
 

 

 
 

 
 

Faculty of Mining, Geology and Petroleum Engineering 
 
 
 

Ana Kamenski 
 
 
 

IMPROVEMENT OF THE DEEP-
GEOLOGICAL CHARACTERIZATION OF 

THE EASTERN PART OF THE DRAVA 
DEPRESSION – SPATIAL PREDICTION 

OF LITHOLOGICAL PROPERTIES 
BASED ON SEISMIC AND WELL DATA 

 
 
 

DISSERTATION 
 
 
 
 
 

Zagreb, 2025

  



 

 

 

 
 

 
 

Faculty of Mining, Geology and Petroleum Engineering 
 
 
 

Ana Kamenski 
 
 
 

IMPROVEMENT OF THE DEEP-
GEOLOGICAL CHARACTERIZATION OF 

THE EASTERN PART OF THE DRAVA 
DEPRESSION – SPATIAL PREDICTION 

OF LITHOLOGICAL PROPERTIES 
BASED ON SEISMIC AND WELL DATA 

 
 
 

DISSERTATION 
 
 
 
 
 

Zagreb, 2025



 

 

 

 
 
 

Rudarsko-geološko-naftni fakultet 
 
 
 

Ana Kamenski 
 
 
 

UNAPREĐENJE DUBINSKO-GEOLOŠKE 
KARAKTERIZACIJE ISTOČNE DRAVSKE 

DEPRESIJE – PROSTORNO 
PROGNOZIRANJE LITOLOŠKIH 
KARAKTERISTIKA NA TEMELJU 

SEIZMIČKIH I BUŠOTINSKIH PODATAKA 
 
 
 

DOKTORSKI RAD 
 
 
 

Mentor: 
dr. sc. Marko Cvetković, izvanredni profesor 

 
 

Zagreb, 2025



 

 

 

 
 

 

Supervisor: 

Assoc. Prof. Marko Cvetković, PhD 

University of Zagreb 

Faculty of Mining, Geology and Petroleum Engineering 

Department of Geology and Geological Engineering 

  



 

 

 

ZAHVALE 

Prvenstveno se zahvaljujem mentoru dr. sc. Marku Cvetkoviću koji me prihvatio, dao ideju i 

pomogao ju provesti u djelo i što smo uspjeli postići velike rezultate bez klasičnog financiranja 

doktorskog istraživanja. Zahvaljujem se i na svevremenskoj podršci i vjeri u dobre ishode 

tijekom cijelog ovog procesa, a najviše na beskonačnom strpljenju tijekom mog razvoja. 

Želim se posebice zahvaliti dr. sc. Ivi Kolenković Močilac, koja je srčano navijala za mene od 

samog početka, koja je odradila i dobar dio posla tijekom provedbe ovog istraživanja. Hvala 

joj na svim razgovorima koji su sezali mnogo dalje od interpretacije karotažnih dijagrama i 

geologije općenito. 

Od srca se zahvaljujem članovima Povjerenstva za ocjenu i obranu, dr. sc. Marku Špeliću,      

dr. sc. Josipi Kapuralić i dr. sc. Ivi Kolenković Močilac, čije su konstruktivne sugestije 

značajno doprinijele kvaliteti završne verzije ovog doktorata. 

Također se zahvaljujem svim recenzentima znanstvenih radova koji čine glavni sadržaj ovog 

doktorata. 

Iskreno zahvaljujem Rudarsko-geološko-naftnom fakultetu na podršci u svim mojim 

ostvarenjima tijekom studija, a posebice na dodijeljenoj Stipendiji koja je pokrila troškove 

školarine Poslijediplomskog doktorskog studija. 

Zahvaljujem svim članovima projekta GEODEP, čiji sam dio bila od samog početka. 

Zahvaljujem se Agenciji za ugljikovodike, bez čijeg dopuštenja ne bih imala pristup podacima 

na kojima se temelje svi znanstveni doprinosi stečeni tijekom ovog istraživanja. 

