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Abstract

ABSTRACT

This dissertation presents the development of an Al-supported methodology that integrates
artificial neural networks (ANNSs) to enhance subsurface characterization of the Pannonian age
clastic interval in the Drava Basin. The aim was to improve the accuracy of the geological
model and reduce economic and technical risks in mature basins with incomplete datasets by
combining machine learning with geological expertise. The research was conducted in three
phases. In the first phase, ANNs were combined with conventional geostatistical methods to
improve lithology prediction. Although the approach showed potential, its limitations became
evident in the overestimation of certain lithological categories, particularly sandstone, as it was
predicted with greater certainty during the process preceding the definition of lithological
values in the model (upscaling). Nevertheless, the integration of ANN models with
fundamental geological knowledge proved successful in modeling lithological composition.
The second phase introduced an ANN-supported approach for time-to-depth relationship
prediction, significantly outperforming traditional techniques. Models achieved correlation
coefficients above 0.99, attributed to their ability to capture complex geological patterns.
Results also highlight the importance of developing locally specific ANN models and provide
recommendations for potential adaptations for broader application. The third phase focused on
lithology distribution using well log and 3D seismic attributes. Data preprocessing proved to
be crucial, as it was found that standardized input data produced the most geologically
consistent results. Normalized and raw data led to less reliable predictions. Application to a 2D
seismic profile confirmed the methodology’s suitability for regional-scale studies. Beyond
lithology prediction and time-to-depth conversion, the developed models support subsurface
characterization for geoenergy applications, including hydrocarbon exploration, geothermal
assessment, and CO> storage. By capturing complex geological relationships, ANN-supported
workflows offer improved prediction accuracy and form a replicable framework adaptable to
other basins. This research establishes a foundation for advanced modelling approaches in

future resource Mmanagement.
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PROSIRENI SAZETAK

Ova doktorska disertacija predstavlja razvoj i vrednovanje metodologije osnovane na umjetnoj
inteligenciji (Artificial Intelligence, Al) koja koristi umjetne neuronske mreze (Artificial
Neural Networks, ANN) za poboljsanje geoloske karakterizacije podzemlja panonskog
stratigrafskog intervala u Dravskom bazenu. Primarni cilj istrazivanja bio je unaprijediti
preciznost 1 pouzdanost geoloSkih modela koristenjem strojnog ucenja U podrucjima s visokim

stupnjem istrazenosti koja sadrze brojne, ali ¢esto nepotpune geoloske informacije.

Pocetni skup podataka obuhvacao je Cetiri busotine i 3D seizmicki volumen od 36,25
km?. Cilj ovog prostorno ograni¢enog skupa podataka bio je obuhvatiti velik broj karotaznih
dijagrama, kao i seizmicki volumen Vvisoke rezolucije kako bi se osiguralo da utjecaj kvalitete
podataka na sposobnost predvidanja bude znatno smanjen. Unutar naslaga panonske starosti
karakterizirane su tri litologije, pjescenjaci, lapori i ugljen na podacima iz cetiri busotine.
Podinska i krovinska granica panonskih naslaga odredene su na temelju buSotinskih podataka
te su iste interpretirane unutar seizmickog volumena. Navedene stratigrafske granice koristene
su za definiranje granica modela. Za unapredenje ulaznih podataka za ANN analizu izra¢unato
je sljedecih 16 seizmickih atributa: Original Amplitude, Reflection Intensity, Root Mean Square
(RMS) Amplitude, Sweetness, Amplitude Contrast, Chaos, Edge Evidence, Iso-frequency
Component, RMS Iterative, RMS Time Gain, t*Attenuation, Variance (Edge Method),
Instantaneous Frequency, Instantaneous Phase, Cosine of Phase i Relative Acoustic
Impedance (RAI).

Litoloski podaci su preneseni na rezoluciju modela procesom upscale, a za ANN
analizu izdvojeno je 800 ulaznih vrijednosti. Prosjec¢na visina ¢elija modela iznosila je 25 m, u
skladu s vertikalnom rezolucijom seizmickih podataka prikupljenih 1990-ih. ANN analiza
nacinjena je s ukupno 15.480 podataka, ukljucujuci vrijednosti seizmickih atributa. Fiksni
parametri mreZe sastojali su se od 16 neurona (16 seizmickih atributa) u ulaznom sloju i tri
neurona u izlaznom sloju (odgovaraju¢i trima litoloSkim kategorijama). KoriStene su dvije
stohasti¢ke metode DAANN (diferent architecture artificial neural network) i SAANN (same
architecture artificial neural network) kako bi se procijenio utjecaj arhitekture neuronske
mreze i distribucije vrijednosti na uspjesnost predikcije. DAANN pristup koristio je razli¢ite
arhitekture neuronskih mreza s razli¢itim brojem neurona u skrivenom sloju i aktivacijskim
funkcijama, dok je SAANN Kkoristio istu arhitekturu, ali s varijacijama u razdiobi ulaznog seta

podataka u skupu podataka za uvjezbavanje, testiranje i validaciju ANN-a. Za predvidanje
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litoloSkog sastava koriSteno je ukupno 2.000 ANN mreza (1.000 DAANN i 1.000 SAANN), a
odabrano je 200 najuspjesnijih za daljnu predikciju (100 po svakom pristupu). ANN analiza
proizvela je veliki broj podataka za variogramsku analizu, pri ¢emu se broj podataka smanjivao
kako je rasla vjerojatnost podudaranja (P50, P75, P90). Variogramska analiza pokazala je da
prostorna korelacija litoloskih kategorija zna¢ajno varira ovisno o tipu podataka i uspjeSnosti
predvidanja. Zbog dominacije pjes¢enjaka u P75 1 P90 modelima, rezultati zahtijevaju opreznu

interpretaciju jer veca preciznost u ovom slucaju nije znacila i nuznu geolosku vjerodostojnost.

Prva faza istrazivanja istaknula je izazove u razvoju metodologije za karakterizaciju
distribucije litoloskog sastava u podzemlju pomocu ANN-a, ¢ak i kada su primijenjeni
sveobuhvatni skupovi podataka visoke rezolucije. Glavni izazovi proizlaze iz neadekvatne
obrade podataka (upscale-a) te prilikom koreliranja podataka u dubinskoj domeni (busotinski
podaci) s onima iz vremenske domene (seizmicki podaci). Mnoge busotine nemaju podatke 0
vremensko-dubinskom odnosu (Time-to-Depth Relationship, TDR), koji se obi¢no odreduje na

temelju vertikalnog seizmickog profiliranja (VSP) ili zvuénim karotazama.

Kako bi se svladale opisane poteskoce, druga faza istrazivanja fokusirala se na razvoj
nove metodologije za precizniju odredbu vremensko-dubinskog odnosa podataka. Ova
metodologija posebno je znacajna za busotine bez VSP-a ili zvucne katoraze, gdje su prethodne
metode odredivanja odnosa vrijeme-dubina (TDR) uglavnom uklju¢ivale interpolaciju izmedu
busotina s 1 bez uspostavljenih TDR-a. Novi pristup uzima u obzir i buSotinske 1 seizmicke
podatke, koriste¢ci ANN za povecanje preciznosti 1 smanjenje pogreSaka uzrokovanih
ekstrapolacijom funkcije brzina iz susjednih buSotina. Ovaj pristup pruza ekonomicno i

ucinkovito rjeSenje za istraZivanje podzemlja, nadmaSujuéi tradicionalne metode.

PredloZzena metodologija koristi ANN za predvidanje odnosa vrijeme-dubina na
temelju interpretacije karotaznih dijagrama i stratigrafskih intervala. Na taj nacin rjeSava
probleme povezane s definiranjem odnosa vremensko-dubinskih domena i znacajno poboljsava
to¢nost predvidanja, ¢ak i za buSotine s ograni¢enim geofizickim podacima. Nadalje,
integracija ANN-a s litoloskim podacima iz osnovnih karotaznih dijagrama — uklju¢ujuci one
iz starijih buSotina — omogucila je smanjenje pogreSaka, odnosno povecanje toc¢nosti U
uspostavljanju vremensko-dubinskih odnosa, S§to rezultira preciznijim modeliranjem

podzemlja.

Klju¢an ¢imbenik u uspjesnosti primjene ANN-a bio je odabir reprezentativnog skupa

podataka za uvjezbavanje. Odabrano je 18 busotina, od kojih je 14 koriSteno za uvjezbavanje
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modela, dok su Cetiri busotine koriStene za testiranje uspjesnosti izgradenih neuronskih mreza.
Testne busotine odabrane su kako bi predstavljale razli¢ite scenarije taloZenja litostratigrafskih
jedinica (razli¢ite debljine), odnosno slucajeve s prisutnoscu svih Cetiriju interpretiranih
stratigrafskih intervala te sluCajeve gdje su buSotine zahvatile samo prva dva intervala.
Prilikom odabira uzet je u obzir i njihov geografski polozaj u donosu na buSotine za
uvjezbavanje kako bi se omogucila procjena utjecaja udaljenosti na uspjesnost predvidanja.
Interpretacija buSotinskih podataka bila je usmjerena na izdvajanje propusnih i nepropusnih
jedinica Koristenjem osnovnih karotaznih dijagrama. Njihova interpretacija omogucila je
definiranje vertikalne distribucije litoloSkog sastava, kao i odredbu triju regionalnih markera o
(granica pliocen-miocen), Rs7 (granica srednji — kasni miocen) i PNg (podloga neogena). Na
temelju ovih glavnih granica, za svaku buSotinu interpretirana su do Cetiri stratigrafska
intervala, grupiraju¢i naslage prema starosti, litoloskom sastavu i okolisu talozenja. Ovi
intervali definiraju Cetiri stratigrafske jedinice koje se medusobno razlikuju po petrofizickim
svojstvima, pri ¢emu ta Svojstva variraju i s dubinom zalijeganja. Prvi interval ¢ine slabo
vezane naslage pliocensko-kvartarne starosti, drugi uklju¢uje gornjomiocenske pjescenjake i
lapore, tre¢i obuhvaca donjomiocenske i srednjemiocenske heterogene naslage, dok cetvrti
interval ukljucuje starije predneogenske stijene koje ¢ine podlogu bazenske ispune.

Najizrazeniji kontrast seizmicke brzine oc¢ekivan je na prijelazu neogena u podlogu bazena.

ANN analiza provedena je pomocu softvera TIBCO Statistica, koriste¢i analizu Time
series (regression) kako bi se osiguralo predvidanje u skladu s geoloskim i geofizi¢kim
nacelima. Umjetne neuronske mreze viseslojno su konfigurirane (Multi-layer percepton, MLP)
kao arhitekture s minimalno 3 i maksimalno 17 neurona u skrivenom sloju. Kako bi se izbjeglo
pre-uvjezbavanje modela, koristena je tehnika weight decay, ¢ime se potaknula jednostavnija i
generaliziranija mreZa. Za treniranje modela koriSteno je vise od 27.000 slucajeva iz 14
busotina, a 10 najuspje$nijih neuronskih mreza zdruZzeno je u jedan model za analizu. ANN
model postigao je korelacijski koeficijent ve¢i od 0,99 za skupove podataka koriStene za
uvjezbavanje, testiranje i validaciju, s prosjeCnom apsolutnom pogreskom (mean absolute
error, MAE) od oko 25 ms i korijenom srednje kvadratne pogreske (root mean square error,
RMSE) od priblizno 34 ms. Uspjesnost skupa mreza testirana je na Cetiri buSotine koje nisu
bile ukljuc¢ene u predvidanje, pokazujuci visoku uspjesnost predvidanja. Vrednovanje tonosti
predvidanja otkrila je da ANN pristup nadmasSuje tradicionalne metode ekstrapolacije
dvostrukog vremena putovanja vala (two way travel time, TWT-a) u vise od 75% slucajeva, pri

c¢emu je pet buSotina pokazalo superiorne rezultate u odnosu na ekstrapolaciju, postizuci u
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100% sluc¢ajeva najuspjesnije rezultate. Testne buSotine takoder su pokazale visoku to¢nost,
cak 1 u usporedbi s predvidanjima temeljenima na ekstrapolaciji iz susjednih buSotina. Analiza
je pokazala da blizina busotina ne jam¢i nuzno uspjesnost ekstrapolacije, naglasavajuci slozen
odnos izmedu prostorne blizine i varijabilnosti litoloskog sastava. Rezultati sugeriraju da
geoloski odnosi 1 uvjeti u podzemlju imaju znacajniju ulogu u preciznosti predvidanja nego

sama udaljenost izmedu busotina.

Iako je dokazano da umjetne neuronske mreze (ANN) mogu biti uspje$no primijenjene
za rjeSavanje poteskoca prilikom odredivanja odnosa vrijeme-dubina, odnosno za predvidanje
dvostrukog vremena putovanja vala (TWT) iz stratigrafskih i petrofizikalnih parametara u
slu¢ajevima kada konvencionalni podaci nisu dostupni, odredeni izazovi i dalje su prisutni.
Medu njima se posebno isti¢e problem neadekvatnog skaliranja (upscale) busotinskih zapisa.
U treCoj fazi istraZivanja primijenjeni su inovativni procesi pripreme podataka s ciljem
poboljSanja performansi ANN modela te predvidanja raspodjele litologije koriStenjem
seizmickih atributa. Stoga je razvijen ANN-model temeljen na analizi 3D seizmike koja

pokriva povrsinu od 4365 km?, s fokusom na panonske naslage.

Klju¢éna inovacija ove metodologije bila je uvodenje volumena Sejla (Vsn) kao
kontinuirane varijable, umjesto dosadaSnjeg pristupa gdje se litoloski sastav tretirao kao
diskretna kategorijska varijabla. Vsn izracunat je na temelju karotaze spontanog potencijala
(SP). Kako bi se optimizirali procesi uvjezbavanja i predvidanja ANN modela te smanjila
subjektivnost interpretacije, razvijena su Cetiri modela podzemlja s razli¢itim brojem slojeva
(20, 50, 100 i 200). Model s 200 slojeva, prosjecne visine ¢elije od 6,5 metara, pokazao se
najuspjes$nijim jer je omogucio smanjenje pogreSaka precjenjivanja dominantnog litoloskog
sastava uz oCuvanje geoloske rezolucije i statisticke vjerodostojnosti. ANN modeli uvjezbani
na podacima sa 100 ili manje slojeva pokazali su slabije performanse ili potpuni neuspjeh, $to
naglasava osjetljivost ANN modela na rezoluciju ulaznih podataka. Za treniranje ANN modela
kreirano je 747.800 ¢elija s pripadaju¢im seizmickim atributima. Kao klju¢ni ulazni parametri
odabrano je 12 seizmickih atributa: Sweetness, 3D Curvature, Variance, Original Amplitude,
Instantaneous  Frequency, Envelope, Instantaneous Phase, Generalized Spectral
Decomposition, Apparent Polarity, Reflection Intensity, RMS Amplitude i Relative Acoustic

Impedance.

Standardizirani ulazni podaci rezultirali su najboljim predvidanjima, dok su sirovi

(raw) podaci pokazali najslabije performanse. Predvidene Vsn vrijednosti podijeljene su u tri

v
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litoloSke klase (pjescenjak, pjescenjak-lapor i lapor) te su ugradene u litoloski model. Model
izveden iz standardiziranih podataka sadrzavao je 52,17% lapora, 29,89% pjes¢enjaka-lapora i
17,94% pjescenjaka, dok su modeli temeljeni na normaliziranim i sirovim podacima pokazali

znacajna odstupanja u raspodjeli litoloskog sastava.

