in lithological analysis
enhances the reliability of interpretations, streamlines the identification of
reservoirs and anomalous zones, and reduces decision-making time in oil and gas
exploration and geological modeling. At the same time, the core image analysis
remains a promising technique in lithology characterization (Abdimanap et al.,
2024), this research takes an alternative approach of applying RF for classification
lithotypes based on density, porosity, and permeability. Our research focuses on
core material recovered from an oil field located at the southeastern board of the
Precaspian Depression, a geologically complex region that serves as the central
focus of this investigation.

The study addressed several tasks:

* Development of Python scripts using Scikit-learn / Pandas ML libraries for
data preparation, training of the model, and performance assessment on the test
petrophysical dataset;

» Implementation of an intuitive web-application interface using Streamlit to
enable visualization;

* Training, hyperparameter tuning, and validation of the RF model.

Methods and definitions. The RF algorithm constitutes a robust supervised
ML technique developed for regression tasks. Its principal strength derives
from an ensemble strategy that aggregates predictions across a large number of
individual decision trees, thereby generating outcomes that are substantially more
accurate and resilient to overfitting than those obtained from any conventional
single-model approach (Adeeyo, 2022).

Due to the number of trees in the ensemble increases, the generalization error
converges toward a limit. Ultimately, the predictive accuracy of RF model is
governed by two factors: 1) the individual strength of each tree in capturing
underlying patterns; 2) extent of correlation among the trees themselves (Breiman,
2001).

The general architecture of a RF model is illustrated in Figure 1.

f:'ﬂ—@

Figure 1 — Random Forest model (Adeeyo, 2022)
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RF algorithm is one of the most robust and widely used ML methods for
solving classification and regression problems. Because it demonstrates high
accuracy while processing complex and nonlinear data. This makes it particularly
valuable in geosciences and petrophysics (Adeeyo, 2022; Zhang et al., 2019).

RF achieves high accuracy and resistance to overfitting using random subsets
of features and training data. For the tasks requiring high precision and overfitting
resilience as a lithofacies classification, RF techniques are suitable (Abetov et al.,
2025).

This approach is based on constructing a set of independent decision trees,
where each tree trained on a random set input data and a random selection of
features. Once the individual trees have been fully constructed, the ensemble
arrives at its final prediction either through simple averaging in regression settings
or by means of majority voting in the case of classification tasks. This collective
aggregation mechanism substantially reduces overfitting of the model (Breiman,
2001; Liaw and Wiener, 2002).

The effectiveness of algorithm is largely determined by the law of large
numbers — as the number of trees increases, the model becomes more stable
and accurate. Additionally, the out-of-bag (OOB) evaluation mechanism allows
empirical assessment of the model's quality without requiring a separate test
dataset, which is especially valuable with limited data volumes (Verma et al.,
2016; Oshiro et al., 2012).

In practice, RF is successfully used to solve geological problems: automated
lithological classification, prediction of reservoir properties, permeability
estimation, and evaluation of other petrophysical parameters from core and well
log data (Kim et al., 2018; Zhang et al., 2019; Qi et al., 2021).

To implement RF algorithm, we used Scikit-learn library function: model
= RandomForestClassifier(...). The Streamlit library was used to visualize and
deploy web applications. Streamlit is an open-source Python library specifically
designed for rapid development of interactive web interfaces for ML tasks.

One of the advantages of this framework is capacity to enable the rapid
development of fully functional and visually engaging interfaces while demanding
a minimal code (NewTechAudit, 2021).

Input data. The initial dataset for this investigation was obtained from core
samples of an oil field located on the southeastern board of Precaspian Depression.

More than 10 wells were drilled at the field with core sampling, including
exploration, appraisal, and production wells. The total core drilling footage was
approximately 800 meters, with 40% core recovery.

ML study involved 73 core samples from Middle Jurassic sediments,
lithologically represented by alternating gray-colored sandy-shaly sediments. To
a lesser extent, carbonaceous clays and layers of brown coal are found. Their total
thickness ranges from 438 m to 450 m.