Veliko hvala svim kolegama s Hrvatskog geološkog instituta na podršci, a posebno dragom 

prijatelju i kolegi dr. sc. Matiji Vukovskom za sve znanstvene i životne rasprave te na 

nesebičnoj podršci u oba aspekta. Svakako se zahvaljujem i dr. sc. Tvrtku Korbaru na 

bezuvjetnom razumijevanju i slobodi u organizaciji mojih obveza na njegovim projektima i 

ukazanom povjerenju, na čemu sam iznimno zahvalna. Posebno se zahvaljujem i dr. sc. Aniti 

Grizelj na beskrajnom povjerenju i razumijevanju. Veliko hvala svim “HGI-babama” koje mi 

svaki radni dan čine ugodnijim i ljepšim. 

Od srca zahvaljujem “Malim Garavima” koje mi pružaju utjehu u svim vremenima, nose moje 

poraze i pobjede zajedno samnom, neke i većinu mog života. 

Na kraju, najviše od svega želim zahvaliti Mami, Nevenu i Javoru, koji su mi bili i ostali 

bezuvjetna podrška kad god sam ju trebala, i kad sam ju zaslužila i u trenucima kad ju nisam 

zaslužila: Hvala im što su me još u najranijim danima naučili da je ulaganje u znanje jedino 

ulaganje bez kojeg nikada ne mogu ostati. Kosti sam vječno zahvalna na bezuvjetnoj ljubavi, 

podršci i razumijevanju… 

 



Abstract 

 

I 

 

ABSTRACT 

This dissertation presents the development of an AI-supported methodology that integrates 

artificial neural networks (ANNs) 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 CO2 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 management. 
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PROŠIRENI SAŽETAK 

Ova doktorska disertacija predstavlja razvoj i vrednovanje metodologije osnovane na umjetnoj 

inteligenciji (Artificial Intelligence, AI) koja koristi umjetne neuronske mreže (Artificial 

Neural Networks, ANN) za poboljšanje geološke karakterizacije podzemlja panonskog 

stratigrafskog intervala u Dravskom bazenu. Primarni cilj istraživanja bio je unaprijediti 

preciznost i pouzdanost geoloških modela korištenjem strojnog učenja u područjima s visokim 

stupnjem istraženosti koja sadrže brojne, ali često nepotpune geološke informacije. 

Početni skup podataka obuhvaćao je četiri bušotine i 3D seizmički volumen od 36,25 

km3. Cilj ovog prostorno ograničenog skupa podataka bio je obuhvatiti velik broj karotažnih 

dijagrama, kao i seizmički volumen visoke rezolucije kako bi se osiguralo da utjecaj kvalitete 

podataka na sposobnost predviđanja bude znatno smanjen. Unutar naslaga panonske starosti 

karakterizirane su tri litologije, pješčenjaci, lapori i ugljen na podacima iz četiri bušotine. 

Podinska i krovinska granica panonskih naslaga određene su na temelju bušotinskih podataka 

te su iste interpretirane unutar seizmičkog volumena. Navedene stratigrafske granice korištene 

su za definiranje granica modela. Za unapređenje ulaznih podataka za ANN analizu izračunato 

je sljedećih 16 seizmičkih 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). 

Litološki podaci su preneseni na rezoluciju modela procesom upscale, a za ANN 

analizu izdvojeno je 800 ulaznih vrijednosti. Prosječna visina ćelija modela iznosila je 25 m, u 

skladu s vertikalnom rezolucijom seizmičkih podataka prikupljenih 1990-ih. ANN analiza 

načinjena je s ukupno 15.480 podataka, uključujući vrijednosti seizmičkih atributa. Fiksni 

parametri mreže sastojali su se od 16 neurona (16 seizmičkih atributa) u ulaznom sloju i tri 

neurona u izlaznom sloju (odgovarajući trima litološkim kategorijama). Korištene su dvije 

stohastičke metode DAANN (diferent architecture artificial neural network) i SAANN (same 

architecture artificial neural network) kako bi se procijenio utjecaj arhitekture neuronske 

mreže i distribucije vrijednosti na uspješnost predikcije. DAANN pristup koristio je različite 