Za testiranje hipoteze o primjenjivosti razvijene metodologije na 2D seizmickim
podacima odabran je jedan seizmicki profil. Odabir profila temeljen je na mogucnosti procjene
uspjesnosti ANN-a prilikom predvidanja te da djelomi¢no pokriva 3D seizmicki volumen i
jednu busotinu. Prvi korak bila je interpretacija gornje i donje granice panona (o. i Rs7). Zatim
su izraCunati seizmicki atributi. lzdvojeno je 12 seizmickih atributa koji su prethodno
prepoznati kao visoko uéinkoviti za predvidanje litoloskog sastava. Podaci su obradeni u tri
skupa podataka: sirovi, normalizirani i standardizirani. Svaki skup podataka kasnije je koriSten
kao ulazni podatak za ANN predvidanje. Razvijene neuronske mreze koriStene su za
predvidanje volumena Sejla (Vsh), Koji je zatim podijeljen u tri litoloske klase: pjes¢enjak
(<0,5), pjescenjak-lapor (0,5-0,7) i lapor (>0,7).

Konaéni rezultati ponovo su pokazali kljuénu vaznost obrade podataka za predvidanje
raspodjele litoloskog sastava u podzemlju. Sirovi ulazni podaci doveli su do znacajnog
precjenjivanja pjeScenjaka, dosegnuvSi maksimalnih 100%, c¢ine¢i rezultate potpuno
neupotrebljivima za bilo kakvu interpretaciju. S druge strane, normalizirani podaci zna¢ajno
su podcijenili  kategoriju pjeséenjak-lapor (1,67%), medutim, predvidena raspodjela
pjescenjaka (43,36%) i lapora (64,97%) odgovarala je geoloski ocekivanim rezultatima.
Standardizirani podaci, iako su malo precijenili lapor, proizveli su geoloSki najsmislenije
rezultate, sa sljede¢im raspodjelama pjescenjaka (18,92%), pjescenjaka-lapora (19,91%) i
lapora (61,17%). Rezulati potvrduju standardizaciju, kao alat obrade podataka, koji znac¢ajno
poboljsava geolosku vjerodostojnost dobivenu na temelju predvidanja raspodjele litoloskog
sastava podzemlja. Uz pomo¢ uspjeSnog predvidanja litoloSkog sastava i odnosa vrijeme-
dubina, razvijeni ANN modeli znacajno doprinose karakterizaciji podzemlja u geoenergetskim
primjenama, ukljucujuéi istrazivanje ugljikovodika, geotermalne energije 1 skladiStenje

ugljikovog dioksida.
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1. INTRODUCTION

Structural-stratigraphic relationships are essential for qualitative subsurface characterization,
which hold scientific and economic significance. Lithology distribution plays a critical role in
estimating the location and volume of geoenergy resources. Traditionally, subsurface lithology
is inferred from well data using deterministic mapping (Forgotson, 1960; Bianchi et al., 2015)
or stochastic algorithms (Dubrule, 1993; Feng et al., 2018). However, these methods carry
substantial uncertainty, especially in regional studies where well data is sparse. Even in
developed basins with dense well coverage, interpretations still depend heavily on the
interpreter’s expertise (Hohn, 1999). Subsurface exploration typically focuses on age,
structure, and lithology, which directly influence interpretation and have substantial economic
implications when applied to resource estimation (Selley & Sonnenberg, 2015). Unlike
surface outcrops, subsurface characterization often lacks directly measured data (well cores)
and relies on indirect methods as well logs. In many cases, conventional techniques (e.g.
extrapolation) and mathematical algorithms are used to infer lithology between wells, but their
accuracy is limited — particularly where acoustic logs or vertical seismic profiling are lacking
(Hart et al., 2000; Cao et al., 2017; Sun et al., 2023). Given these challenges, the aim of this
dissertation is to develop a methodology that reduces uncertainty in subsurface lithology

distribution by integrating more reliable predictive techniques.

For this purpose, the Drava Basin in North Croatia was chosen as research area since it
exemplifies this challenge. As a prominent hydrocarbon exploration area within the Pannonian
Basin System, it has undergone extensive exploration for over 70 years, yielding considerable
geological and geophysical data (Veli¢ et al., 2012a, 2012b). Nonetheless, many older wells
lack acoustic logs or vertical seismic profiling, complicating accurate time-to-depth
conversion. Conventional solutions often involve extrapolation using velocity functions
derived from neighboring wells (Aker et al., 2020), but this approach risks inaccuracies that
could compromise subsequent analyses and interpretations of structures and lithology. This
particularly poses a significant challenge when assessing the geoenergy potential of an area, as
accurate depth information is crucial for reliable evaluations. Another major challenge is the
inherent subjectivity of geological interpretations, mainly due to insufficient data that makes
building reliable models with traditional methods nearly impossible, or at least only good
enough for preliminary research. To tackle this problem, machine learning techniques have

emerged and proven to be helpful tools, making geological modeling more accurate and
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thorough (Smirnoff et al., 2008; Zhou et al., 2019; Feng et al., 2024; Zhou & L.iu, 2024). In
particular, artificial neural networks (ANNs) have demonstrated the capacity to enhance
predictive accuracy by analyzing complex, multidimensional datasets that are too complex to
be processed using traditional methods. These findings encourage this research to make an
assumption that by training prediction on well log and seismic data, ANNs can effectively
model lithological distribution and time-to-depth relationships, even in areas with limited direct

measurements, i.e. in Drava Basin.

This transition toward Al-supported methodologies in geoscience field aligns with a
broader trend of digitalization and automation (Karpatne et al., 2019; Sagi et al., 2020;
Irrgang et al., 2021; Sun et al., 2022; Zhao et al., 2024; Khosravi & Ashkpour, 2024). The
integration of ANN models not only reduces subjectivity of geological and geophysical models,
but also provides data-supported, probabilistic assessments that can improve geological
interpretation and resource management. Such advancements are essential for enhancing
predictive accuracy in hydrocarbon exploration, geothermal energy projects, and gas storages
— domains where precise subsurface characterization is vital. The motivation for adopting
ANNs in geological modeling stems from their ability to recognize complex patterns within
datasets that conventional methods often overlook. For instance, in the Drava Basin, where
incomplete datasets cause difficulties in obtaining accurate interpretations, ANNs are expected
to demonstrate superior performance in predicting lithological variations.

Despite their potential, ANN-supported methods remain underutilized in some
geoscience applications, even within mature basins. This research aimed to bridge this gap by
applying ANN models to subsurface characterization and evaluating their effectiveness
compared to traditional approaches. This dissertation presents the development of an Al-
supported methodology designed to assist geoscientists in enhancing the accuracy and
reliability of their geological models, with a particular focus on litology distribution and time-
to-depth relationship extrapolation. While the framework is broadly applicable, its successful

implementation requires adaptation to the specific geological parameters of each study area.
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2. PREVIOUS INVESTIGATIONS OF THE RESEARCH AREA

The study area is located in the eastern part of the Drava Basin in northern Croatia (Figure 1).
It forms a significant portion of the southwestern marginal part of the Pannonian Basin System
(PBS). Within the Croatian part of the PBS, the Drava Basin contains the thickest Neogene-
Quaternary sedimentary succession. The pre-Neogene basement is composed of Paleozoic and
Mesozoic crystalline and sedimentary rocks. In the Drava Basin, the top of this basement
reaches depths of up to approximately seven kilometers (Safti¢ et al., 2003; Veli¢, 2007,
Cvetkovic et al., 2019).

The study area lies within the eastern part of the Drava Basin, which is part of the North
Croatian Basin (NCB). Like the broader PBS, the NCB is characterized by syn-rift and post-
rift tectonic phases (Royden, 1988; Tari et al., 1992; Horvath et al., 2006, 2015). During the
early rifting phase, spanning from Early to Middle Miocene, deposits consisted predominantly
of diverse clastics deposits formed in alluvial and lacustrine environments, with sporadically
volcanic activity contributing pyroclastic material (Safti¢ et al., 2003; Brlek et al., 2024). The
end of the syn-rift phase marked the onset of the post-rift thermal subsidence started in the late
Badenian (Luci¢ et al., 2001; Balazs et al., 2018; Rukavina et al., 2023). This transition is
accompanied by a regional transgression (Balazs et al., 2016; Paveli¢ & Kovaci¢, 2018).
Transgression phase is followed by the deposition of clastics, limestones, and eventually deep-
water marls. A subsequent regression phase cause a transition from turbidites to deltaic
environments, driven by high sediment influx (Paveli¢ & Kovaci¢, 2018).

In the study area, the Neogene-Quaternary infill of the North Croatian Basin overlies a
complex pre-Neogene basement composed of Paleozoic crystalline rocks and their Mesozoic
sedimentary cover. These lithological units are part of the European continental Tisza block
and consists primarily of Paleozoic magmatic and metamorphic rocks, as well as Paleozoic and
Mesozoic sediments (Pami¢, 1984; Pami¢, 1998; Pami¢ & Jurkovié, 2002).

This dissertation primarily focuses on Pannonian-age clastic deposits from the
regressive stage, and specifically adopts the Pannonian interval for analyzing Late Miocene
sedimentary sequences (Sebe et al., 2020). This interval began at the end of the Sarmatian
when the isolation from the Central Paratethys started, which led to freshening of the
environment. During this stage, clay-rich marls were deposited in a large Pannonian lake. This

was followed by the deposition of a thick turbidite sequence composed of marls, sandstones,
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and siltstones, driven by the development of regional fluvial systems. This systems transported
sediment from the Alpine region, as confirmed by Matosevi¢ et al. (2024). Subsequent basin
shallowing and eventual infill were marked by a succession of depositional environments,
transitioning from turbidites of a morphological shelf (alternating marls and sandstones), to
deltaic systems (alternating coarse sandstones, marls, and coal) (Safti¢ et al., 2003, Magyar
et al., 2013; Sztano et al., 2015; Matosevi¢ et al., 2024).

Pliocene, Pleistocene and Holocene sedimentation was influenced by neotectonic
compression and reverse faulting (Paveli¢ & Kovaci¢, 2018), and characterized by coarse

clastics, clay, loess, and aeolian sands associated with glacial periods (Wacha et al., 2013).

As one of the primary depositional areas within the Pannonian Basin System (PBS), the
Drava Basin has been a focal point of petroleum-geological exploration for over 70 years.
During this time, extensive seismic surveys, including both 2D and 3D, have been conducted,
along with the drilling of a substantial number of wells. These efforts have confirmed the
presence of an active petroleum-geological system, resulting in the discovery of several
relatively large oil and gas fields (Hernitz, 1980; Veli¢, 2010). Furthermore, the region shows
promising potential for CO: geological storage within depleted or nearly depleted reservoirs

and regional saline aquifers (Vulin et al., 2023; Safti¢ et al., 2024; Rukavina, 2021).
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Figure 1. (a) Geographical position of the study area (modified map from Google Earth); (b) Map of the research area
indicating the locations of data used in this doctoral thesis, including 3D seismic data, 2D seismic data, and wells (modified
after Croatian Geological Survey, 2009).
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Artificial intelligence, particularly artificial neural networks (ANNSs) have so far seen
limited application for lithology prediction within Croatia, yet it holds significant potential for
enhancing geological modeling of the North Croatian Basin (NCB) deposits, primarily due to
the availability of extensive high-resolution well log data (Malvi¢ & Cvetkovié, 2013). These
data provide a robust foundation for training and validating ANN models, enabling more
precise subsurface interpretations. Early regional studies, such as Brckovi¢ et al. (2017),
demonstrated the benefits of integrating seismic and well data into ANN frameworks, showing

notable improvements in lithological distribution modeling.

Globally, ANNs have been applied to a range of subsurface characterization purposes,
including porosity and permeability prediction (Iturraran-Viveros & Parra, 2014), seismic
reservoir characterization (Othman et al., 2021), and shale volume estimation (Taheri et al.,
2021; Mohammadinia et al., 2023). Among earth sciences, hydrology represents the field
with the most widespread and long-standing applications of artificial intelligence, as evidenced
by numerous studies focused on runoff prediction, groundwater modeling, and water quality
forecasting (Bonafe et al., 1994; Johnson & Rogers, 1995; Maier & Dandy, 1996; Muttiah
etal., 1997; Valizadeh et al., 2017; Hatampour et al., 2018).
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3. OBJECTIVES AND HYPOTHESES

The general hypothesis is that ANN-supported approaches will outperform traditional
extrapolation methods in terms of accuracy and reliability, providing a more robust framework
for geological modeling. Moreover, it is assumed that machine learning techniques can reveal
previously undetected correlations within geological datasets, enabling more precise

subsurface predictions.
Objectives of this dissertation are:

1. Reinterpret the lithological composition within the study area using available
well data

2. Perform neural network analysis on 3D seismic and well data

3. Make a geological model with distribution of the Pannonian sediments in the
subsurface of Donji Miholjac area

4. Investigate the applicability of the method on 2D seismic data.
These objectives were based on the following hypotheses:

1. Itis expected that the use of artificial neural networks will advance geological
characterization of the subsurface

2. Itis assumed that the incorporation of 3D seismic and well data will greatly
improve accuracy by removing the bias in the interpretation

3. It is speculated that research results will also be applicable on limited 2D

seismic data, which are far more common in regional surveys.

Thus, this doctoral thesis aims to enhance geological modeling by implementing
artificial neural networks, demonstrating their potential to improve traditional approaches. By
bridging the gap between conventional methods and Al-supported modeling, this research

contributes to the advancement of machine learning applications in geosciences.



4. Methodological approach

4. METHODOLOGICAL APPROACH

The methodological approach was structured into three distinct stages, each representing a
higher level of development within the newly proposed geological modeling framework using
machine learning. This chapter outlines all methodological stages encompassed within the
three research phases, described in the chronological order proposed for their implementation

by this dissertation.

The study focused on a subsurface volume of the Pannonian-age clastic interval,
extracted from seismic data and well logs. The geological and geophysical data analysis
followed a comprehensive workflow, integrating well log and seismic interpretation, seismic
attribute extraction, artificial neural network modeling, and spatial distribution analysis. This
dissertation targeted Pannonian clastic interval and utilized data from 4, 18, and 11 wells —
corresponding to the three stages of methodological approach development. The wells were
drilled by the INA company during their oil and gas exploration campaigns between the 1980s
and 2010s. Permission to use the necessary data for the planned research was granted from the
Croatian Hydrocarbon Agency. The selected wells, ranging in depth from 1,300 m to 4,500 m,
were chosen based on the availability of acoustic well logs, allowing for precise control over

time-to-depth conversion.

It was necessary to convert well data to the time domain since seismic and well log data
belong to different domains. Check-shot data available from well reports were utilized for this
purpose. The data preparation process (Figure 2) involved calibrating acoustic logs using
check-shot data to correct for acoustic log drift, which may arise from equipment calibration
issues, well conditions, or environmental factors (Mari et al., 2020). To enhance the quality of
the acoustic logs, despiking was performed to eliminate outliers and anomalies (Rider, 2002).
The despiked acoustic logs were calibrated based on vertical seismic profiling (VSP) data
which enabled transformation from measured depth to two-way travel time (TWT) for
validation purposes, employing time-to-depth relationships (TDRs) derived from smooth

check-shot times.