The reservoirs of the productive Middle Jurassic horizon are composed by
siltstones, sandstones, and sands. The seals are represented by the next formations:
clays with thin interlayers of sandstone, sand, and silt.
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In the table 1 represented core data from the productive intervals (Middle
Jurassic). This samples includes the thickness of horizons, drilled footage in the
pay zone, actual core recovery, and percentage relative to the drilled footage. The
total drilled footage - 211.41 m, core recovery - 80.57 m (38.11%). The highest
core recovery (100%) was recorded in the II Mid-Jur-2 hor. and III Mid-Jur-1 hor.
intervals, while the lowest (3.13%) was observed in the II Mid-Jur-1 hor. interval.

Table 1. Drilled footage and core recovery in productive Middle Jurassic reservoirs

Core selection in the pay zone

Horizons Horizon Drilled footage Core recovery (out of

thickness, m drilled footage)

m m %

IV Mid-Jur -2 hor. 5,01 5,01 - -
IV Mid-Jur -3 hor. 44,39 6,2 0,4 6,45
1T Mid-Jur -1 hor. 25,08 25,08 7,78 31,02
1T Mid-Jur -2 hor. 3,63 3,63 - -
11T Mid-Jur -1 hor. 9,16 7,81 4,81 61,59
1T Mid-Jur -1 hor. 26,11 26,11 12,11 46,38
1I Mid-Jur -2 hor. 6,12 5,28 - -
1T Mid-Jur -1 hor. 27,07 26,27 7,5 28,55
1T Mid-Jur -2 hor. 3,27 3,27 - -
111 Mid-Jur -1 hor. 17,05 14,51 4,5 31,01
1T Mid-Jur -1 hor. 27,59 17 3,5 20,59
I Mid-Jur -1 hor. 24,56 8 0,25 3,13
1T Mid-Jur -1 hor. 26,68 18 2 11,11
1T Mid-Jur -1 hor. 26,5 26,5 19,98 75,40
1T Mid-Jur -2 hor. 8,81 8,81 8,81 100,00
11T Mid-Jur -1 hor. 10,82 1,43 1,43 100,00
IV Mid-Jur -1 hor. 31,13 8,5 7,5 88,24
Total 322,98 211,41 80,57 38,11

Laboratory studies of core samples provided key petrophysical and lithological
characteristics. This data includes reservoir type, density, total and effective
porosity, oil saturation, grain size distribution, carbonate content, clay content,
and gas permeability.

For ML model aimed to automated lithotype classification, were selected
the most informative parameters — density, effective porosity, and permeability,
due to their high sensitivity to lithological variations and widespread use in
petrophysical interpretation tasks (Kim et al., 2018; Verma et al., 2016).

The training dataset included data from core samples, each containing values
for the specified parameters and labeled by rock type. This provided the necessary
foundation for supervised learning — in this case RF algorithm (see Table 2). The
diversity in density, porosity, and permeability values within the training dataset
allowed for coverage of a wide range of lithological varieties, which was crucial
for improving generalization capability of the model.
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Table 2. Input data for training model using RF

Depth, m Density, g/cm3 | Porosity, % | Permeability, mD |Rock type
17353 2,16 22 25 | Sandstone

1736,6 2,05 25,7 16 | Siltstone

1736,7 2,14 23 33 | Siltstone

1737,2 2,46 13,7 5,5 | Sandstone

1882,49 2,05 25,9 32,8 | Sandstone

1882,6801 2,1 20,6 16,8 | Sandstone
1883,1412 2,06 22,3 37 | Sandstone

2100,5 2,13 22,08 7,75 | Siltstone

According to the analysis results [Cao, 2023], there is a consistent inverse
correlation between rock density and permeability, caused by changes in porosity.
This relationship demonstrates the next relationship when rock density increases,
its porosity decreases, which leads to reduced permeability.