arhitekture neuronskih mreža s različitim brojem neurona u skrivenom sloju i aktivacijskim 

funkcijama, dok je SAANN koristio istu arhitekturu, ali s varijacijama u razdiobi ulaznog seta 

podataka u skupu podataka za uvježbavanje, testiranje i validaciju ANN-a. Za predviđanje 
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litološkog sastava korišteno je ukupno 2.000 ANN mreža (1.000 DAANN i 1.000 SAANN), a 

odabrano je 200 najuspješnijih za daljnu predikciju (100 po svakom pristupu). ANN analiza 

proizvela je veliki broj podataka za variogramsku analizu, pri čemu se broj podataka smanjivao 

kako je rasla vjerojatnost podudaranja (P50, P75, P90). Variogramska analiza pokazala je da 

prostorna korelacija litoloških kategorija značajno varira ovisno o tipu podataka i uspješnosti 

predviđanja. Zbog dominacije pješčenjaka u P75 i P90 modelima, rezultati zahtijevaju opreznu 

interpretaciju jer veća preciznost u ovom slučaju nije značila i nužnu geološku vjerodostojnost. 

Prva faza istraživanja istaknula je izazove u razvoju metodologije za karakterizaciju 

distribucije litološkog sastava u podzemlju pomoću ANN-a, čak 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 (bušotinski 

podaci) s onima iz vremenske domene (seizmički podaci). Mnoge bušotine nemaju podatke o 

vremensko-dubinskom odnosu (Time-to-Depth Relationship, TDR), koji se obično određuje na 

temelju vertikalnog seizmičkog profiliranja (VSP) ili zvučnim karotažama. 

Kako bi se svladale opisane poteškoće, druga faza istraživanja fokusirala se na razvoj 

nove metodologije za precizniju odredbu vremensko-dubinskog odnosa podataka. Ova 

metodologija posebno je značajna za bušotine bez VSP-a ili zvučne katoraže, gdje su prethodne 

metode određivanja odnosa vrijeme-dubina (TDR) uglavnom uključivale interpolaciju između 

bušotina s i bez uspostavljenih TDR-a. Novi pristup uzima u obzir i bušotinske i seizmičke 

podatke, koristeći ANN za povećanje preciznosti i smanjenje pogrešaka uzrokovanih 

ekstrapolacijom funkcije brzina iz susjednih bušotina. Ovaj pristup pruža ekonomično i 

učinkovito rješenje za istraživanje podzemlja, nadmašujući tradicionalne metode. 

Predložena metodologija koristi ANN za predviđanje odnosa vrijeme-dubina na 

temelju interpretacije karotažnih dijagrama i stratigrafskih intervala. Na taj način rješava 

probleme povezane s definiranjem odnosa vremensko-dubinskih domena i značajno poboljšava 

točnost predviđanja, čak i za bušotine s ograničenim geofizičkim podacima. Nadalje, 

integracija ANN-a s litološkim podacima iz osnovnih karotažnih dijagrama – uključujući one 

iz starijih bušotina – omogućila je smanjenje pogrešaka, odnosno povećanje točnosti u 

uspostavljanju vremensko-dubinskih odnosa, što rezultira preciznijim modeliranjem 

podzemlja. 

Ključan čimbenik u uspješnosti primjene ANN-a bio je odabir reprezentativnog skupa 

podataka za uvježbavanje. Odabrano je 18 bušotina, od kojih je 14 korišteno za uvježbavanje 
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modela, dok su četiri bušotine korištene za testiranje uspješnosti izgrađenih neuronskih mreža. 

Testne bušotine odabrane su kako bi predstavljale različite scenarije taloženja litostratigrafskih 

jedinica (različite debljine), odnosno slučajeve s prisutnošću svih četiriju interpretiranih 

stratigrafskih intervala te slučajeve gdje su bušotine zahvatile samo prva dva intervala. 

Prilikom odabira uzet je u obzir i njihov geografski položaj u donosu na bušotine za 

uvježbavanje kako bi se omogućila procjena utjecaja udaljenosti na uspješnost predviđanja. 