4. Methodological approach

Well logs
|
Master Checkshot
logs GR SR [R] AC data
E-markers TDR
Lithological Stratigraphical Geophysical
analysis analysis analysis
ANNSs Holdout wells
Traditional TWT TWT prediction
approximation
Error
evaluation

Figure 2. Workflow chart of the second phase of methodology development. TDR stands for time-to-depth relationship (after
Kamenski et al., 2024).

This conversion facilitated the delineation of Pannonian deposits boundaries,
corresponding to the model boundaries. These boundaries, identified by well tops (E-log
horizons), were interpreted on seismic sections to accurately map the bottom and top

boundaries throughout the entire seismic volume.

Interpretation of well logs was performed in Interactive Petrophysics software. Before
interpretation, all well logs underwent pre-processing, which includes curve rescaling (this step

was applied only to SP logs to correct curve inversion occurring in the shallowest sections,
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where the presence of freshwater in the pores caused the readings to be reversed), interactive

curve splicing, and baseline shifting.

Availability of the legacy data played a crucial role in delineating model boundaries
and mapping the top and base of the Pannonian interval across the seismic volume. The initial
lithology interpretation utilized master logs and available well logs, including spontaneous
potential (SP), shallow and deep resistivity (R16, R64), and gamma ray (GR) measurements.
The interpretation of resistivity and SP curves, supplemented with additional well data, served
as the base for lithology interpretation and unit correlation throughout the study area
(Bassiouni, 2013; Rider, 2002). These well log data were used for differentiating permeable
and impermeable units, establishing boundaries, and estimating the volume of shale.
Lithological units were classified as categorical variables representing distinct rock types,
following standard interpretation practices.

During the initial phase of methodological approach development, the lithological
classification was simplified to focus on sandstone and marl as the prevailing lithological
categories within the Pannonian interval. Additionally, coal was incorporated as a third
category due to its significantly different acoustic properties; omitting coal would have
introduced errors during artificial neural network (ANN) analysis (Walton et al., 2000). As
the methodological approach evolved, the analysis of lithological variability was further
refined with delineation of permeable and impermeable units in meter resolution — as an

essential aspect of reservoir characterization.

To obtain continuous input data, the volume of shale (Vsn) was introduced. The Vsh
analysis was performed using the SP log, as it effectively estimates shale volume by
interpreting the SP deflection between the static SP value in a quartz-rich sandstone and the
shale baseline, representing 100% shale content (Serra, 1984; Asquith & Krygowski, 2004;
Rider, 2002).

Lithology distribution estimates were upscaled within the geological model to provide
initial data points for ANN analysis. While thinner model layers are generally more successful
in heterogeneous environments since they contain more input data for ANN analysis, this
research in its initial phase, employed coarser layering to preserve seismic data quality, as the

building of the ANN predominantly relies on seismic rather than well data. Lithological
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categories were treated as categorical variables, each identified by a distinct value to ensure

consistency and accuracy in the modeling process.

To establish connections between well data (lithology) and the broader study area, a
large number of seismic attributes were calculated from the seismic volume. These attributes
capture information that is not readily apparent through conventional seismic visualization
methods. Seismic attributes serve as either physical or geometric indicators (Taner et al.,
1994). Physical attributes provide insights into lithology and rock properties, while geometric
attributes assist in stratigraphic and structural interpretation. In this study, physical attributes
were prioritized, as they are more relevant for assessing lithological spatial distribution. The
primary purpose of generating seismic attributes in this research was to increase the input
variables for the neural network analysis. Several seismic attributes have enhanced the
identification of model boundaries, especially the deeper regional E-log horizon (Rs7), which

is difficult to map on classic seismic section.

Seismic attributes are derived by representing the seismic signal as a complex function
with both real and imaginary components. The real component corresponds to the recorded
seismic trace (kinetic energy), while the imaginary component (potential energy) is calculated
using the Hilbert transformation (Taner et al., 1976; Khan & Akhter, 2015). This
transformation produces basic instantaneous attributes that form the foundation for calculating
additional attributes through mathematical operations. The complex seismic signal is obtained
by treating the recorded seismic trace as the real part and initially setting the imaginary part to
zero. Through Fourier transformation, the signal is transformed into the frequency domain,
where positive transformation components are doubled, and negative components are
disregarded. The inverse Fourier transformation then reconstructs a function with the real part
preserved and the imaginary part equal to the Hilbert transformation of the input signal. This
process aims to achieve a polar representation of the seismic trace, effectively separating
amplitude from phase and frequency information while preserving the original spectrum
(Taner, 2001).

To enhance lithology distribution predictions using ANNS, seismic attribute extraction
focused on capturing key lithological and morphological features. Attributes such as
Sweetness, Root-Mean-Square (RMS) Amplitude, Variance, Reflection Intensity, Apparent
Polarity, Instantaneous Frequency, 3D Curvature, and Generalized Spectral Decomposition
were selected for their potential to highlight lithological and morphological characteristics

10
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(Chopra & Marfurt, 2006; Liu & Marfurt, 2006; Chopra & Marfurt, 2008; Brckovic et
al., 2017; Ker et al., 2014; Lietal., 2019; Oumarou et al., 2021). These attributes help reveal
complex relationships within seismic data, significantly aiding structural, stratigraphic, and
petrophysical interpretation (Taner et al., 1976; Taner, 2001; Djeddi, 2016).

The normalization and standardization of all data, including seismic attributes and Vsh
values, were performed to ensure consistent scaling. This process employed standard equations
for normalization and standardization, guaranteeing uniform data representation and

compatibility throughout the analysis.

The obtained attribute and lithology data were subjected to artificial neural network
(ANN) analysis, designed to solve specific tasks. Artificial neural networks, first
conceptualized in the 1940s (McCulloch & Pitts, 1943) and further refined over time
(Anderson & Rosenfeld, 1988; Rosenblatt, 1958), aim to replicate human cognitive
processes. The fundamental structure includes an input layer, a hidden layer, and an output
layer, where each input variable is represented by a neuron. The input layer represents input
variables, a hidden layer consists of an arbitrary number of neurons, and an output layer
contains the number of neurons that matches the predicted variables or categories (Agatonovic-
Kustrin & Beresford, 2000; Lean et al., 2007). During the training process, the network
iteratively adjusts weight factors to minimize prediction errors. This structure enables the ANN
model to capture complex relationships and patterns within the data. One of the primary
challenges in ANN training is preventing overfitting — when the model achieves near-perfect
accuracy on training data but fails to generalize to new cases (James et al., 2013). To address
this issue, the data is divided into training, testing, and validation subsets, enabling continuous
error monitoring and adjustment throughout the process.

Initial ANN training employed a quasi-stochastic approach to enhance prediction
accuracy and minimize uncertainties. This stochastic approach was applied in two distinct ways
(Figure 3). The first was a quasi-stochastic method, involving a wide range of network
architectures with varying numbers of neurons in the hidden layer and different activation
functions (DAANN). The second approach utilized a consistent network architecture but varied
the distribution of cases among the three datasets (training, testing, and validation) and the
initial starting point (case) for the analysis (SAANN). The methodology is conceptually similar
to Gaussian simulation with seed values (Nowak & Verly, 2005; Paulsen et al., 2018). The

ANN approach calculates probability values for each prediction point within the model,

11
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allowing for the generation of multiple geological models through numerous iterations. Each

iteration step integrates different combinations of input data, while different workflows apply

ANN analysis to diverse data types.

The artificial neural networks were used to analyze well and seismic data, setting it

apart from the traditional deterministic approach (Agatonovic-Kustrin & Beresford, 2000;

Brckovié et al., 2017), and from the stochastic components directly embedded within the

neural network algorithm itself (Kappen, 2001). The ANN analysis was performed using

Tibco Statistica (Neural Nets module), where network architecture optimization was achieved

through iterative training while minimizing prediction errors.
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Figure 3. Workflow chart of the first phase of methodology development. DAANN stands for different architecture of ANN,

while SAANN stands for same architecture ANN (after Kamenski et al., 2020).

The learning process was structured with data distributed into training, testing, and

validation sets to ensure model reliability. Three possible stopping conditions were defined:

achieving optimal parameters, encountering prediction failures, or detecting overtraining,

indicated by increasing error values during validation (James et al.,

2013; Anderson &
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Rosenfeld, 1988). The ANN model validated predictions through multiple error metrics to

ensure accuracy and consistency.

Following the ANN analysis, the results were incorporated into the geological model
to map the distribution of lithological categories. The subsequent geostatistical analysis
included building of variograms to determine the spatial correlations and kriging to estimate
lithology at points where the lithology was not predicted by the ANN. Variogram parameters,
including sill, range, and nugget effect, were carefully optimized to enhance the accuracy of
spatial interpolation (Cressie, 1990; Hohn, 1999). Kriging as a method contains several
variations, here indicator kriging was utilized for categorical data, enabling the estimation of
probabilities for specific lithological classes based on spatial continuity and indicator
variograms (Journel, 1983; Nikravesh & Aminzadeh, 2003).

Variograms were constructed to evaluate estimation probabilities for each lithological
category obtained from ANN modeling, providing insights into spatial correlations and
determining whether the data exhibit isotropy or anisotropy. Geostatistical analysis using
variograms is essential for spatial modeling, as it correlates variance and distance to develop
spatial dependence (Nikravesh & Aminzadeh, 2003). A typical variogram has three main
parameters: sill, range, and nugget effect. Sill represents the maximum semivariance, indicating
the plateau where data no longer correlate with distance. Range defines the distance at which
spatial correlation becomes negligible. Nugget effect reflects variability at minimal distances
or experimental errors (Cressie, 1990).

Various theoretical models, such as spherical and exponential, were employed to
approximate experimental variograms (Hohn, 1999). Spatial variability often displays mixed
anisotropy (Nikravesh & Aminzadeh, 2003), and final variogram optimization was achieved
using residual concepts and the kriging method. Variogram analysis of categorical variables,
such as facies and lithologies, led to smoother category representations and improved spatial
continuity, with enhanced nugget effects compared to more common continuous variables
(Falivene et al., 2007; Hengl et al., 2007).

To address spatial uncertainty, indicator kriging was selected as the primary method for
estimating spatial lithology distribution. Kriging, a statistical estimation method, predicts
values at unknown points by incorporating neighboring data points (Krige, 1951; Matheron

et al., 1965). While kriging excels in localized accuracy, it inherently produces deterministic
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outcomes (Nikravesh & Aminzadeh, 2003). In contrast, indicator kriging, employed in this
research, estimates the local probability distribution function without presuming a specific
model (Journel, 1983). This non-parametric technique is particularly advantageous for
reconstructing probability functions and evaluating the likelihood of specific lithological
events, especially when dealing with categorical variables transformed into binary values

(Kanevski & Dumolard, 2008). Consequently, it enables robust probability and risk mapping.

The fundamental concept of indicator kriging lies in selecting possible states for
classification, dividing the data into classes of nearly equal sample numbers. Each indicator
variable requires a corresponding variogram model to ensure accurate probability estimations.
This approach proves especially beneficial in estimating the likelihood of class membership,

forming the basis for lithology assessment in this research.

The estimation of lithological composition initially targeted localized areas with 3D
seismic and well data. In advanced research phases, the analysis expanded to include larger
seismic (3D and 2D) and well datasets, enabling regional subsurface mapping of both
categorical and continuous variables. Improved lithology categorization, along with denser
spacing of well data, is expected to deliver even more reliable results while meeting both

statistical and geological standards.

Data preparation and interpretation were facilitated through a combination of
Schlumberger’s Petrel software, Interactive Petrophysics (IP 2021), and Microsoft Excel,
ensuring comprehensive workflow for data integration, analysis, and validation. The ANN
analysis was performed using TIBCO Software Inc. Statistica 13, leveraging its Neural Nets
module for optimizing neural network architecture and minimizing prediction errors. Final
output — modeling was conducted using Schlumberger’s Petrel E&P software platform
(academic licence), which served as the primary tool for building and visualizing the geological

model.
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Keywords: Abstract:

Well logs The estimation of time-to-depth relationships can prove challenging in regions with rare
time-to-depth relationship acoustic logs. This study focuses on the eastern part of the Drava Basin in north Croatia,
seismic interpretation chosen as a mature hydrocarbon exploration area with abundant geophysical and well
artificial neural networks data. As only a small portion of wells have well log measurements or seismic profiling
Pannonian Super Basin performed, a time-to-depth extrapolation is often performed, which potentially results in the
Cited as: erroneous placement of well log markers in the time domain and affects the interpretation

of seismic sections or volumes. This study proposes a novel methodology for predicting
two-way travel time values in wells without vertical seismic profiling or acoustic logging.
This research evaluates the parameters for the characterization of the velocity distribution in
the subsurface and the efficiency of artificial neural networks versus conventional methods
for this task. The constructed artificial neural network model has a correlation coefficient
above 0.99 for the training, testing, and validation datasets, with a mean absolute error
of approximately 25 milliseconds for each network. Artificial neural networks proved to
have a lesser error in predicting the two-way time and are not sensitive to outlier values.
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1. Introduction Traditionally, solving time-to-depth relationship (TDR)
gaps within wells without acoustic logs or vertical seismic
profiling relies on the implementation of velocity functions
(hereafter referred to as extrapolation). These velocity func-
tions contain information about the depth in the two-way
travel time domain (hereafter referred to as TWT) derived
from neighboring wells (Aker et al., 2020; Inichinbia and
Saule, 2021; Al-Khazraji, 2023). Like any other assumption,
this extrapolation could be erroneous which results in inac-
curacies in time-to-depth conversion. This would influence
every subsequent analysis and cause misinterpretation of the
structures and lithofacies distribution in the subsurface which
in turn is a crucial step in assessing hydrocarbon and/or
geothermal reservoirs, as well as underground energy storage

The subsurface of the Drava Basin in North Croatia proved
to be a rich hydrocarbon exploration area at a Pannonian
Super Basin scale (Veli¢ et al., 2012a, 2012b). This has led to
extensive exploration activities in the last 70 years, resulting
in a substantial amount of geophysical and geological data.
The data collected outside the active hydrocarbon exploitation
blocks is available for research purposes. However, the lack of
acoustic logs or vertical seismic profiling in many older wells
presents a significant challenge for accurate time-to-depth
conversion, rendering this region relatively underexplored in
this aspect, like many other mature basins around the world
(Hart et al., 2000; Cao et al., 2017; Sun et al., 2023).
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and CO; storage objects.

This research aims to investigate the feasibility of de-
veloping a more precise methodology for solving the TDR
in cases with limited or no geophysical data. Initially, the
accuracy of the conventional methodology was assessed in a
way that TWT values were extrapolated from a nearby well.
Subsequently, a methodology was developed for deriving TWT
data for wells lacking acoustic logs or vertical seismic profil-
ing, using artificial neural networks (ANNs) in combination
with interpretation of basic well logs which were obtained
even on older wells. Finally, results obtained using these two
approaches were compared to show the average difference in
the time-to-depth domain and the distribution of error from
both methods.

The study aims to present a novel approach and assess its
efficiency compared to traditional methods, potentially leading
to significant cost savings in future subsurface explorations.
Additionally, its application may unveil previously unknown
correlations and dependencies within existing data, which
would be beneficial for geo-energy exploration, not only in the
Drava Basin but also in similar regions undergoing exploration.

2. Geological settings

Data prediction and analysis were performed on an area
with a complex geological setting, situated in the eastern part
of the Drava Basin which is in the southwestern part of the
Pannonian Super Basin (Fig. 1).