Such interdependence becomes significant while predicting reservoir
properties of terrigenous deposits on the southeastern board of the Precaspian
Basin. Whereas, the accurate lithological differentiation is critical for building
reliable geological models and planning efficient field development.

Of particular interest is the interdependence between porosity and permeability,
as it is most closely related to the reservoir potential of rocks. In this context,
density, porosity (effective), and gas permeability parameters can serve as
informative indicators of lithotype, especially during application of ML methods
for automated rock classification (see Figure 2).

- High
strength

High 1
permeability

Compressive strength (MPa)
(,w) Ayfrgeaurag

Porosity (%)
Figure 2 — Dependence of changes in porosity, permeability, and strength (Cao, 2023)

Thus, density, porosity, and permeability can be considered as key diagnostic
parameters for reservoir type identification. Their integrated analysis not only
enhances the accuracy of lithological classification but also provides a basis for
evaluating reservoir properties, which is particularly crucial for building geological
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and hydrodynamic models. Furthermore, application of these parameters into
ML algorithms assure robust rock differentiation despite multidimensionality and
incomplete input data.

Classification of lithotypes using the Streamlit application. To ensure proper
loading and subsequent processing of core petrophysical data, was implemented
a format-logical control (FLC) module (see Figure 3). The FLC is designed to
detect errors and inconsistencies related to format requirements. This allows
to apply established data processing business rules in the framework (JleoHos,
2023).

required columns = ['Depth’, ity", 'Porosity’, 'Permeability’, 'Rock_type']

if all(col in train_data.columns for col in required_columns):
X train = train data[[ 'Den "Permeability’]]
y_train = train_data[ 'Rock_type’]

Figure 3 — FLC (part of the Python-based code)

The model supports data in CSV format, which uploads containing mandatory
fields such as depth, density, effective porosity, permeability, and rock lithotype
(Figure 3). After FLC procedure, the dataset automatically split into training and
validation datasets. The algorithm was trained on the training dataset, after which
the trained model was used to predict the target variable (lithotype) on the test
dataset. Performance of the model was evaluated by comparing predicted with
actual values. This evaluation applies special metrics, including accuracy, recall,
F1-score, and etc [Adeeyo, 2022].

Analysis for core data

1. Load training data. 2. Load prediction data.

Step 1: Train the model
Download the training CSV

D d d file h
rag and drop file here Browse files
Limit 200MB per file « CSV

Step 2: Prediction
Upload CSV for prediction

D dd fileh .
rag and drop file here Browse files
Limit 200MB per file « CSV

Figure 4 — Web application interface (based on Streamlit)

Figure 4 shows the interface of developed web application using the Streamlit
library. This framework designed for rapid implementation of interactive
analytical systems. The interface includes the next stages:

1) Training phase — uploading a training dataset (maximum file size: 200 MB)
followed by model construction;
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2) Prediction phase — uploading new dataset to predict lithotype.

Research results. The research concentrated on two sedimentary rock types
— sandstone and siltstone. These parameters proved as a precise evaluation of the
storage capacity and the flow characteristics of the reservoirs.

The dataset was structured, where each sample contain precise lithotype labels
alongside corresponding values of petrophysical parameters. This facilitates
effective model training by linking input to target classes.

Thanks to the well-organized dataset, the model was able to uncover strong
statistical correlations between petrophysical characteristics and lithological
classes. This resulted in high accuracy for automated well log interpretation and
improved confidence in the evaluation of geological formations (see Figure 5).

Depth vs Rock Type Porosity vs Rock Type Permeability (log) vs Rock Type

2150 Rock_type . 8
®  sandstone 30

210097 & sitstone N 10°

2050

2000

1950

Depth
Porosity
Permeability

1500
1850 <
°

1800
o

wo o oo

1750

sandstone Siltstone Sandstone siltstone Sandstone siltstone
Rock_type Rock_type Rock_type

Figure 5 — Rock properties (trained data)

Figure 6 displays the interface of web application developed using Streamlit
library for configuring RF model hyperparameters. Web application provides a
user-friendly tool for interactive ML model tuning. This provides RF adaptation
to any input data characteristics.