Interpretacija bušotinskih podataka bila je usmjerena na izdvajanje propusnih i nepropusnih 

jedinica korištenjem osnovnih karotažnih dijagrama. Njihova interpretacija omogućila je 

definiranje vertikalne distribucije litološkog sastava, kao i odredbu triju regionalnih markera α 

(granica pliocen-miocen), Rs7 (granica srednji – kasni miocen) i PNg (podloga neogena). Na 

temelju ovih glavnih granica, za svaku bušotinu interpretirana su do četiri stratigrafska 

intervala, grupirajući naslage prema starosti, litološkom sastavu i okolišu taloženja. Ovi 

intervali definiraju četiri stratigrafske jedinice koje se međusobno razlikuju po petrofizičkim 

svojstvima, pri čemu ta svojstva variraju i s dubinom zalijeganja. Prvi interval čine slabo 

vezane naslage pliocensko-kvartarne starosti, drugi uključuje gornjomiocenske pješčenjake i 

lapore, treći obuhvaća donjomiocenske i srednjemiocenske heterogene naslage, dok četvrti 

interval uključuje starije predneogenske stijene koje čine podlogu bazenske ispune. 

Najizraženiji kontrast seizmičke brzine očekivan je na prijelazu neogena u podlogu bazena. 

ANN analiza provedena je pomoću softvera TIBCO Statistica, koristeći analizu Time 

series (regression) kako bi se osiguralo predviđanje u skladu s geološkim i geofizičkim 

načelima. Umjetne neuronske mreže višeslojno su konfigurirane (Multi-layer percepton, MLP) 

kao arhitekture s minimalno 3 i maksimalno 17 neurona u skrivenom sloju. Kako bi se izbjeglo 

pre-uvježbavanje modela, korištena je tehnika weight decay, čime se potaknula jednostavnija i 

generaliziranija mreža. Za treniranje modela korišteno je više od 27.000 slučajeva iz 14 

bušotina, a 10 najuspješnijih neuronskih mreža združeno je u jedan model za analizu. ANN 

model postigao je korelacijski koeficijent veći od 0,99 za skupove podataka korištene za 

uvježbavanje, testiranje i validaciju, s prosječnom apsolutnom pogreškom (mean absolute 

error, MAE) od oko 25 ms i korijenom srednje kvadratne pogreške (root mean square error, 

RMSE) od približno 34 ms. Uspješnost skupa mreža testirana je na četiri bušotine koje nisu 

bile uključene u predviđanje, pokazujući visoku uspješnost predviđanja. Vrednovanje točnosti 

predviđanja otkrila je da ANN pristup nadmašuje tradicionalne metode ekstrapolacije 

dvostrukog vremena putovanja vala (two way travel time, TWT-a) u više od 75% slučajeva, pri 

čemu je pet bušotina pokazalo superiorne rezultate u odnosu na ekstrapolaciju, postižući u 
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100% slučajeva najuspješnije rezultate. Testne bušotine također su pokazale visoku točnost, 

čak i u usporedbi s predviđanjima temeljenima na ekstrapolaciji iz susjednih bušotina. Analiza 

je pokazala da blizina bušotina ne jamči nužno uspješnost ekstrapolacije, naglašavajući složen 

odnos između prostorne blizine i varijabilnosti litološkog sastava. Rezultati sugeriraju da 

geološki odnosi i uvjeti u podzemlju imaju značajniju ulogu u preciznosti predviđanja nego 

sama udaljenost između bušotina. 

Iako je dokazano da umjetne neuronske mreže (ANN) mogu biti uspješno primijenjene 

za rješavanje poteškoća prilikom određivanja odnosa vrijeme-dubina, odnosno za predviđanje 

dvostrukog vremena putovanja vala (TWT) iz stratigrafskih i petrofizikalnih parametara u 

slučajevima kada konvencionalni podaci nisu dostupni, određeni izazovi i dalje su prisutni. 

Među njima se posebno ističe problem neadekvatnog skaliranja (upscale) bušotinskih zapisa. 