Within the broader area of interest, three distinctive ge-
ological units can be distinguished. The first unit consists
of the crystalline basement, primarily composed of partially
metamorphosed Paleozoic magmatic rocks with the presence
of metamorphosed sediments (Pami¢ and Lanphere, 1991;

Pami¢, 1998). The second unit is characterized by Mesozoic
carbonates (Velié¢, 2007; Malvi¢ and Cvetkovié, 2013), often
referred to as “Base Tertiary” (Veli¢, 2007). The third unit
includes Neogene and Quaternary sediments representing the
basin infill (Safti¢ et al., 2003; Malvi¢ and Cvetkovi¢, 2013).

The area experienced continental rifting from the Ottnan-
gian to the Badenian periods, accompanied by a shift in
stress orientation that led to sinistral transcurrent faults and
the formation of narrow asymmetrical half-grabens (Luci¢
et al., 2001; Paveli¢, 2001; Safti¢ et al., 2003; Paveli¢ and
Kovacic¢, 2018). During the Otnnangian and Carpathian, sedi-
mentation was predominantly characterized by coarse-grained
clastic sediments deposited in alluvial to lacustrine environ-
ments. Meanwhile, sporadic occurrences of pyroclastics in
the Drava Basin (Fig. 1) are related to the volcanic activity
associated with rifting (Safti¢ et al., 2003).

A significant change in the depositional environment took
place during Middle Badenian, due to marine transgression
(éorié et al., 2009), which caused a shift from lacustrine
to marine deposition. This transition resulted in sedimenta-
tion of thick marl layers with occurrences of coarse-grained
clastic sediments, reflecting the occasional activity of grav-
ity flows (Cori¢ et al., 2009). Sarmatian is marked by the
end of syn-rift extension and local compression (Safti¢ et
al., 2003; Paveli¢ and Kovacié, 2018), as well as the iso-
lation of Paratethys and accompanying salinity fluctuations
(Paveli¢ and Kovaci¢, 2018). In these circumstances, depo-
sition of coarse-grained clastic sediments, calcarenites, and
limestones took place, whereas, in deeper parts of the basin,
fine-grained sediments deposited, occasionally with sandstone
occurrences resulting from sediment gravity flow (Paveli¢ and
Kovacié, 2018).
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During the Pannonian period, post-rift thermal subsidence
took place (Luci¢ et al., 2001), due to the isostatic sinking of
the crust thinned by mantle diapirism (Stegena et al., 1975),
initially causing the deepening of the lake and deposition
of deep-water marls (Paveli¢ and Kovaci¢, 2018). However,
significant sediment supply without a corresponding increase
in accommodation space resulted in the transition of sed-
imentation from lacustrine to deltaic environments, leading
to the basin’s infilling (Safti¢ et al., 2003; Paveli¢ and Ko-
vacié¢, 2018). Neotectonics activity during the Pliocene and
Quaternary resulted in compression and dextral transcurrent
displacements, filling the remnants of Lake Pannon with coarse
clastic sediments and clay. The Pleistocene glacial periods
are marked by the deposition of loess sediments and aeolian
sands (Wacha et al., 2013), while interglacial periods were
marked by lacustrine and marsh sedimentation (Paveli¢ and
Kovaci¢, 2018).

3. Data and methodology

This study aimed to develop a method for defining TDR
that would be more reliable compared to extrapolation of
the velocity functions from a neighboring well. This implies
evaluating the data which has been almost always available
within the well and which would have an impact on the
change of velocities in the subsurface. All the historical well
data had the basic Electrical well log curves which were
employed to differentiate permeable and impermeable units
and establish their boundaries, as well as to estimate fluid
saturations. Units were correlated throughout the study area
based on the interpretation of the resistivity and spontaneous
potential curves, supplemented with other well data. These
interpretations provided the basis for stratigraphic analysis.
Another key part was to evaluate how many distinctive units
with different lithological compositions could be defined in
the studied area. This was evaluated from well reports based
on the descriptions of lithology and selection of interpreted

well markers.

This research utilized data from 18 wells (Fig. 1) drilled
by the INA company as a part of their oil and gas exploration
campaign between the 1980s and 2010s. The wells have an
average depth of around 2,300 m, with Well-7 being the
shallowest at 1,300 m depth and Well-3 being the deepest
well with 4,110 m depth. These wells were selected based
on the availability of acoustic well logs through the entire or
the majority of the drilled section. The summarized workflow
covering the entire process, from data preparation to the neural
network deployment, is illustrated in Fig. 2.

Initially, a TDR was applied to all wells to enable transfor-
mation from measured depth to TWT domain for validation
purposes. These steps are highlighted in blue in Fig. 2. The
wells in which seismic velocity measurements or vertical
seismic profiling data had been recorded were selected as input
for the presented study (wells which are labeled in green and
yellow in Fig. 1). The check-shot data were used to calibrate
the acoustic logs with the check-shot travel times to create the
TDRs for these 18 wells. Acoustic log calibration provides
more accurate time-to-depth relationships and corrects for
acoustic log drift due to equipment calibration issues, well
conditions, or environmental factors (Mari et al., 2020). The
calibration adjusts the acoustic log cumulative travel times to
match the smoothed check-shot times. Prior to calibration,
the acoustic logs were despiked. Despiking improves the
overall quality of the acoustic logs by eliminating outliers
and anomalies that do not represent the true properties of the
subsurface (Rider, 2002).

Well logs, including gamma ray, spontaneous potential
(SP), and short- and long-normal resistivity (R16, R64) were
analyzed primarily to distinguish permeable and impermeable
layers. Data preparation of these logs was performed in
the Interactive Petrophysics software. Well logs are typically
recorded in multiple intervals at various depths, necessitating
the merging of these intervals. In our case, nearly every
well log type required some form of conversion, rescaling,
or normalization since well conditions change with every
technical column due to the difference in temperature and
mud properties (Bassiouni, 2013). Given the significance of
the SP log and the common occurrence of SP inversion in
certain sections of the log, the initial step involved analyzing
the resistivity and gamma ray logs to identify inversed SP
intervals. The occurrence of inversed intervals is due to the
extremely low mineralization of the formation water, which
can be below 5 g/l at several thousand meters of depth in
the Drava Basin (Pavlin, 2022). Once these intervals were
determined, they were assigned appropriate SP values for
shale and clean formation, to ensure their reliability in further
analyses.

Creation of TDRs, as well as lithological and strati-
graphic interpretation were conducted in the Schlumberger
Petrel software. This was followed by the differentiation of
permeable from impermeable intervals per meter resolution.
Regional well log markers were identified on the resistivity
curve, defining boundaries of stratigraphic units (1-4). This
characterization provided input parameters for ANN analysis.

ANNs are computational models inspired by the archi-
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tecture and functionality of biological neural networks in
the human brain. They comprise interconnected nodes, or
“neurons”, that process and transmit data (Prieto et al. (2016)
and references therein).

The input parameters for the ANNs learning process con-
sisted of three variables. Firstly, the true vertical depth subsea
and the ratio of cumulative “sandstone to shale” ratio (S,/S;)
both serve as continuous input variables. Here, Ss denotes the
cumulative thickness of permeable layers up to a certain depth,
while Sj, represents the cumulative thickness of impermeable
layers as one of the controlling factors of the velocity distri-
bution in the subsurface. The third input variable denotes the
categorical variable type, namely the stratigraphic category of
the unit situated at the observed depth/case. These categories
represent assigned values ranging from 1 to 4 which were
defined by the stratigraphic differentiation conducted using
interpreted well log markers. Finally, these input parameters
were the basis for the ANNs prediction of TWT.

The analysis was conducted in TIBCO Statistica software
using a regression approach for the time series. Networks
were configured as multi-layer perceptron (MLP). MLPs are
a type of artificial neural network with multiple layers of
nodes, which process and transmit information (Thimm and
Fiesler, 1997). Out of 18 wells, 14 were utilized for training
the neural networks, while four were reserved for testing ANN
on holdout data (Fig. 1). Neural network architecture was
restricted to a minimum of three and a maximum of 17 neurons
in the hidden layer. To mitigate overfitting during neural
network training, a smaller value of weight decay was applied
to enhance the network training. Weight decay penalizes large
weights, thereby promoting the development of a simpler and
more generalized model structure and ultimately enhancing
performance on new, unseen data (Thimm and Fiesler, 1997).

Neural networks went through training, testing, and vali-
dation using a dedicated dataset consisting of four variables
with a resolution of one meter. In total, there were more than
27,000 cases from 14 wells that were used for the training
process of the neural networks. Ten neural networks with
the most successful performance in training and testing were
selected and used as an ensemble for the analysis (Hansen
and Salamon, 1990). In a subsequent phase of ANNS analysis,
trained neural networks were applied to predict target TWT
values for four test wells (holdout wells) not included in the
training process consisting of more than 8,000 cases.

The performance of the model was evaluated by calculating
the error relative to the measured TWT values for each data
point per resolution of one meter and calculating the absolute
mean value for all cases within a well (orange steps in Fig. 2).
For better visual comparison of the magnitude and distribution
of the error, box and whiskers plots as well as maps illustrating
error distribution were used.

4. Results

Well log interpretation, following the workflow shown in
Fig. 2, enabled the differentiation of permeable and imper-
meable units. Moreover, the combination of these results with
lithology data from Master logs enabled the definition of verti-

cal lithology distribution which is displayed in the “Lithology”
column in Fig. 3. Additionally, a maximum of four strati-
graphic intervals were interpreted for each well. These inter-
vals represent sediments of an age interval, similar in lithology
and, if applicable, sedimentary environment as factors that
can influence the change of petrophysical properties of rocks
with burial. The first interval represents Pliocene-Quaternary
unconsolidated sands, clays, gravels, and occasional coals. The
second interval consists of Upper Miocene-Pannonian, which
are predominantly sandstones and marls. The third interval
represents a lithologically heterogeneous sediment of Lower
and Middle Miocene breccias, conglomerates, sandstones,
marls, and limestones, with sporadic occurrences of effusive.
The fourth interval encompasses all rocks older than Miocene,
including older pre-Neogene sediments as well as the meta-
morphic and magmatic complex comprising the Basement.
One of the factors which was considered when the division
was performed, was the impact of the present-day burial depth
and its accompanying compaction and diagenetic processes
influencing units’ petrophysical properties. Consequently, it
was presumed that the largest change of interval velocities
would be from Neogene infill to Basement Neogene rocks
(from intervals three to four). This transition represents the
change from the lithologies in which petrophysical properties
are governed by compaction to lithologies where fractures play
a crucial role in controlling petrophysical properties, including
crystalline rocks or Triassic dolomites. Most of the selected
wells have been drilled through the first three intervals and
finished in the fourth as hydrocarbon accumulations at some
locations were expected even in the Basement rocks.

The selection of a representative training dataset is
paramount for successful ANNs prediction. As was already
established, a comprehensive training dataset was defined,
reflecting the complexities of geology and petrophysics in the
subsurface. The dataset comprised 18 wells, partitioned into a
training set of 14 wells and four holdout wells. Holdout wells
were used to evaluate the ANN model on previously unseen
data. Wells W-5, W-10, and W-16 were selected as holdout
wells because they were comprised of all four stratigraphic
intervals, while well W-18 was chosen to represent the case
where only the first two stratigraphic intervals were developed.
The holdout wells have significant geographical positions,
being close to one or more training wells. This arrangement
allowed for examining whether proximity is always the best
criterion for selecting the source for data extrapolation.

Given the continuous nature of the input dataset, time series
regression was selected to ensure sequence prediction, align-
ing with geological and geophysical principles. The neural
network architecture was optimized using various parameters
and validated through repeated training, testing, and validation
processes. The resulting correlation coefficients per each ANN
are presented in Table 1, encompassing training, test, and
validation process phases.

The correlation coefficient of the training set exhibited
an accuracy range between 0.995711 and 0.995877. The
testing data displayed a high accuracy range of 0.997796 to
0.997986. Similarly, the validation dataset yielded comparable
performance, with an accuracy range of 0.997811 to 0.997982.
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Fig. 3. Representation of the available well logs, interpretation of Sy and S;, as general lithology and stratigraphic intervals for
four wells.

Table 1. Correlation coefficients, RMSE, MAE and RSQ of observed and predicted data for ten neural networks for training,
test, and validation datasets from 14 wells.

Architecture (TH‘Z)T train (TH‘Z)T test (TH‘Z)T validation b\ rgp MAE RSQ

MLP 6-17-1  0.995770 0997845  0.997878 34.008562 25.699704 0.995660
MLP 6-11-1 0995823 0997940 0997967 33.426744 24.911437 0.995816
MLP 6-4-1 0.995716 0997812 0.997829 34.364610 25.690295 0.995575
MLP 6-9-1 0.995831 0997959 0997937 33399862 25.004618 0.995812
MLP 6-14-1  0.995852 0997881  0.997911 33.568955 25.978290 0.995774
MLP 6-16-1  0.995877 0.997986  0.997982 33.111525 24540709 0.995890
MLP 6-15-1  0.995743 0997837  0.997848 34.237448 25.675535 0.995602
MLP 6-4-1 0.995845 0997963  0.997971 33.256294 25232209 0.995851
MLP 6-11-1  0.995804 0.997906  0.997895 33734191 25.044579 0.995732
MLP 6-10-1  0.995711 0997796  0.997811 34.499635 25.997086 0.995535
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Fig. 4. A visual representation of the successfulness of the ANN prediction over the extrapolation approach. Well names used
in the ANN training process are in green color, while holdout wells are highlighted in yellow. Cases with better Ev are labeled
in red, while wells with better Pv are in green. Pv% represents a percentage of wells for which prediction via ANN gave more
successful results while the green field indicates better results for Pv and the red field with the Ev approach.
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Fig. 5. Box and whisker plots representing the distribution of error in milliseconds (ms) for wells W-3 and W-10.

The root mean square error (RMSE) indicates that the average
difference between values predicted by the ANN model and
the actual values is approximately 34 ms. The mean absolute
error (MAE) is even smaller, around 25 ms. The coefficient of
determination (RSQ) value which is a measure of the goodness
of the fit, demonstrates that the data fits the regression model
very well. For prediction purposes, all ten neural networks
were combined into an ensemble.

To evaluate the successfulness of the ANN deployment for
the task, the TWT prediction results were compared to the
TWT extrapolation values from nearby wells based on the
average error relative to measured values from the well data.
Error values were calculated for both the extrapolated TWT
values versus measured values (Ev) and the ANN-predicted
values versus measured TWT values (Pv). A matrix table
was generated for each well to summarize these comparisons
(Appendix 1).

When focusing solely on the success of the ANN prediction
results, it is evident that 15 out of 18 wells show a closer
fit to the measured values compared to those extrapolated
from surrounding wells, i.e., they are more successful in over
75% of cases. It was found that for wells W-3, W-9, W-
11, W-12, and W-14 prediction of TWT was outperforming
the extrapolation method in 100% of cases (Fig. 4). Notably,
four of these wells serve as holdout wells, indicated with

yellow labels in Fig. 4 and Appendix 1. All of them achieved
successful predicted values (Pv), with three demonstrating
more than 80% more accurate outcomes than the extrapolation
method (Fig. 4). Only a few instances showed smaller errors
than those when TWT was predicted by the ANN analysis,
highlighted in red in Appendix 1. The extrapolation approach
achieved the best results for well W-7, with values from nine
wells showing lower average errors.