Analysis for core data

1. Load training data. 2. Load prediction data.

Step 1: Train the model
Download the taining C5v

Drag and drop file here Browse files

Limit 200MB per file - CSV

Learning.csv 1548 x

Model Hyperparameters Tuning
Number of trees Min samples split
100 2
—— [ ]
10 200 2 10
Max depth Min samples leaf
10 1
—_—_— [ 3
2 20 1 s
Model Performance Metrics
Accuracy: 0.89
Precision (weighted): 0.94
Recall (weighted): 0.89

F1 Score (weighted): 0.90

Classification Report:

Figure 6 — Setting the hyperparameters of the RF
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The web interface enables to set hyperparameters of the RF, among them:

* Number of trees — which determines the total number of trees in the ensemble.
Increasing this value (e.g., to 100) improves model robustness against noise and
reduces overfitting. However, it also increases training time and computational
costs.

* Min samples split — sets the minimum number of samples required to split a
node. Setting the minimum number of samples required to split an internal node
at a value of 2 grants the model the highest possible granularity of partitioning.
Nevertheless, such splitting brings a risk of overfitting.

* Max depth — limits the maximum depth of each decision tree, controlling
model complexity. A value of 10 provides optimal balance between model
accuracy and generalization capability. Excessive depth increases overfitting
risk, while insufficient depth may cause loss of significant patterns. Alternatively,
max features can regulate tree complexity by limiting the number of features
considered for each split.

* Min samples leaf — determines the minimum number of samples required in
leaf. Setting this to 1 maximizes model flexibility for capturing rare data patterns.
However, higher values are recommended for noisy datasets to improve model
robustness and generalization performance.

The interface allows real-time visualization of hyperparameter influence on
model behavior, fostering a more deliberate approach to model training and
optimization. This methodology enhances modeling transparency and improves
the effectiveness of ML applications in geological objectives.

During configuring the hyperparameters of the model, were obtained the
following quality indicators:

* Accuracy: 0.89 — proportion of correct predictions among all cases;

* Precision: 0.94 — ability of model to avoid false positives;

* Recall: 0.89 — completeness of model for selecting required cases;

* F'l Score: 0.90 — harmonic mean of precision and recall, which means
overall model balance.

o
€
S-
@

Sandstone Siltstone 5 10 15 20 25
Predicted Training examples

(@) (b)
Figure 7 — RF models outcomes: a) outcome matrix; b) learning curves (blue line — learning
score; orange line — cross-validation score)
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Figure 7 (a) demonstrates matrix of classification results. It shows actual
versus predicted lithological types. In the given example, the model misclassified
a “Sandstone” sample as “Siltstone”.

This error reflects a typical problem in the task of classifying sedimentary
rocks due to the overlap or proximity of their petrophysical properties such as
porosity, permeability and density. These characteristics may have similar values
for different lithotypes, especially in transitional facies, which makes it difficult
to accurately differentiate even for advanced ML algorithms.

In the figure 7 (b) represented graph of model quality versus training dataset
size. It illustrates the behavior of training score and cross-validation score. The
vertical axis represents values ranging from 0.6 to 1.0, and the horizontal axis
shows the number of training samples.

It can be observed that as the number of training samples increases, cross-
validation score improves. It shows reduced overfitting and enhanced model
generalization.

This behavior is typical for models, sensitive to training data volume and
highlights the importance of having a sufficient number of representative samples
for training models for lithological classification tasks.

Discussion. In the proposed algorithm, the convergence of training and
validation curves (Figure 7b) as the training data volume increases reflects a
healthy learning process — characteristic of models with reduced overfitting and
improved generalization. This behavior suggests the model is learning stable,
underlying patterns rather than simply memorizing the training data.