U trećoj fazi istraživanja primijenjeni su inovativni procesi pripreme podataka s ciljem 

poboljšanja performansi ANN modela te predviđanja raspodjele litologije korištenjem 

seizmičkih atributa. Stoga je razvijen ANN-model temeljen na analizi 3D seizmike koja 

pokriva površinu od 4365 km², s fokusom na panonske naslage. 

Ključna inovacija ove metodologije bila je uvođenje volumena šejla (Vsh) kao 

kontinuirane varijable, umjesto dosadašnjeg pristupa gdje se litološki sastav tretirao kao 

diskretna kategorijska varijabla. Vsh izračunat je na temelju karotaže spontanog potencijala 

(SP). Kako bi se optimizirali procesi uvježbavanja i predviđanja ANN modela te smanjila 

subjektivnost interpretacije, razvijena su četiri modela podzemlja s različitim brojem slojeva 

(20, 50, 100 i 200). Model s 200 slojeva, prosječne visine ćelije od 6,5 metara, pokazao se 

najuspješnijim jer je omogućio smanjenje pogrešaka precjenjivanja dominantnog litološkog 

sastava uz očuvanje geološke rezolucije i statističke vjerodostojnosti. ANN modeli uvježbani 

na podacima sa 100 ili manje slojeva pokazali su slabije performanse ili potpuni neuspjeh, što 

naglašava osjetljivost ANN modela na rezoluciju ulaznih podataka. Za treniranje ANN modela 

kreirano je 747.800 ćelija s pripadajućim seizmičkim atributima. Kao ključni ulazni parametri 

odabrano je 12 seizmičkih 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 predviđanjima, dok su sirovi 

(raw) podaci pokazali najslabije performanse. Predviđene Vsh vrijednosti podijeljene su u tri 
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litološke klase (pješčenjak, pješčenjak-lapor i lapor) te su ugrađene u litološki model. Model 

izveden iz standardiziranih podataka sadržavao je 52,17% lapora, 29,89% pješčenjaka-lapora i 

17,94% pješčenjaka, dok su modeli temeljeni na normaliziranim i sirovim podacima pokazali 

značajna odstupanja u raspodjeli litološkog sastava. 

Za testiranje hipoteze o primjenjivosti razvijene metodologije na 2D seizmičkim 

podacima odabran je jedan seizmički profil. Odabir profila temeljen je na mogućnosti procjene 

uspješnosti ANN-a prilikom predviđanja te da djelomično pokriva 3D seizmički volumen i 

jednu bušotinu. Prvi korak bila je interpretacija gornje i donje granice panona (α i Rs7). Zatim 

su izračunati seizmički atributi. Izdvojeno je 12 seizmičkih atributa koji su prethodno 

prepoznati kao visoko učinkoviti za predviđanje litološkog sastava. Podaci su obrađeni u tri 

skupa podataka: sirovi, normalizirani i standardizirani. Svaki skup podataka kasnije je korišten 

kao ulazni podatak za ANN predviđanje. Razvijene neuronske mreže korištene su za 

predviđanje volumena šejla (Vsh), koji je zatim podijeljen u tri litološke klase: pješčenjak 

(≤0,5), pješčenjak-lapor (0,5-0,7) i lapor (≥0,7). 

Konačni rezultati ponovo su pokazali ključnu važnost obrade podataka za predviđanje 

raspodjele litološkog sastava u podzemlju. Sirovi ulazni podaci doveli su do značajnog 

precjenjivanja pješčenjaka, dosegnuvši maksimalnih 100%, čineći rezultate potpuno 

neupotrebljivima za bilo kakvu interpretaciju. S druge strane, normalizirani podaci značajno 

su podcijenili kategoriju pješčenjak-lapor (1,67%), međutim, predviđena raspodjela 

pješčenjaka (43,36%) i lapora (64,97%) odgovarala je geološki očekivanim rezultatima. 