Results are even better illustrated through the box and
whisker plot (Fig. 5). The plot shows two representative wells:
W-3, which was used in the ANN training process, and W-
10, a holdout well. For W-3, ANN-predicted values exhibit
the smallest average error compared to all errors calculated
from extrapolating values from neighboring wells. In the case
of W-10, there are only two instances (that correspond to
extrapolations from W-11 and W-15) where the extrapolated
values have a smaller error than the ANN-predicted values.
Appendix 2 illustrates all case scenarios.

5. Discussion

The results of the ensemble ANN model demonstrate its
ability to generate synthetic values for time-to-depth conver-
sion using lithological parameters that can be interpreted from
the most basic well logs and stratigraphic interval delineation.
The trend observed in the predicted values closely aligns with
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Fig. 6. Distribution of average errors obtained through extrapolation of TWT values from wells with available velocity
information. The five best results, indicated by the smallest errors, are highlighted with thick arrows ranging in color from
dark blue to dark purple (colors within the thick black rectangle in Ev Error Legend).

the measured values, as evidenced by the small average error,
which ranges from a minimum of 11 ms to a maximum of
52 ms, with an average of 26 ms. Outlier and spread of the
error are significantly lower when applying the ANN approach
instead of an extrapolation of the TDR. Appendix 1 quanti-
tatively presents the average errors, selected as the decisive
parameter to evaluate the accuracy of ANN predictions.

The distribution of these errors and their relationship are
illustrated in Fig. 6 for three representative cases and in
Appendix 3 for all 18 cases. Upon thorough examination,
several observations can be drawn. When extrapolating time-
to-depth relationships, wells W-7, W-9 and W-12 consistently
provide the largest errors (Appendix 2), indicating the poorest
results for estimating TWT values in wells lacking velocity in-
formation. For Well-9, this is understandable given its greater
distance from other wells in the area of exploration.

The analysis presents that proximity between wells does
not guarantee accurate extrapolation of time-to-depth relations.
Instead, the ANN predictions offer consistently more reliable
results, even for the holdout wells which were never included
in the building of the ANN model. This can be observed in Fig.
6 and Appendix 3. Despite the expectation that closely located
wells would provide dependable time-to-depth information
for extrapolation, the findings of this study disprove this
assumption. For instance, in Fig. 6, case W-5 shows that wells
W-7 and W-12, though remarkably close to well W-5 which is
treated as a no velocity data well in this case scenario, yield
extremely poor results with the highest errors compared to
more distant wells.

This pattern is not uniform across all close pairs of wells.
For example, extrapolating TWT values from W-6 to W-5

results in a satisfactory small average error of 21 ms. On the
other hand, well W-2 despite being the closest, displays a poor
correlation when extrapolating TWT information for W-18.

It is evident that, in most instances, extrapolating time-to-
depth relations from nearby wells leads to significantly poorer
outcomes compared to extrapolation from distant wells. This
discrepancy could be attributed to substantial variations in
subsurface lithology distribution and/or general orientation of
structures.

The predicted values generated by the ANN analysis (in-
dicated by the thick white line and “Pv” mark in the color
legend in Fig. 5) demonstrate exceptional accuracy for both
the training wells and, most importantly, the holdout wells
(marked with green and yellow labels, respectively). With
a high precision percentage observed, TWT values obtained
through neural network analysis prove to be more reliable, es-
pecially for holdout wells (highlighted in yellow in Appendix
1, Fig. 6 and Appendix 3).

The distribution trend is also evident in Fig. 6, particularly
highlighting the best five approximations. The results obtained
from extrapolating TWT values reveal a predominant NNW-
SSE strike, as observed in the top five approximations marked
with the thickest arrows ranging from dark blue to dark purple.
These findings are consistent with the strike of geological
structures and sediment paleotransport orientation documented
in recent investigations of the area (Rukavina et al., 2023;
gpelic’ et al., 2023; MatoSevic et al., 2024).

6. Conclusion

Accurate determination of time-to-depth parameters plays
a crucial role in various applications, including drilling opti-
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mization and reservoir characterization. However, this process
often entails significant economic and technical risks. To
address these challenges and mitigate associated risks, a novel
approach has been developed and is presented herein.

Building an ANN model to solve time-to-depth relation-
ships has proven highly effective. The ANN model exhibits
a high correlation coefficient for the training, testing, and
validation set, all above 0.99, with root mean square errors
under 35 ms and mean absolute errors around 25 ms. This
level of accuracy surpasses any method applied so far on
Pannonian Super Basin data, including the common approach
of extrapolating values from nearby wells. The ANN model
not only has smaller absolute errors but is also significantly
less sensitive to outliers. Since model predictions depend on
the local geological characteristics of the training data, a
separate ANN model for solving TDRs should be developed
for each basin or super-basin to account for their unique
geological features.

Overall, this study presents the effectiveness of the ANN
framework in conventional, dominantly clastic environments,
tailored to the specific objectives of parameter prediction.
Depending on the desired objective, the focus can vary from
precise values to understanding broader trends and variations
within the wells. This approach enhances efficiency and adapt-
ability, improving the accuracy of subsurface models. The
methodology remains open to further refinement through activ-
ities such as spatial information integration, hyper-parameter
fine-tuning, and the development of tailored models for spe-
cific geological settings.

The results highlight the effectiveness of the proposed
methodology in deriving TWT values from depth, litholog-
ical, and stratigraphical parameters by ANN analysis. This
ANN-driven solution proves to be an effective approach for
obtaining time-to-depth relations in mature basins with a large
number of historical well data often lacking acoustic well log
measurements and vertical seismic profiling.
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Appendix 1

Average absolute error in milliseconds calculated for results TWT obtained through both the
extrapolation method (Ev) and ANN analysis (Pv). Wells used in the ANN training process are
marked with green labels, while holdout wells are highlighted in yellow. Numbers in red indicate
instances where the extrapolation method yielded better results, i.e., smaller errors than those
produced by the ANN analysis. Pv% represents a percentage of wells for which prediction via ANN
gave more successful results.
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Abstract

The scarcity of well data and the inherent subjectivity of geological interpretations often
leads to imprecise or oversimplified subsurface models. Traditional interpretation methods
struggle with sparse datasets, necessitating the application of advanced machine learning
techniques to enhance subsurface characterization. This study leverages artificial neural
networks to predict lithology distribution using seismic attributes in the northern Croatian
part of the Pannonian Basin System, n area with numerous exploratory wells. Seismic
data, long employed as a supplemen terpretahon tool, was used to generate a predic-
tive lithological model, overcomi itations |nherent to well-based methods. A key
focus was the volume of shale, %gmal indicator, which was estimated using an ex-
tensive set of seismic atiribute cessed through innovative data preparation tech-
niques for artificial neural net lysis. A comprehensive artificial neural network based
modelling approach was | ted over a 4365 km? 3D seismic dataset, targeting Pan-
nonian (Late Miocene I cene) sediments deposited in deltaic, turbiditic, and lacus-
trine environments. Re%how that standardization of input data significantly improved
model accuracy, particularln capturing key geological features such as meandering sand-
stone-filled channels. In contrast, normalization led to unreliable predictions, while raw da-
ta substantially estimated sandstone volumes. Despite its advantages, the method’s
limitations stem e inherent uncertainty in the volume of shale estimation and inter-
preter subjecti e approach is well-suited for geological settings with two or three
dominant li s distinguishable on geophysical well logs. While applicable to coal-
bearing st shale-rich carbonates, its effectiveness in more complex geological set-

tings rgquires urther refinement. The findings highlight the untapped potential of legacy
for geo-energy applications, including hydrocarbon exploration, geothermal

1. INTRODUCTION

The lack of subsurface data and the inherent subjectivity of
interpreters have been major contributors to imprecise or
overly simplified interpretations and resulting geological mod-
els. Well data are often too sparse to enable meaningful inter-
pretations using traditional methods, so the implementation of
seismic data with advanced machine learning techniques is
expected to vield better modelling results (SMIRNOFF et al.,
2008; ZHOU et al.. 2019; FENG et al., 2024; ZHOU & LIU,
2024). Machine learning techniques enable the combination
of well and seismic derived properties in a time efficient way
which can greatly improve the accuracy and the resolution of
the resulting geological model.

Visualizing subsurface lithology, including the volume
and spatial distribution of rock types, typically starts with well
data. This generally refers to well logs and information about
the lithology of well cuttings and core samples if available.
However, in many regions worldwide, the number of wells is

seisngc
st@d carbon storage.

limited, they are either sparsely distributed, or the available
data is old. The Croatian part of the Pannonian Basin System
is characterized by a several hundred, old exploratory wells,
some of which were drilled over 50 years ago. Therefore,
seismic data has long been used as a supplementary tool to aid
the geological interpretation process, offering valuable insights
into subsurface characterization (NOVAK ZELENIKA et al.,
2018; VUKADIN, 2022; XU & HAQ, 2022). In recent years,
this type of study has increasingly relied on the application of
artificial neural networks for various purposes: lithology
prediction (BRCKOVIC etal., 2017 KAMENSKI et al., 2020),
estimation of porosity and permeability (ITURRARAN-
VIVEROS & PARRA, 2014), seismic reservoir characterization
(OTHMAN etal., 2021), shale volume prediction (TAHERI et
al., 2021; MOHAMMADINIA et al., 2023), two-way-time
prediction (KAMENSKI et al., 2024).

Recent studies in northern Croatia, specifically within the
southwestern part of the Pannonian Basin System, have



explored the application of neural networks to enhance the
independence and accuracy of subsurface interpretations
based on various geophysical datasets (seismics, well logs),
in combination with well data (BRCKOVIC et al., 2017:
KAMENSKI et al., 2020; KAMENSKI et al., 2024). These
studies demonstrated the effectiveness of neural networks,
particularly in scenarios with limited data. For instance, the
inevitable challenges of time-to-depth conversions were
successfully surpassed using neural networks, which predicted
two-way-time data from stratigraphical and petrophysical
parameters in the depth domain, particularly in scenarios
where conventional time-to-depth conversion data were
unavailable (KAMENSKI et al., 2024). Efforts have also been
made to predict lithology based on sparse well and seismic
data (BRCKOVIC et al., 2017: KAMENSKI et al., 2020).
These investigations provided valuable new insights into
subsurface characterization in northern Croatia, while also
highlighting challenges of lithology prediction, such as the
inadequate upscaling of well logs (KAMENSKI et al., 2020).

To determine the lithology distribution in areas where
only seismic data is available and well data is sparse, this study
utilized an extensive set of seismic attributes to predict the
volume of shale, a parameter that serves as an indicator of
lithology distribution. Furthermore, this approach was tested
with legacy data, as pre-stack seismic data, which can be
utilized for lithology prediction, is often unavailable (ADEOTI
et al., 2017; BORNARD et al., 2005). To achieve this.
innovative data preparation processes were implemented.

This study highlights the successful application of
available legacy data, revealing its substantial untapge
potential that has yet to be fully utilized when processe®gy
artificial neural network algorithms. Neural neTworEsdﬁ' Te
chosen for lithology distribution prediction over othgr Maghine
learning approaches for several key reasons. Primarifsweural
networks represent an excellent tool for captquplex,
non-linear relationships inherent in geologicd™data, which
makes them well-suited for modelling intr™&fe subsurface
patterns. Additionally, they have proven ssful in similar
applications, such as predicting porosity=a#ld permeability
(e.g. ITURRARAN-VIVEROS & PARRA. 2014), further
validating their effectiveness in geoscientific tasks. To
demonstrate this approach. a study area with available 3D
seismic data, covering 4365 km~ in the northern part of Croatia
was selected (Fig. 1) to investigate the possibility of predicting
the general lithology distribution within the Pannonian
stratigraphic interval based on seismic attributes.

Results from this study can have application in geo-
energy characterization for various purposes, from hydro-
carbon exploration, geothermal investigations, carbon capture,
utilization and storage, efc.

2. GEOLOGICAL OVERVIEW

The study area. located in the North Croatian Basin (NCB),
lies within the southwestern part of the Pannonian Basin Sys-
tem (PBS). Base of the Neogene-Quaternary infill is repre-
sented by Palaeozoic crystalline and partially metamorphosed
rocks, which are in places overlain by Mesozoic carbonates
(PAMIC & LANPHERE, 1991; PAMIC, 1998; PAVELIC,
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2001; VELIC, 2007; MALVIC & CVETKOVIC, 2013;
PAVELIC & KOVACIC, 2018). Basin evolution is associated
with rifting, and syn-rift and post-rift sediments can be distin-
guished (LUCIC et al., 2001; SAFTIC et al.. 2003; PAVELIC
& KOVACIC, 2018; RUKAVINA et al., 2023). The extension
began during the Ottnangian and Carpathian and is believed
to have been driven by the eastward extrusion of the Alps
(FODOR et al., 1999). In these conditions, deposition of
coarse-grained sediments (rock-fall breccias and conglo-
merates) interlayered with sandy and silty layers took place
(PAVELIC & KOVACIC. 2018). The extension was accom-
panied by a later marine transgression and volcanic activity in
the Badenian (LUCIC et al.., 2001; SAFTIC et al., 2003;
CORIC et al., 2009: MARKOVIC et al., 2021). Depositional
environments during the Badenian were very diverse. Locally,
marsh-type fine-grained sediments can be found, which are
overlain by carbonate deposits (BAKRAC et al., 2010). Deep-
ening of the depositional environment resulted in the lacus-
trine sedimentation of shales, and siltstones, together with
thin, sandy turbidites and occasional conglomerates (PAVELIC
& KOVACIC, 2018), with sporadic occurrences of pyroclastics
resulting Nccompanying volcanism (PAVELIC, 2001;
SAFTIC,a al.. 2003). A change of depositional environment
from la@e o marine occurred during the Middle Bade-
niang®h deposition of shales interlayered with coarse grained
CIR (PAVELIC & KOVACIC, 2018). The Late Badenian is
)

fio of the post-rift phase (PAVELIC, 2001; PAVELIC &
WACIC, 2018). During the Late Badenian, carbonate sedi-
mentation on small carbonate platforms, formed around is-
lands, was followed by marl deposition in the deeper parts of
the sea (VRSALJKO et al., 2006; PAVELIC & KOVACIC,
2018). By the latest Badenian, a general shallowing occurred,
marked by deposition of biocalcarenites and conglomerates,
reduced volcanic activity, and localized emersions. The
breakup of central Paratethys started in the latest Badenian
when it lost connection to the Indo-Pacific Ocean and the pa-
laeo-Mediterranean Sea (ROGL, 1999). The isolation of the
basin and subsequent salinity fluctuations at the Badenian/
Sarmatian boundary led to the extinction of most stenohaline
marine organisms, while unique associations adapted to the
new conditions, emerged or migrated from Eastern Paratethys,
marking the Sarmatian age of the deposits (PAVELIC &
KOVACIC, 2018 and references therein). The final separation
of the Pannonian Basin System from other surrounding ma-
rine environments took place at the end of the Middle Miocene
(CORIC et al., 2009).

The post-rift phase of PBS development was characterized
by a thermal subsidence due to lithospheric cooling (PAVELIC
& KOVACIC, 2018), resulting in the creation of significant
accommodation space. This phase was characterized by the
deposition of thick sand and marl sequences in brackish
conditions within Lake Pannon (LUCIC etal., 2001; SAFTIC
et al., 2003; PAVELIC & KOVACIC, 2018). During the
Pliocene and Quaternary, the stress regime turned to com-
pressional, which resulted in activation of reverse faults and
reactivation of normal faults with reverse displacement char-
acteristics (HORVATH & CLOETINGH, 1996). Sedimentary
environments were shallower than in the Pannonian with

I;l amgerized by the end of the syn-rift phase and the begin-
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Figure 1. The Pannonian Basin System with the o

of the North Croatian Basin and the study area location. The red rectangle represents the extent

of 3D seismic coverage of the “Donji Miholjac” 3D seismic block with the locations of 11 wells highlighted, enlarged in the inset at lower right corner
(modified from Cvetkovi¢ et al. (2019), after Dolton (2006) and Schmid et al. (2008)).

fluctvations from lacusirine and marsh to terrestrial
(CVETKOVIC, 2013). Lithologically. they are represented by
sands, clays and gravel with occasional coal seams or layers.
As the tectonic regime shifted from extensional to com-
pressional, basin inversion occurred which led to the formation
of structural traps within the older Pannonian sediments.