The progressively narrowing gap between the training and cross-validation
score indicates increasing robustness and reliability of the model. As more data
is introduced, signaling the model's growing capacity to generalize effectively to
unseen datasets (Goodfellow et al., 2016; Géron, 2019).

Such convergence is particularly important in geological applications, where
predictive models must remain effective when applied to new core datasets with
variable properties (Bishop, 2006). In this case, high values of both metrics
(approaching 0.9—1.0 with maximum training data) confirm the suitability of the
model architecture and hyperparameters in capturing the complex relationships
between features and lithotypes.

The use of learning curves as a diagnostic tool is a well-established practice in
ML. Overall model performance continues to improve as more training samples
are supplied, the rate of that improvement gradually tapers off. Such behavior
represents a classic hallmark of classification tasks (Domingos, 2012).

Feature selection plays an important role in prospective of core classification
tasks. Different petrophysical parameters contribute to predictive accuracy. This
is essential for building a robust models.

Gini metric is used to represent the importance of features in RF:

Importance (X, ) = Nirz Z p(t)Ai(s,, t) (1)
T

teT (5 ) =Ky
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This is particularly relevant for comprehensive core petrophysical analysis
data, where numerous interrelated parameters are measured. Feature importance
analysis helps focus on key essential characteristics for differentiating lithological
types in the southeastern board of the Precaspian Depression (Kim et al., 2018).

Figure 8 demonstrates the petrophysical parameters used for rock classification:
density, permeability, and porosity. These parameters were used as input features
for RF model, with their relative importance assessed using the Gini metric — an
indicator used to evaluate the performance of classification models, particularly
in determining petrophysical properties. It is closely related to the ROC AUC
(Area Under the Receiver Operating Characteristic Curve) metric, which reflects
the ability of the model to distinguish between classes. The higher Gini value,
the better the model separates, for example, productive intervals from non-
productive. Such dataset allows the model to differentiate lithological rock types

based on quantitative filtration-capacity properties.

Density

Permeability

Feature

Porosity

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
Importance

Figure 8 — Importance of functions (density, permeability, porosity)

After loading the training data and training the model, the web application
provided the capability to determine rock type based on known petrophysical
parameters such as porosity and permeability. Figure 9 presented graphs
illustrating the performance of the model on the validation dataset.

Depth vs Rock Type Porosity vs Rock Type Permeability (log) vs Rock Type
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Sandstone Siltstone Sandstone Siltstone

sandstone Siltstone
Predicted_Rock_Type

Predicted_Rock_Type Predicted_Rock_Type

Figure 9 — Rock properties based on validation data
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Looking at the model’s results, it was clear that the RF split sandstones from
siltstones using petrophysical properties. The model kept value ranges that
matched each lithological type pretty well, and porosity stood out as the best way
to split them.

Additionally, the use of a logarithmic scale for permeability visualization
provided enhanced contrast. This effectively highlight filtration differences that
remain obscured on a linear scale, for instance in low-permeability zones.

The comparison of predicted versus actual lithotype labels showed a high
degree of consistency. This affirms the model’s accuracy and ability to generalize
information to unseen data. This indicates that the RF algorithm was not merely
memorizing the training set but was able to identify underlying, stable patterns in
the geological data — a key criterion for reliable predictive modeling in subsurface
studies.

Importantly, the visualization of validation results also revealed transitional
zones where petrophysical parameters of different lithotypes overlapped. These
boundary areas were associated with a higher probability of misclassification. Far
from being a limitation, this observation offers valuable feedback for iterative
model improvement. These ambiguous zones can be targeted for threshold
optimization, additional feature extraction, or refinement of model architecture
— all of which can lead to improved performance in complex reservoir settings.

Overall, this integrated approach strengthened model resilience in conditions
of geological uncertainty. This method makes RF a valuable tool for real-world
applications in reservoir characterization and exploration decision-making.

Conclusions. The study robustly demonstrates the efficiency of RF algorithm
for automating lithological classification based on core-derived petrophysical data
from the southeastern board of the Precaspian Depression. This region includes
different rock types, a complicated layout of reservoirs, and mixed lithofacies.
It makes AI/ML applications necessary to ensure consistent and reproducible
results in reservoir characterization.