Standardizirani podaci, iako su malo precijenili lapor, proizveli su geološki najsmislenije 

rezultate, sa sljedećim raspodjelama pješčenjaka (18,92%), pješčenjaka-lapora (19,91%) i 

lapora (61,17%). Rezulati potvrđuju standardizaciju, kao alat obrade podataka, koji značajno 

poboljšava geološku vjerodostojnost dobivenu na temelju predviđanja raspodjele litološkog 

sastava podzemlja. Uz pomoć uspješnog predviđanja litološkog sastava i odnosa vrijeme-

dubina, razvijeni ANN modeli značajno doprinose karakterizaciji podzemlja u geoenergetskim 

primjenama, uključujući istraživanje ugljikovodika, geotermalne energije i skladištenje 

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 (Velić 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 & Liu, 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 AI-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 AI-

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 (Saftić et al., 2003; Velić, 2007; 

Cvetković 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; Horváth 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 (Saftić 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 (Lučić et al., 2001; Balazs et al., 2018; Rukavina et al., 2023). This transition is 

accompanied by a regional transgression (Balazs et al., 2016; Pavelić & Kovačić, 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 (Pavelić & Kovačić, 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 (Pamić, 1984; Pamić, 1998; Pamić & Jurković, 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 Matošević 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) (Saftić et al., 2003, Magyar 

et al., 2013; Sztanó et al., 2015; Matošević et al., 2024). 

 Pliocene, Pleistocene and Holocene sedimentation was influenced by neotectonic 

compression and reverse faulting (Pavelić & Kovačić, 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; Velić, 2010). Furthermore, the region shows 

promising potential for CO₂ geological storage within depleted or nearly depleted reservoirs 

and regional saline aquifers (Vulin et al., 2023; Saftić et al., 2024; Rukavina, 2021). 

 

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 (ANNs) 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 (Malvić & Cvetković, 2013). These 

data provide a robust foundation for training and validating ANN models, enabling more 

precise subsurface interpretations. Early regional studies, such as Brcković 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 (Iturrarán-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 

et al., 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. It is expected that the use of artificial neural networks 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 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 AI-supported modeling, this research 

contributes to the advancement of machine learning applications in geosciences. 
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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. 
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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 (Vsh) 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 



4. Methodological approach 

 

11 

 

(Chopra & Marfurt, 2006; Liu & Marfurt, 2006; Chopra & Marfurt, 2008; Brcković et 

al., 2017; Ker et al., 2014; Li et al., 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, 
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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; 

Brcković 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. 

 

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

1. Introduction
The subsurface of the Drava Basin in North Croatia proved

to be a rich hydrocarbon exploration area at a Pannonian
Super Basin scale (Velić 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).

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
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Fig. 1. Study area with well and seismic data displayed alongside basic surface geology adopted from the basic geological
map of the Republic of Croatia 1:300,000 (HGI-CGS, 2009).

and CO2 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 (Pamić and Lanphere, 1991;

Pamić, 1998). The second unit is characterized by Mesozoic
carbonates (Velić, 2007; Malvić and Cvetković, 2013), often
referred to as “Base Tertiary” (Velić, 2007). The third unit
includes Neogene and Quaternary sediments representing the
basin infill (Saftić et al., 2003; Malvić and Cvetković, 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 (Lučić
et al., 2001; Pavelić, 2001; Saftić et al., 2003; Pavelić and
Kovačić, 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 (Saftić et al., 2003).

A significant change in the depositional environment took
place during Middle Badenian, due to marine transgression
(Ćorić 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 (Ćorić et al., 2009). Sarmatian is marked by the
end of syn-rift extension and local compression (Saftić et
al., 2003; Pavelić and Kovačić, 2018), as well as the iso-
lation of Paratethys and accompanying salinity fluctuations
(Pavelić and Kovačić, 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 (Pavelić and
Kovačić, 2018).
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Fig. 2. Schematic representation of the workflow in which each
line color represents the sequential process steps necessary for
conducting each analysis from the provided input data.