The NCB’s marginal position within the PBS results in
generally thinner Neogene sedimentary sequences compared
to the central part of the PBS, with the exception of the Drava
Basin where the Neogene sedimentary sequence reaches a
thickness of almost seven kilometres (SAFTIC et al., 2003;
VELIC. 2007: CVETKOVIC et al., 2019).

The focus of this research is the sediments of the
Pannonian (Late Miocene—Early Pliocene), that were deposited
after the Central Paratethys Sea transitioned into the brackish
Lake Pannon around 11.6 million years ago. Pannonian

sediments, primarily derived from the Eastern Alps and the
Western Carpathians, were deposited in a variety of
environments, including deltaic, turbiditic, and lacustrine
settings (KOVACIC & GRIZELJ, 2006; PAVELIC &
KOVACIC, 2018; MATOSEVIC et al., 2024a). The Pannonian
deposits include lacustrine marls and limestones in the early
stages, followed by sands and siltstones from deltaic
environments as the lake progressively filled. These deposits
serve as significant source rocks, reservoirs, and caprocks in
the Croatian part of the PBS (LUCIC et al., 2001; SAFTIC et
al., 2003).

3. METHODOLOGY

For the task of determining the spatial distribution of lithology
throughout the study volume, a comprehensive workflow was
implemented. This began with the definition of the model

EI1)E0.I) BIS0[095)



boundaries. The top and bottom of the model were delineated
based on regional well tops identified using resistivity well
logs. For this study, focusing on the sediments of the Panno-
nian stratigraphic interval, the regional marker “o” was chosen
as the model’s top surface and “Rs;” as its bottom, i.e. Top
Pannonian and Base Pannonian surfaces respectively. Lateral
boundaries were defined with the 3D seismic volume cover-
age.

Exploratory wells within the study area were very scarce,
so all the wells which at least partially intersected the chosen
interval were taken into the analysis. A total of 11 wells were
included: eight that drilled trough both the Top Pannonian
(“o’") and Base Pannonian (“Rs;”) boundaries, and three which
were terminated before reaching the Base of the Pannonian,
i.e. intersecting only part of the interval of interest. The Top
Pannonian well top (“0”) is not identified by distinct patterns
in the apparent electrical resistivity curve. Instead, it is defined
as the transition point where the resistivity curve shifts from
a shallower zone with high variability in resistivity to a deeper
zone characterized by more stable resistivity values. This
transition is the result of change in depositional conditions,
specifically the shift from deeper-water lacustrine sedimen-
tation during the Pannonian to shallow lacustrine and alluvial
sedimentation in the Pliocene of the Drava Basin and also in
the western part of the Sava Basin, which is characterized by
more frequent vertical and lateral lithological variafions.
reflected on the resistivity curve (CVETKOVIC, 2017). Well
top “Rs;” was defined by an emphasized increase in resistivity
values at the transition from the Lower Pannonian limey shgles
to the Middle Miocene limestone, due to pronounced resisy iy
differences between the limestones and shales (PAT _
1988). A well to seismic tie was performed either on is
of available vertical seismic profiling measuremeMsg i1 the
wells or with the artificial neural network apggoagh as in
KAMENSKI et al. (2024). These horizons wer M across
the “Donji Miholjac” 3D seismic block ( .
interpreted surfaces that defined a study a@-l. 65 km? with
a total volume of 11,660 km?.

A volume of shale (V) analysis was performed by
interpreting the Spontaneous Potential (SP) log (Fig. 3), as
Neutron, Spectral Radioactivity, Resistivity, and Gamma ray
logs were excluded from the analysis due to technological and/
or geological constraints specific to the study area. This widely
used procedure (SERR A, 1984: ASQUITH & KRYGOWSKI,
2004) is based on the assumption that the SP deflection
between the static value of SP (SSP) in a clean sandstone and
shale baseline (representing 100% shale) is proportional to the
volume of shale (RIDER. 2002), i.e. it assumes that the volume
of shale at any given point can be estimated by linear
interpolation between the SP value having 0% of shale (SP.ap)
and the shale baseline value (SPg,;.) having 100% of shale
(Equation 1):

_ SP-SP

clean

- SJ).!‘ME - SP

clean

-100 (D

sh

where SP represents reading of SP value in any point of inter-
est.
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Figure 2. Inline seismic section highlighting the interpreted Top and Base
Pannonian surfaces of the subsurface model. The inset indicates the loca-
tion of the seismic section within the study area.

Once the volume of shale (Vg,) values were obtained for
all 11 wells. upscaling was performed to firstly average the Vg,
value within the corresponding model cell and to enable
integration with the seismic data. This was performed for
models wi%&ﬁo. 100 and 200 layers. Based on the results
and to mitfgat™gverestimation of the predominant lithology,
the selefigeynodel was the one stratified into 200 layers,
maingagninesfn average cell height of 6.5 metres. This approach
eﬁ'e%prevented excessive layering thickness, ensuring
thﬁ&ge pscaling process did not introduce biases in lithology

iptrifution predictions by the artificial neural networks

Ns). Overestimation of the predominant lithology had
been a significant challenge in previous studies (KAMENSKI
etal., 2020), but this refined layering strategy minimized such
distortions.

Following the upscaling of the volume of shale (V)
values, selected seismic attributes were extracted at the
upscaled data points, forming a comprehensive dataset for
ANN training. This step ensured that the model retained both
the geological resolution necessary for more realistic lithology
prediction and the statistically valid dataset required for
effective machine learning applications.

Seismic aftributes contain a huge amount of data which
holds significant relationships between the physical charac-
teristics that remain undetectable through conventional
seismic visualization techniques (TANER et al., 1976;
TANER. 2001). These attributes, derived from seismic data,
capture kinematic, dynamic, geometric, and statistical charac-
teristics, play a fundamental role in structural, stratigraphic,
and petrophysical interpretation. Their application significantly
enhances subsurface analysis and reservoir characterization
(DJEDDI, 2016).

In this study, the selection of seismic attributes was guided
by their ability to emphasize lithological and morphological
features, thereby aiding artificial neural networks in producing
geologically coherent lithology distribution predictions. Seis-
mic attributes that capture key lithological and morphological
features were generated based on comprehensive reviews of
seismic attribute application (CHOPRA & MARFURT, 2006;
LIU & MARFURT, 2006; KER et al.. 2014; BRCKOVIC et
al., 2017; LI et al., 2019: OUMAROU et al., 2021). Twelve
attributes were constructed: Sweetness, 3D Curvature, Vari-
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Figure 2. Well logs for Well-1: the SP log is shown in red, the calculated
volume of shale is represented in blue, and resistivity logs in both red and
blue. Green and black horizontal lines indicate the regional markers “a”
and “Rs;".

ance, Original Amplitude, Instantaneous Frequency, Envelope,
Instantaneous Phase, Generalized Spectral Decomposition,
Apparent Polarity, Reflection Intensity, Root-Mean-Square
(RMS) Amplitude and Relative Acoustic Impedance.

Sweetness and RMS Amplitude effectively detect and
display coarse-grained intervals and compaction features
(SUBRAHMANYAM & RAO, 2008: KOSON et al.. 2014).
Variance (edge) and Reflection Intensity serve as reliable
indicators of lithology variations (PIGOTT et al., 2013;
KOSON et al., 2014), while Original Amplitude provides a
clear representation of sediment continuity and discontinuity
(BRCKOVIC etal., 2017 and references therein). Additionally,
Apparent Polarity is mostly related to the useful detection of
gas-charged layers (KER et al., 2014).

OUMAROU et al. (2021, and references therein) de-
monstrated that Instantaneous Frequency aids in seismic facies
recognition, while 3D Curvature is crucial for identifying
structural features such as channels, faults, anticlines,
synclines. and salt domes. Instantaneous Phase delineates
subsurface layering, whereas Instantaneous Frequency and
Generalized gpectral Decomposition assist in layer thickness
estimarion&seismic geomorphology analysis (LIU &
MARF%OO(S; LIetal, 2019). Furthermore, Envelope and
Relatjx stic Impedance (RAI) provide insights into
lith =il iClcN1eSS estimation, and sequence delineation, and
om able information regarding porosity and permeability

ROUetal., 2021; PIGOTT et al., 2013; KOSON et al.,
4).

Input data for ANN analysis consisted of data points
created along well paths, each containing X, Y, Z coordinates,
12 seismic attributes and shale volume values (Fig. 4a, b). Data
was statistically processed before the ANN training process.
Feature scaling was applied to mitigate the significant scale
differences among seismic attributes. Three input versions
were prepared: Raw data, Normalized data (rescaled between
0 and 1), and Standardized data (centered at a mean of 0 with
a standard deviation of 1). Normalization and standardization
processes ensured uniform scaling across all features, includ-
ing seismic attributes and volume of shale values, which
inherently range from 0 to 1.

Data normalization was performed using following
Equation 2:
— (X — xmin )
xmmm.liizm} -
(xmwr - xmin )

Data standardization was performed using following
Equation 3:

@

(x —mean of range)
©)
standard deviation of range
ANN analysis was performed in Tibco Statistica within
the Statistica (Neural Nets) module. The process consists of
the general selection of the ANN architecture constraints
(minimum and maximum number of neurons in the hidden
layer, activation functions and number of networks to be
trained and retained), and the distribution of data into training,
test and validation datasets. In this study, 80% of the cases
were used for the training dataset, while the remaining 20%

X standardized =
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Figure 4. a, b) The blue surface represents the Top Pannonian surface,
while the purple surface denotes the Base Pannonian surface. Red points
indicate cells containing values for 12 seismic attributes and volume of
shale (V,1), which served as training input data for the artificial neural net-
works (ANNs); ¢, d) White points represent the data points where ANN
predicted the volume of shale (Vy,) based on assigned seismic attribute
values.

was evenly split between testing and validation. The number

significantly change or the error value is extremely vatgb
for 20 consecutive iterations. The workflow folloWsJhree
possible end conditions. The first occurs when“sgtimal
parameters are achieved, ensuring accurate pL‘Wls. The
second arises when the ANN algorithm fails edict the
target variable, resulting in random output ¥adges. The third
end condition is triggered when error ¥ in the test and
validation dataset begin to rise, indicatin™gs#rtraining of the
ANN. In all cases, the final network parameters are determined
based on their optimal performance across the training, ftest,
and validation datasets.

For prediction, 747,800 cells were generated within the
geological model (Fig. 4c. d), with appended seismic attribute
values. The trained ANNs (using Raw, Standardized, and
Normalized datasets) were applied to predict shale volume for
each cell.

Well-log interpretation was performed using Interactive
Petrophysics (IP 2021) software, Petrel Schlumberger software
package was used for seismic interpretation, attribute extrac-
tion, and model construction, and Statistica Tibco for ANN
analysis. Additional calculations were performed in Excel.

Four subsurface models were constructed to determine the op-
timal layer thickness for the training and prediction process.
These models varied only in the number of layers, which were
set to 20, 100 and 200. The corresponding vertical point spac-
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ings for these models were an average of 79 m, 16 m and 8 m,
respectively. The layering itself has an impact on the analysis
in two ways. First, the layer height has a direct effect on the
upscaling of the Vi, and seismic attribute values. As the layer
thickness increases, more values will be averaged represent-
ing one data point in the well trajectory (Fig. 4b). Secondly,
the number of cases for the ANN analysis significantly de-
creases from 1888 for the 200-layer case to 193 for the 20-layer
case. This has a significant impact on the degree of success of
the ANNSs training process as it is sensitive to the number of
cases for analysis (ALWOSHEEL et al.. 2018).

Numerous iterations of the ANN parameters were tested
to obtain the best output. as determined by correlation
coefficients. The optimal neural network architecture was
achieved with a learning rate of 80%, using a neural
architecture search as the optimizer and the correlation
coefficient as the error metric. Regarding predictions based on
standardized and normalized data, the logistic sigmoid
function proved to be the best activation function for both the
hidden and output layers. In contrast, for raw data, best
performancegvas obtained using the logistic sigmoid function
for the hidde™gver and the sinusoidal function for the output

layer. T predictive performance of ANNS for the volume of
shale val¥ts yfas evaluated using correlation coefficients of the
targ wipreted Vg, value) and the predicted value of Vg,

<_% ), with the correlation coefficient serving as the
riny metric for distinguishing between high- and low-
%;em neural networks. The highest predictive accuracy was
achieved in the model with most layers (Table 1, Model 200
layers). Among the tested models, the ANN trained on input
data from the 200-layer model demonstrated to be the most
successful and was therefore selected for further investigation
(Table 1). ANNSs trained on models with less than 100 layers
had poorer performance (20-layer model) or were completely
unable to predict the Vg, data (50-layer model which was
omitted from the study).

To predict the volume of shale across the entire 3D seismic
coverage, a model with 747,800 cells was generated (Fig. 4c,
d), each containing values from 12 selected seismic attributes.
These input data were processed using the same methodology
as the training dataset. The most effective ANN architecture
was then deployed to predict the volume of shale values across

Table 1. Correlation coefficients representing the performance of artificial
neural networks for the three differently layered models. Bold results rep-
resent the model which is selected for artificial neural network analysis to
predict the volume of shale values throughout the investigated area. The
network architecture is represented by the number of neurons in the input,
hidden and output layer, while the number in brackets indicates the num-
ber of learning iterations.

Correlation coefficients
Input data
Model 20 layers | Model 100 layers | Model 200 layers
Raw 0.34 049 0.68
Normalized (Norm) 0.31 0.60 0.70
Standardized (STD) 0.33 043 0.72
Network architecture
Raw 12-123-1 (23) 12-161-1 (83) 12-128-1 (270)

12-181-1 (22)
12-132-1 (21)

12-138-1(124)
12-168-1 (92)

12-145-1(208)
12-80-1 (209)

Normalized (Norm)
Standardized (STD) _
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the target dataset, which consisted solely of 3D seismic
attribute values. Table 1 demonstrates that standardized data
produced the most efficient ANN predictions, whereas raw
datasets yielded the least accurate predictions (Table 1, Model
200 layers).

Predicted shale volume values were categorized as
follows: <0.5 as Sandstone, 0.5-0.7 as Sandstone-Shale, and
>(.7 as Shale. These classifications were upscaled for lithology
modelling, resulting in three distinct models corresponding to
Raw, Standardized, and Normalized input data (Fig. 5).

The predicted lithology distribution for the model
constructed from standardized (STD) input data suggests
52.17% Shale, 29.89% Sandstone-Shale and 17.94% Sandstone.
For the model based on normalized (Norm) input data, the
distribution was 55.14% Shale, 42.59% Sandstone-Shale, and
2.27% Sandstone. Predictions from raw (Raw) input data
resulted in 38.12% Shale, 48.57% Sandstone-Shale, 13.31%
Sandstone.