The investigation utilizes core samples from wells located within this
geologically complex setting. To operationalize the methodology, we have
developed Python-based web application. This approach integrates Scikit-learn
for model construction and assessment, Pandas for preprocessing, and Streamlit
to deliver an interactive user interface for results visualization.

The modelling workflow includes the next stages: 1) data ingestion, 2)
normalization of petrophysical parameters, 3) handling of missing values, and 4)
restructuring datasets suitable for supervised ML. Model development included
training the RF classifier with systematic hyperparameter optimization. It was
able using cross-validation and grid search strategies to identify the optimal
combination of model parameters.

The model’s performance was rigorously assessed using accuracy, precision,
recall, and F1-score. This metrics provide a multi-dimensional understanding of
classification reliability. A key strength of the approach in the use of an independent
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validation set, excluded from the training of the RF model. This allowed for an
objective evaluation of the model’s generalization capability and provided clear
evidence that the algorithm avoids overfitting — an essential quality for practical
deployment in geological workflows.

The trained RF model achieved impressive results, with a classification
accuracy of 0.89 and an Fl-score of 0.90. These results indicate balanced
performance in identifying correct lithotypes and minimizing false positives
and negatives. These results confirm the model’s ability to identify nonlinear
relationships in petrophysical data and to capture subtle geological features that
may be overlooked in manual interpretation.

The feature importance analysis, performed using the Gini approach, revealed
that porosity and permeability are the most influential parameters. These
parameters are discriminators between sandstones and siltstones. Moreover, the
use of a logarithmic scale for permeability significantly enhanced the ability to
distinguish low-permeability zone. This was particularly helpful in delineating
tight formations and flow barriers — critical aspects of reservoir modeling.

Visual comparison between predicted and actual lithotype labels showed
strong agreement, confirming the algorithm’s predictive capacity. However, some
transitional zones where petrophysical signatures of different lithotypes overlap
were identified as regions of increased classification uncertainty. These areas
are valuable targets for further model refinement, such as feature engineering,
threshold calibration, or even integration of additional data modalities, including
mineralogical, geochemical, or image-based parameters.

One important part of this study is building web application with Streamlit
framework. This user interface supports real-time visualization of classification
results, feature contributions, and real-time model tuning. These tools act as a
useful link between complex data science methods and the everyday work of
geologists and reservoir engineers.

From a practical view, this method offers quick and reliable way to classify
lithology using real core data. It significantly reduces interpretation time,
minimizes subjectivity, and ensures consistent results. Moreover, main advantage
is that this application useful in the early stages of field development, appraisal
drilling, and when making exploration decisions.

In the future we will continue to work focusing on the next directions:

 Expand the classification in order to include a wider range of lithotypes. It
will include clay-rich, carbonate, and mixed lithologies, common in transitional
depositional environments;

o Integration of well log data (gamma-ray, density, resistivity, and sonic logs)
to allow spatial extrapolation of core-based interpretations. This will allow to
develop multi-scale hybrid ML models;

+ Developing tools for uncertainty quantification using the next methods such
as Monte Carlo dropout, Bayesian inference, or ensemble variance;

« To conduct benchmark of RF performance against other supervised ML
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techniques, such as XGBoost, Support Vector Machines, and LightGBM, in order
to investigate their performance;

« Exploring deep learning approaches (e.g., convolutional neural networks)
for automated interpretation of core images or thin section scans. It will be helpful
in cases where quantitative petrophysical data is limited or incomplete.

By combining geologically meaningful features with robust ML frameworks,
study makes a contribution to digitization of exploration workflows while
simultaneously establishing a firm methodological foundation for the future
development of intelligent geological systems. The proposed approach bridges
the gap between raw data and actionable geological insights, thereby enabling
more informed and more accurate decision-making in reservoir characterization.
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