During the Pannonian period, post-rift thermal subsidence
took place (Lučić 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 (Pavelić and Kovačić, 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 (Saftić et al., 2003; Pavelić and Ko-
vačić, 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 (Pavelić and
Kovačić, 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 (Ss/Sh)
both serve as continuous input variables. Here, Ss denotes the
cumulative thickness of permeable layers up to a certain depth,
while Sh 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 Ss and Sh 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 TWT train
(ms)

TWT test
(ms)

TWT validation
(ms) RMSE MAE RSQ

MLP 6-17-1 0.995770 0.997845 0.997878 34.008562 25.699704 0.995660

MLP 6-11-1 0.995823 0.997940 0.997967 33.426744 24.911437 0.995816

MLP 6-4-1 0.995716 0.997812 0.997829 34.364610 25.690295 0.995575

MLP 6-9-1 0.995831 0.997959 0.997937 33.399862 25.004618 0.995812

MLP 6-14-1 0.995852 0.997881 0.997911 33.568955 25.978290 0.995774

MLP 6-16-1 0.995877 0.997986 0.997982 33.111525 24.540709 0.995890

MLP 6-15-1 0.995743 0.997837 0.997848 34.237448 25.675535 0.995602

MLP 6-4-1 0.995845 0.997963 0.997971 33.256294 25.232209 0.995851

MLP 6-11-1 0.995804 0.997906 0.997895 33.734191 25.044579 0.995732

MLP 6-10-1 0.995711 0.997796 0.997811 34.499635 25.997086 0.995535
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W-1 W-2 W-3 W-4 W-5 W-6 W-7 W-8 W-9 W-10 W-11 W-12 W-13 W-14 W-15 W-16 W-17 W-18

W-1 Ev 28,150 18,083 22,485 14,645

W-2 Ev 14,795

W-3 Ev

W-4 Ev 19,522

W-5 Ev 19,831 5,717 25,198

W-6 Ev 21,224

W-7 Ev 15,721

W-8 Ev 29,034 6,968 30,812

W-9 Ev 25,926 25,626

W-10 Ev 23,403 13,657 13,295

W-11 Ev 32,537

W-12 Ev

W-13 Ev 16,844 25,237 20,781 17,565

W-14 Ev 26,633 12,562 25,130 26,403 12,724 22,346 13,342

W-15 Ev 27,666 20,022 5,576 17,939

W-16 Ev 21,558 13,599 7,545

W-17 Ev 10,676 24,590 15,633

W-18 Ev 24,567 15,476 11,825

Pv % 88,24% 58,82% 100,00% 88,24% 70,59% 82,35% 41,18% 76,47% 100,00% 88,24% 100,00% 100,00% 94,12% 100,00% 94,12% 82,35% 88,24% 82,35%

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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(a) (b)

(c)

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;
Špelić et al., 2023; Matošević 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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Pamić, J., Lanphere, M. Hercynian granites and metamorphic
rocks from the Mts. Papuk, Psunj, Krndija, and the sur-
rounding basement of the Pannonian Basin in Slavonija
(Northern Croatia, Yugoslavia). Geologija, 1991, 34(1):
81-253.

https://doi.org/10.46690/ager.2024.10.05


Kamenski, A., et al. Advances in Geo-Energy Research, 2024, 14(1): 25-33 33
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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. 

W-1 W-2 W-3 W-4 W-5 W-6 W-7  W-8 W-9 W-10 W-11  W-12  W-13 W-14 W-15  W-16 W-17 W-18 

W-1 Ev 34.5 88.9 28.2 45.0 44.7 18.1 45.2 46.5 49.6 73.1 59.7 22.5 29.5 45.9 38.2 14.6 25.3 
W-2 Ev 42.8 101.5 69.5 31.5 52.6 14.8 29.4 24.9 101.5 64.5 95.1 88.6 31.8 55.6 36.2 66.3 27.4 
W-3 Ev 55.8 45.1 73.8 31.1 52.3 47.2 37.3 27.3 43.3 35.2 111.5 64.8 45.6 37.7 62.4 65.8 44.2 

W-4 Ev 25.7 34.7 162.7 64.8 93.3 19.5 46.1 48.4 152.1 91.7 59.3 138.4 82.3 102.1 86.2 93.4 36.9 