Figure 5. Lithology models developed using predicted volumes of shale
values derived from: 2, b) Standardized (STD) input data; ¢, d) Normalized
(Norm) input data; and e, f) Raw input data.

5. DISCUSSION

The volume of shale (V) was calculated from the Spontane-
ous Potential (SP) log. The Neutron log was not used due to
the simple fact that only small intervals in the wells had a neu-
tron log recorded. so in order to preserve consistency across
the investigated interval, the electrolog was expected to be a
better solution. Also, the Neutron log is, due to its shallow
depth of penetration and consequential effect of wellbore con-
ditions caused by the increased well diameter in clayey rocks,
prone to misleading volume of shale estimates (KAMAYOU
et al., 2021). The Resistivity log was not used because of the

mineral composition of the Pannonian sandstones, which are
lithic arenites with significant content of calcite, feldspars and
micas (MATOSEVIC et al., 2023, 2024a, 2024b). Namely, PI-
MIENTA et al. (2019) indicate significant differences in the
resistivities of quartz-rich sandstones and feldspar rich sand-
stones, the latter showing significantly lower resistivities
which could result in overestimated values of shale volume.
Gamma ray (GR) cannot be used in the studied settings for the
same reason — the significant content of feldspars and micas
in the Upper Miocene sandstones. i.e. their potassium content,
affects the GR readings (IMAM & TREWIN, 1991) leading
to overestimated volume of clay/shale values (KAMEL &
MABROUK, 2003). The thorium content from the Spectral
Radioactivity log could be considered (RIDER, 2002) in a
given setting, but the problem was the availability of Spectral
Radioactivity logs that are very rare for the study area.

SP should not be used to estimate shale volume in areas
where formation water resistivity (R,,) is not much different
from mud filtrate resistivity (R¢) (KAMEL & MABROUK,
2003). but that was not a limiting factor in the study area where
the mud filgrate generally shows significantly different
resistivity &ared to the formation water. However, the
shallow%ts of the investigated unit/intervals could be
affectgd Bigdlis limitation, due to the lower total dissolved
soli S) of the formation water, but short intervals of

water salinity change mostly coincided with the

fonga
@oundary of the model — well top “o”, Top Pannonian

Jace.

The upscaled volume of shale values served as the input
variable for modelling, ensuring continuity rather than discrete
categorization, as seen in previous studies (BRCKOVIC etal.,
2017; KAMENSKI et al., 2020). This approach demonstrated
the successful application of continuous input data in artificial
neural networks, a methodology not commonly adopted in
earlier research. Additionally, the upscaling process was
carefully managed by implementing thin layering, effectively
preventing overestimation of the predominant lithology. This
was evident by the network performance increase with the
increase of the number of layers within the geological model.
Oversimplification in geological models with layers thicker
than 16 metres led to poor performance or the complete
inability of the ANN processing the input data to predict the
Vin-

Based on the performance of the ANN training (Table 1,
Model 200 layers), the best results were achieved using
Standardized input data, followed by Normalized data and,
lastly, Raw data. It is anticipated that Normalized or
Standardized input data would yield better predictions, as Raw
data contains original seismic attribute values that show
significant variations and difference in magnitude. For
example, the range of 3D Curvature spans from -0.56 to 2.33,
Original Amplitude units range from -63,668.92 to 52,227.58,
and Envelope values range from 459.39 to 73,946.72, while the
volume of shale (V) values range from 0 to 1. This high in-
consistency in scale poses substantial challenges for ANNs to
accurately predict Vg, from seismic attributes. The norma-
lization and standardization processes enable a more balanced
representation of the features, improving model performance.



Better performance of standardization compared to
normalization can be attributed to the original data being more
accurately characterized by mean and standard deviation,
resulting in a standardized value range of -10.53 to 14.13, as
opposed to the constrained normalization range of 0 to 1.
These findings strongly suggest that preprocessing data, either
by standardization or normalization, is essential for accurately
predicting the volume of shale values from seismic attributes.

However, the results from lithology modelling offer
distinct insights into the impact of data preprocessing on
model accuracy and geological consistency. While pre-
processing input data generally improves model performance,
this study confirms that the benefits are particularly pronounced
when using Standardized input data. The lithological model
generated with STD data produced results that align closely
with geological expectations, exhibiting features such as well-
developed meander channels filled with sandstones. These
results are not only statistically reliable but also geologically
meaningful, as they are supported by numerous independent
geological studies (SPELIC et al., 2023; PAVELIC &
KOVACIC, 2018 and references therein). The enhanced
accuracy of this model suggests that standardization effectively
preserves and enhances key lithological trends within the
dataset.

In contrast, models constructed using Normalized (Norm)
input data produced less reliable predictions. In some cases.
their performance was even inferior to models developed using
Raw (unprocessed) data. This suggests that normalization may
distort the original statistical relationships between variables.

leading to a loss of critical geological information. Notg#ly
Y/ 6. CONCLUSION

the model derived from Raw input data exhibited a signi
underestimation of the total volume of sandstones. highli g
the risks associated with inadequate preprocesgim The
omission or misrepresentation of such key geologicaleatures
could lead to inaccurate interpretations of reseMQiguality,

depositional environments, or resource potegtis

These findings underscore the cruci?ole of data
preprocessing in artificial neural ne (ANN)-based
lithology distribution modelling. Proper st®=fardization of the
input data has resulted in geologically accurate and statistically
reliable models, reinforcing the importance of preprocessing
in machine learning applications within geosciences. However,
normalization appears to compromise model reliability,
making it an unsuitable preprocessing method for lithological
modelling. As a result, careful selection of preprocessing
techniques is essential for ensuring reliable, geologically
consistent predictions in lithology modelling. This study
proved that combining machine learning with traditional
geological methods holds great potential for improving pre-
dictive capabilities in the geosciences.

The approach presented here is applicable in geological
settings characterized by the relative uniformity of lithological
composition, 1.e. in settings with two to three main distinctive
lithologies that can be distinguished based on the geophysical
exploration data from wells. This approach is therefore
expected to be applicable in constructing the model of coal
bearing strata, where the Density log could be used to identify
different lithological categories. It could also be used for the
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characterization of shale-rich carbonates, i.e. the spatial
zonation of carbonate reservoirs with respect to shale volume.
Modelling the spatial distribution of lithological composition
prior to porosity modelling can be beneficial, as each
lithological category can be associated with a specific porosity
range (KOLENKOVIC MOCILAC et al.. 2022). This approach
allows the lithological model to control the porosity model,
therefore representing a significant improvement over a simple
sandstone-shale system. Additionally, the methodology offers
potential for various geo-energy explorations, including
hydrocarbon and geothermal explorations. as well as CO,
storage assessments. However, in more complex lithological
settings, this methodology would require further refinement
and development to achieve optimal accuracy.

The transfer of this methodology to other settings is
conditioned not only by geological characteristics but also by
differences in the input data set. The presented methodology
is limited to 3D seismic data due to the usage of a large number
of attributes. some of which are not at all suited for calculation
on 2D seismic data. Furthermore, the effectiveness of
standardiz&;over normalization is linked to the specific
numerical vali™ranges of the seismic attributes in this study.
Theser re not necessarily the same for all 3D volumes,
meapsmg (M50 in other cases, normalization may yield better
I'ESLQI\%[e‘fore, the transferability of direct ANN parameters

ertegions with different input data is not expected to be

quccessful; however, the developed methodology concept

L high potential to improve lithology prediction across
diverse geological settings.

This study presents an ANN approach for determining the
subsurface lithology distribution based on well log and 3D
seismic data. The importance of data preprocessing in ANN-
based lithology modelling is highlighted. Standardized input
data produced geologically consistent results, accurately rep-
resenting key features including fluvial meander channels
filled with sandstones. In contrast, models using Normalized
data were less reliable, sometimes even underperforming com-
pared to those using Raw data, which significantly underesti-
mated sandstone volume. These findings emphasize that stan-
dardization enhances model accuracy, while normalization
should be avoided as it can compromise lithology predictions.

The limitations of the approach presented in this work are
mainly related to the estimation of the volume of shale, since
the volume of shale represents a key input parameter, and its
estimate is influenced by the available dataset as well as
specific geological settings. Furthermore, there is a certain
amount of subjectivity of the interpreter affecting the final
result, but these issues are inherent to all analyses which are
influenced by the volume of shale parameter.

The approach is suitable for geological settings with two
to three main lithologies, distinguishable through geophysical
well data. It can be applied to coal-bearing strata using Density
logs or to shale-rich carbonates for reservoir zonation. How-
ever, for geologically complex settings, it requires significant
refinement.
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6. Discussion

6. DISCUSSION

Objectives 1 and 2

(1) Reinterpret the lithological composition within the study area using available well data
(2) Perform neural network analysis on 3D seismic and well data

Hypotheses 1 and 2

(1) It is expected that the use of artificial intelligence will advance geological
characterization of the subsurface

(2) It is assumed that the incorporation of 3D seismic and well data will greatly improve
accuracy by removing bias in the interpretation

To assess the success of Objectives 1 and 2 a small area covering a depleted oil field was
selected. This was also the case for testing Hypotheses 1 and 2 — which stated that applying
artificial intelligence will enhance geological characterization of the subsurface and that
integrating 3D seismic and well data will significantly improve accuracy by minimizing
interpretational bias.

The initial dataset included only four wells and the 3D seismic volume of 36.26 km?.
This spatially limited dataset aimed to encompass the most comprehensive possible sets and
sequences of well log measurements, as well as a high-quality and high-resolution seismic
volume, which would ensure that the influence of data quality on model prediction capability
is minimized. Pannonian sediments were characterized by identifying three primary lithologies
(sandstone, marl, and coal) across four wells. Top and bottom model boundaries (top and
bottom of Pannonian interval) were defined based on well data and mapped throughout the
seismic volume. Seismic attributes such as RMS, Time Gain, Instantaneous Phase, Cosine of
Phase, and RAI have demonstrated exceptional effectiveness in delineating boundaries that are
particularly difficult to map using conventional seismic interpretation techniques (e.g. E-log
horizon Rsy). Sixteen seismic attributes were extracted to enhance input data for artificial

neural network (ANN) analysis.

Lithology was upscaled within the model, and 800 data points were extracted for ANN
analysis. The average layer thickness was 25 m, reflecting the vertical resolution of seismic
data acquired in the 1990s (Sheriff et al., 1992). The ANN analysis involved extracting 15,480
data points with seismic attributes values. The fixed network parameters consisted of 16

neurons (seismic attributes) in the input layer and three neurons in the output layer
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(corresponding to three lithological categories). Two different stochastic approaches (DAANN
and SAANN) were used to assess the impact of network architecture and data distribution on
prediction accuracy. DAANN employed various architecture networks with differing hidden
layers and activation functions, while SAANN used the same architecture but varied training,
test, and selection datasets. To predict lithology, 2,000 ANNs were trained (1,000 DAANN
and 1,000 SAANN), and the 100 most successful from each set (200 total) were selected for
lithology prediction. ANN analysis produced numerous data points for variogram analysis. The
number of these data points decreased as the probability of matching (P50, P75, P90) increased.
After upscaling, variogram analysis was performed to assess the spatial relationships between

lithological categories.

Results indicated that DAANN data is more susceptible to upscaling effects and tends
to favor the dominant lithology (sandstone). The variogram analysis demonstrated that spatial
correlation varies significantly based on data type and prediction accuracy. Due to the
dominance of sandstone in P75 and P90 models, results should be interpreted cautiously, as the
geological credibility of higher precision data may be compromised (Cvetkovié et al., 2018;
Kovécs et al., 2019).

Despite theoretical expectations that higher accuracy data yields more accurate results,
the geologically sound results were achieved with 50% accuracy data. In contrast, higher
accuracy results (P75 and P90) overemphasized sandstone lithology due to upscaling,

experimental variogram calculation, and statistical analysis.

The first phase of the research revealed challenges in developing a novel
methodological approach for characterizing lithology distribution within the subsurface using
artificial neural networks (ANNSs) even when applied to a comprehensive dataset of high-
quality seismic and well data. This emphasizes the complexity of the problem with challenges
primarily arising from inadequate data handling, particularly when synchronizing the depth
domain (well data) with the time domain (seismic data), as many wells lack the time-to-depth
relationship (TDR) data that could be obtained from vertical seismic profiling (VSP) or

acoustic logs.

To overcome these issues, the second phase of research focused on developing a new
methodological approach that ensures accurate conversion from depth-to-time domain. This is

especially important for wells lacking VSP or acoustic logging, where previous conversions
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often involved interpolating between wells with and without established TDRs. The new
approach accounts for both well and seismic data, employing ANNSs to enhance accuracy and
reduce errors caused by extrapolating velocity functions from nearby wells. This approach
offers a cost-effective and efficient solution for subsurface exploration, surpassing traditional

methods.

The innovative methodology presented here uses ANNSs to predict TDRs based on well
log interpretation and stratigraphic interval delineation. By doing so, it addresses issues related
to time-to-depth domain conversion and significantly improves predictive accuracy, even for
wells with limited geophysical data. Additionally, by integrating ANNs with lithological data
from basic well logs — including those obtained from older wells — this research aimed to
minimize errors and enhance accuracy in establishing time-to-depth relationships, which is

expected to result in more accurate subsurface modeling.

The selection of a representative training dataset is crucial for the success of ANN
predictions. A training dataset consisting of 18 wells was selected, which was split into 14
training wells and 4 holdout wells. The holdout wells (W-5, W-10, W-16, and W-18) were
selected to represent diverse geological scenarios, including cases with all four stratigraphic
intervals and cases where only the first two intervals were drilled trough by the well.
Additionally, their geographical positions ensured that proximity to training wells could be
assessed as a factor influencing prediction accuracy. The used dataset accurately reflects the

geological and petrophysical complexities of the subsurface.

Well log interpretation focused on the differentiation between permeable and
impermeable units using only basic well logs. Integrating these results with lithology data from
master logs facilitated defining the vertical distribution of lithology. The interpretation of the
well logs enabled the determination of three regional markers previously described by Simon
(1980) as a (Pliocene — Miocene boundary), Rs7 (Middle — Late Miocene boundary) and PNg
(Neogene basement). Based on three key boundaries, up to four stratigraphic intervals were
interpreted for each well, grouping sediments by age, lithology, and depositional environment.
These intervals define four stratigraphical units that influence petrophysical property variations
with burial depth. The first consists of Pliocene-Quaternary unconsolidated sediments, the
second of Upper Miocene sandstones and marls, the third of Lower and Middle Miocene
heterogeneous deposits, and the fourth includes older pre-Neogene sediments and rocks

forming the Basin Basement. The most significant velocity contrast is expected at the Neogene-
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Basement transition, where compaction-governed lithologies are underlain by those where

petrophysical properties are dominantly defined by secondary porosity.

The ANN analysis was conducted using TIBCO Statistica software, employing time
series regression to ensure sequence prediction aligned with geological and geophysical
principles. Neural networks were configured as multi-layer perceptron (MLP) architectures
with a minimum of 3 and a maximum of 17 neurons in the hidden layer. To avoid overfitting,
weight decay was applied, encouraging a simpler and more generalized model. In total, over
27,000 cases from 14 wells were used for training. Ten of the most successful neural networks
were combined into an ensemble model for analysis. The ANN model achieved a correlation
coefficient exceeding 0.99 for training, testing, and validation datasets, with a mean absolute
error (MAE) of around 25 ms and a root mean square error (RMSE) of approximately 34 ms.
To ensure the successfulness of the resulting ensemble it was tested on four holdout wells not

included in the training process, demonstrating reliable performance with high accuracy.

Evaluation of prediction accuracy revealed that the ANN approach outperformed
traditional TWT extrapolation methods in more than 75% of cases, with five wells
demonstrating superior prediction success compared to extrapolation, achieving 100% better
outcomes. Holdout wells also showed more accurate results, even when compared to
predictions based on extrapolation from nearby wells. Interestingly, the analysis indicated that
proximity between wells does not guarantee accurate extrapolation. This result highlights the
complex relationship between spatial proximity and lithological variability, suggesting that
geological relations and subsurface conditions play a more prominent role in prediction

accuracy than mere distance.

The ANN model proved effective in generating TWT values, offering a promising
alternative to conventional extrapolation methods. The methodology shows potential for
application beyond the Drava Basin, especially in regions facing similar challenges in
subsurface characterization. Additionally, the ANN-supported approach is capable of
identifying previously unexplored correlations and dependencies within existing data, which
could substantially enhance geoenergy exploration. Patterns proven in this research, although
not directly recognizable within individual well or seismic datasets, align closely with previous
studies documenting NNW-SSE structural trends and paleotransport sediment orientations
(Rukavina et al., 2023; Speli¢ et al., 2023; MatoSevi¢ et al., 2024). The results emphasize
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the reliability of ANN predictions compared to traditional methods, providing a valuable tool

for future subsurface exploration efforts.
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Objectives 1-3

(1) Reinterpret the lithological composition within the study area using available well data
(2) Perform neural network analysis on 3D seismic and well data

(3) Make a geological model with distribution of the Pannonian sediments in the subsurface
of Donji Miholjac area

Hypotheses 1 and 2

(1) It is expected that the use of artificial intelligence will advance geological
characterization of the subsurface

(2) It is assumed that the incorporation of 3D seismic and well data will greatly improve
accuracy by removing bias in the interpretation

In the final phase of methodological development, Objectives 1-3 were successfully achieved:
(1) reinterpret the lithological composition within the study area using available well data, (2)
perform neural network analysis on 3D seismic and well data, and (3) construct a geological
model illustrating the distribution of Pannonian sediments in the subsurface of the Donji
Miholjac area. Additionally, Hypotheses 1 and 2 were confirmed, demonstrating that the
application of artificial intelligence significantly enhances geological characterization of the
subsurface and that the integration of 3D seismic and well data substantially improves accuracy

by reducing interpretational bias.

Although it was demonstrated that ANNSs can be successfully applied to address time-
to-depth conversion challenges, predicting two-way time data from stratigraphic and
petrophysical parameters in situations lacking conventional data (Kamenski et al.,
2024/Chapter 5.2), some challenges remained, including the inadequate upscaling of well logs
(Kamenski et al., 2020/Chapter 5.1). In response, this phase of the research applied
innovative data preparation processes to improve ANN performance and predict lithological
distribution using seismic attributes. Therefore, the study applied an ANN-supported modeling

approach over a 4365 kmz2 3D seismic dataset targeting Pannonian (Late Miocene) sediments.

The volume of shale (Vsh), a continuous variable was introduced in opposition to
regarding lithology directly as a categorical variable in Chapter 5.1. It was calculated from the
Spontaneous Potential (SP) log. The usage of the Neutron log was excluded from analysis due
to the limited intervals with recorded data in the wells, making it unsuitable for ensuring
consistency across the investigated interval. Additionally, the Neutron log's shallow
penetration depth and susceptibility to wellbore conditions, particularly in clayey rocks with
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increased well diameter, can result in misleading shale volume estimates (Kamayou et al.,
2021). Similarly, the Resistivity log was not utilized because the mineral composition of the
Pannonian sandstones (lithic arenites containing significant calcite, feldspar, and mica content)
could produce misleading results. Feldspar-rich sandstones, such as the ones in the study area
(Matosevic et al., 2023; MatoSevic et al., 2024) exhibit notably lower resistivities compared
to quartz-rich sandstones, potentially leading to overestimated shale volume (Pimienta et al.,
2019). Gamma-ray (GR) logs were also unsuitable, as the potassium content of feldspar and
mica within Upper Miocene sandstones can cause overestimated clay or shale volume values
(Imam & Trewin, 1991; Kamel & Mabrouk, 2003). While thorium content from Spectral
Radioactivity logs might theoretically serve as an alternative (Rider, 2002), their scarcity

within the study area limited their practical application.

Despite certain limitations of the SP log — such as being unreliable in areas where
formation water resistivity (Rw) closely matches mud filtrate resistivity (Rmf) (Kamel &
Mabrouk, 2003) — this was not a significant issue in the research area, where formation water
resistivity typically differed substantially from mud filtrate resistivity. Nevertheless, the
shallow portions of the investigated interval were occasionally affected by lower total dissolved
solids (TDS) in formation water, especially near the upper boundary of the model (Top
Pannonian surface, well top “a”). Upscaled Vsn values were used as input variables for
modeling, favoring continuity over discrete categorization, which is a step forward in the
approach when compared to previous studies (Brckovié¢ et al., 2017; Kamenski et al.,
2020/Chapter 5.1).

To address the inherent challenges of volume of shale estimation and interpreter
subjectivity, four subsurface models with varying number of layers (20, 50, 100, 200) were
constructed to optimize training and prediction processes. The model with 200 layers,
averaging 6.5 meters in cell height, proved the most successful with minimizing the risk of
overestimating dominant lithology by maintaining geological resolution and statistical validity.
ANNSs trained on models with fewer than 100 layers demonstrated poor performance or failed
entirely, emphasizing the sensitivity of ANN training to input data resolution (Alwosheel et
al., 2018).

For ANN training, 747,800 cells containing seismic attribute values were created, with
the most effective ANN architecture deployed for shale volume prediction across the 3D

seismic coverage. Twelve key seismic attributes — Sweetness, 3D Curvature, Variance,
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Original Amplitude, Instantaneous Frequency, Envelope, Instantaneous Phase, Generalized
Spectral Decomposition, Apparent Polarity, Reflection Intensity, RMS Amplitude and Relative
Acoustic Impedance — were selected based on their proven applicability from previous studies
(Chopra & Marfurt, 2006; Liu & Marfurt, 2006; Ker et al., 2014; Brckovi¢ et al., 2017;
Li et al., 2019; Oumarou et al., 2021). Utilization of standardized input data consistently
produced the most accurate predictions, while directly using the raw data had the poorest
performance. Predicted Vsh values were categorized into three lithological classes (Sandstone,
Sandstone-Shale, and Shale) and upscaled for lithology modeling (Figure 4).

The lithological model derived from standardized input data contained 52.17% Shale,
29.89% Sandstone-Shale, and 17.94% Sandstone closely reflecting the lithological distribution
observed in well data from the study area (Kamenski et al., 2025). In contrast, the model
generated using normalized data yielded 55.14% Shale, 42.59% Sandstone-Shale, and 2.27%
Sandstone — substantially underrepresenting the sandstone category. Similarly, the model based
on raw input data produced 38.12% Shale, 48.57% Sandstone-Shale, and 13.3% Sandstone,
which also deviates from lithological trends documented in both well and surface dataset
observations (Paveli¢ & Kovacié, 2018).

[] sandstone [] sandstone
B Ve [ Sandstone-Shale
H coa [ shale

Figure 4. (a-c) Model results from the first phase of methodology development, showcasing the SAANN approach for cases
P50 (a), P75 (b), and P90 (c). (d-i) Model results from the third phase of methodology development, illustrating outcomes
using standardized input data (d, €), normalized data (f, g), and raw data (h, i).

113



6. Discussion

This doctoral thesis demonstrated the successful application of continuous input data
(Vsh) in artificial neural networks (ANNS), addressing a critical gap in previous research. A key
aspect of the methodology was the upscaling process, which incorporated thin layering to avoid
overestimation of dominant lithologies. Notably, models with layering thicker than 16 meters
exhibited reduced performance or even complete failure in ANN predictions, highlighting the

importance of fine-scale layering to maintain model accuracy.

Data preprocessing played a critical role in achieving accurate ANN predictions, with
standardized input data proving most effective. Standardization maintained key numerical
trends from input data that preserved the original lithology information and significantly
improved the accuracy of predicted shale volume (Vsn) from seismic attributes. The resulting
lithological model, derived from standardized data, demonstrated strong geological coherence
that aligns with previous studies conserning deposition direction and facies of well-developed
meander channels filled with sandstones (Rukavina et al., 2023; Speli¢ et al., 2023;
MatoSevic¢ et al., 2024). In contrast, normalized data often distorted statistical relationships
between variables, while raw data led to substantial underestimations of sandstone volumes,
potentially compromising reservoir quality assessments and resource evaluations. These results
emphasize the critical role of data standardization in ANN-supported lithological modeling and
demonstrate the potential for the use of legacy seismic data in geoenergy explorations. These
findings show the importance of selecting appropriate preprocessing techniques to achieve
reliable and geologically accurate predictions in modeling lithology distribution.

By integrating machine learning with traditional geological methods, this dissertation
demonstrated substantial improvements in predictive capabilities. The methodology proved
particularly effective in settings with relatively uniform lithological compositions — typically
two to three main lithologies distinguishable by geophysical well logs. Moreover, the proposed
approach is well-suited for geoenergy applications such as hydrocarbon and geothermal
exploration, as well as CO. storage assessments. However, in more geologically complex

settings, further methodological refinement may be required to ensure optimal accuracy.
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Objective 4

(4) Investigate the applicability of the method on 2D seismic data

Hypothesis 3

(3) It is speculated that research results will also be applicable on limited 2D seismic data,
which are far more common in regional surveys

Finally, regarding Objective 4 and Hypothesis 3, a single 2D seismic section was selected to
test the hypothesis concerning the applicability of the developed methodology to 2D seismic
data. The selection of the section was based on the ability to compare the success of the ANN
prediction. Thus, one seismic section which is partly covered by the 3D seismic volume and
one well was selected. The location of this 2D section is presented in Figure 5, along with the

modelled lithology prediction results.

i

11

Figure 5. (a) Location of the 2D seismic section used for testing the developed methodology (red straight line). (b) Modelled
lithology prediction results using raw data input. (c) Modelled lithology prediction results using normalized data input. (d)
Modelled lithology prediction results using standardized data input.

The first step involved interpreting the top and bottom surfaces of the Pannonian
interval (o and Rs7). Following this, seismic attribute extraction was performed. Twelve
seismic attributes, the same as in previous study, identified as highly effective for lithology
prediction (see Chapter 5.3), were extracted from this section. These data were processed into
three datasets: raw, normalized, and standardized. Each dataset was subsequently used as input

data for ANN predictions. Previously developed, successful neural networks were employed
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to predict the volume of shale (Vsn) for each data type. The predicted shale volume was then
categorized into three lithologies: Sandstone (<0.5), Sandstone-Shale (0.5-0.7), and Shale
(=0.7).

Next, a model was developed following the parameters outlined in Chapter 5.3, and
data from the three scenarios were upscaled. Once again, the final results proved the critical

importance of data pre-processing in lithology distribution prediction.

The raw input data led to a significant overestimation of sandstone lithology, reaching
a maximum of 100%, rendering it completely negligible for any interpretative considerations.
On the other hand, normalized data considerably underestimated the Sandstone-Shale category
(1.67%); however, the predicted distribution of Sandstone (43.36%) and Shale (64.97%)
visually corresponded to a geologically reasonable setting, with distinguishable channel
geometries. This outcome aligns well with the established geological framework (Speli¢ et al.,

2023; Paveli¢ & Kovacié, 2018, and references therein).

Standardized data, while slightly overestimating Shale, produced the most geologically
coherent results, with Sandstone (18.92%), Sandstone-Shale (19.91%), and Shale (61.17%)
distribution ratios. These findings confirm that standardization significantly enhances the

geological plausibility of predicted lithology distributions.

The developed methodology has been successfully applied to the 2D seismic section,
demonstrating its feasibility. Results indicate a promising potential for reliable lithology
distribution predictions, particularly for regional-scale studies. However, for investigations that
require significantly more precise data than presented in this research, further refinement of the
methodology will be necessary. This research demonstrates that applying ANN-supported
methods to 2D seismic data can provide satisfactory subsurface imaging for broader regional

assessments, paving the way for future advancements in subsurface characterization.
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7. CONCLUSION

This dissertation presents the development of an Al-supported methodology that integrates
artificial neural networks (ANNS) to improve subsurface characterization of the Pannonian-age
clastic interval in the Drava Basin. The primary objective was to enhance the accuracy of
geological models and mitigate economic and technical risks associated with mature basins,
which often suffer from incomplete datasets. To achieve this, the approach involve integrating
proven machine learning techniques with domain-specific geological knowledge. The research
was structured into three phases: the first phase integrated ANNs with conventional
geostatistical methods to enhance lithology prediction; the second phase developed an ANN-
supported model for predicting time-to-depth relationships, demonstrating superior
performance over traditional extrapolation techniques; and the third phase applied ANNs to
lithology distribution modeling using well log data and 3D seismic attributes.

Hypothesis 1. It is expected that the use of artificial neural networks will advance geological

characterization of the subsurface

Hypothesis 2. It is assumed that the incorporation of 3D seismic and well data will greatly

improve accuracy by removing bias in the interpretation

An Al-supported methodology integrating artificial neural networks (ANNs) with well
data and seismic attributes for subsurface characterization was developed and proven
successful for lithology distribution modeling as well as for time-to-depth conversion.

ANN models successfully improved time-to-depth relationship predictions,
incorporating stratigraphic and petrophysical parameters in situations with limited
conventional data, achieving a correlation above 0.99 and outperforming traditional methods.

Lithology distribution modeling showed that standardized input data provided the most
geologically consistent results, while raw and normalized data led to inconsistencies of model
compared to observations in wells and regional studies.

ANN-supported models proved useful beyond lithological prediction, with potential

applications in hydrocarbon exploration, geothermal assessment and CO- storage.
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Hypothesis 3. It is speculated that research results will also be applicable on limited 2D seismic

data, which are far more common in regional surveys

The methodology was successfully tested on 2D seismic data, which is of utmost
significance for large areas in NCB covered only by 2D seismic data, but this approach is
currently best suited for regional-scale analyses, i.e. level of detail of resulting model lacks
high resolution compared to 3D seismic input data.

The ANN-supported models developed within this dissertation can be readily used in
areas with similar geological settings. It should be emphasized that the main research object,
the Pannonian sedimentary sequence in Drava Basin, is characterized by the relative simplicity
of lithology distribution, so the lithology model would be best suited for analogues settings.
Apart from the geological similarities, input data will have significant influence on model
performance and other pre-processing methods may prove to be more effective for specific
input dataset.

Tailoring ANN models to specific basins to ensure adaptability across different
geological settings is expected to be needed. Future research directions should therefore aim to
make the developed models suitable for different geological conditions:

e Expanding dataset diversity to minimize bias and improve model reliability, making

more robust and generalizable predictions

e Integrating multiple Al-techniques to maximize the utilization of geological data,

i.e. enhance geological insights to refine the model predictions

e Optimizing seismic attribute selection and neural network architectures to improve

predictive accuracy for better adaptation to local specificities of research projects.

By actively improving current methods and refining modeling techniques, ANN-
supported geological modeling is on track to become an indispensable tool for subsurface
exploration and resource management. As methodologies evolve, applying Al-supported
geological modeling to various sedimentary basins will further enhance prediction accuracy
and support more informed decision-making processes in geoenergy research and resource

management.
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