W-5 Ev 44.8 34.0 101.1 69.3 19.8 38.7 5.7 32.5 69.2 84.4 74.9 47.9 15.0 54.5 25.2 47.1 25.4 

W-6 Ev 48.9 58.7 139.3 72.0 21.2 63.5 29.4 57.4 94.5 78.6 77.1 63.1 24.5 64.6 40.4 51.1 37.3 

W-7 Ev 83.6 15.7 246.6 116.3 74.7 114.3 36.6 25.0 212.0 210.5 101.0 170.1 97.6 174.0 74.1 142.5 53.8 

W-8 Ev 41.1 29.0 67.4 66.9 7.0 30.8 33.6 27.1 64.8 42.9 74.2 65.0 17.7 32.7 36.2 55.7 22.8 

W-9 Ev 111.9 25.9 289.5 145.3 82.5 129.9 25.6 30.0 254.7 240.2 113.3 211.9 116.9 202.8 100.0 179.8 71.6 

W-10 Ev 27.5 36.4 47.5 44.8 23.4 36.0 34.5 13.7 35.7 31.7 57.9 29.2 28.9 13.3 47.2 33.9 22.7 

W-11 Ev 48.8 63.6 32.3 55.4 38.5 35.9 66.8 34.6 60.8 32.5 73.4 60.2 58.1 34.3 75.9 59.9 50.7 

W-12 Ev 65.4 76.4 91.9 48.5 78.5 89.7 63.5 56.1 74.0 89.9 56.6 99.6 86.8 74.1 102.9 85.1 74.9 

W-13 Ev 16.8 32.0 84.7 39.7 30.2 39.4 25.2 29.5 42.8 36.3 55.3 56.9 27.9 24.6 39.7 20.8 17.6 

W-14 Ev 33.1 26.6 153.6 59.0 12.6 25.1 26.4 12.7 26.3 103.5 97.2 69.1 63.2 62.3 22.3 42.0 13.3 

W-15 Ev 34.1 27.7 54.0 47.5 20.0 39.1 31.7 5.6 25.2 17.9 34.7 72.9 25.9 32.2 50.8 36.3 27.4 

W-16 Ev 34.2 21.6 128.9 62.2 26.8 40.6 13.6 25.1 29.0 91.5 107.7 72.1 60.4 22.8 74.3 48.9 7.5 

W-17 Ev 10.7 30.0 127.0 24.6 44.5 50.9 15.6 38.2 40.2 72.1 68.3 58.8 31.9 36.3 40.4 44.4 22.6 

W-18 Ev 29.4 24.6 182.8 56.0 25.6 42.8 15.5 26.0 29.0 134.5 130.8 67.6 92.0 28.7 97.2 11.8 65.9 

Pv 19.9 29.9 15.0 35.4 24.8 31.4 30.4 16.4 20.3 34.7 28.9 51.9 24.3 10.8 15.5 26.8 26.1 20.1 
Pv% 88.24 58.8 100.0 88.24 70.59 82.35 41.18 76.47 100 88.24 100 100 94.12 100 94.12 82.35 88.24 82.35 
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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 km3. 

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 Rs7). 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 (Cvetković et al., 2018; 

Kovács 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 (ANNs) 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 ANNs 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 ANNs 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 Šimon 

(1980) as α (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-



6. Discussion 

 

109 

 

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; Špelić et al., 2023; Matošević 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 ANNs 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 km² 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 

(Matošević et al., 2023; Matošević 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 “α”). Upscaled Vsh 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 (Brcković 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. 

ANNs 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; Brcković 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 (Pavelić & Kovačić, 2018). 

 

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, e), normalized data (f, g), and raw data (h, i). 
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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 (Vsh) 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; Špelić et al., 2023; 

Matošević 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 CO₂ 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. 

 

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 (α 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 (Vsh) 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 (Špelić et al., 

2023; Pavelić & Kovačić, 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 AI-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 AI-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 CO2 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: 

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

more robust and generalizable predictions 

 Integrating multiple AI-techniques to maximize the utilization of geological data, 

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

 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 AI-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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