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The sediments are a sort of epic poem of the Earth

Rachel Carson, 1951
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Abstract

The subject of this thesis is the modeling of heterogeneity in Quaternary
aquifers and geological formations. More specifically, it seeks to integrate exist-
ing geological data into modeling procedures and find ways of automating them
as far as possible. Various lines of research are being investigated to address
these challenges. First, a literature review of facies modeling methods, charac-
terizing the heterogeneity of the subsurface, is carried out in order to gain an
overview as complete as possible of existing algorithms and methods. The aim
was also to propose a recent and up-to-date classification of these methods, to
help in the selection of a method according to the situation. Potential research
gaps in this field are also identified. Second, an approach and module is devel-
oped to tackle the challenges of the thesis. The result is the proposal of a hier-
archical, semi-automatic and stochastic approach, called ArchPy, which makes
it easy to combine geological expertise, represented in the form of a strati-
graphic pile, and various geological data. This hierarchical approach operates
in three stages: stratigraphic unit, facies and petrophysical properties. These
represent different scales of geological complexity, and enable a high degree
of heterogeneity to be achieved. In order to demonstrate ArchPy’s usefulness,
it is then applied to different geological sites and improved at several points
depending on the situation. However, ArchPy faces some issues that limits its
automation. In particular, the difficulty associated with the construction of the
stratigraphic pile led to the proposition of a new algorithm to automatically
determine the stratigraphic pile based on borehole records. A method is also
proposed to solve the recurrent problem of missing stratigraphic information in
drilling data. Once ArchPy approach is set up, it is necessary to refine its sec-
ond step - facies modeling - which is particularly to accurately model depending
on the geological context. To this aim, a novel facies modeling methods, called
EROSim, to better represent sedimentary structures is proposed. This method
is distinctive because it employs surfaces to represent various geological events
that can impact the heterogeneity of a sedimentary formation. The presented
tools and methods showcase the advantages and usefulness of stochastic, auto-
mated, and open-access methods for geological modeling. Specifically, ArchPy
establishes the groundwork for a stochastic geological modeling toolbox with a
broad range of applications, including the creation of intricate geological models
or coupling in inversion processes. This thesis contributes to the development
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of geological modeling, which is becoming more accessible and available to the
geoscientific community and beyond.

Keywords

uncertainty; geological modeling; geostatistics; Quaternary modeling, auto-
mated workflow, data integration, open science



Résumé

Cette thése a pour sujet d’étude la modélisation de 'hétérogénéité des aquiféres
et formations géologiques du Quaternaire. Plus particuliérement, elle cherche
& intégrer au mieux les données géologiques existantes au sein des procédures
de modélisation et a trouver des fagons de les automatiser au maximum. Dif-
férents axes de recherches sont investigués afin de répondre a ces probléma-
tiques. Dans un premier temps, une revue littéraire des méthodes de modélisa-
tion de faciés, caractérisant largement I’hétérogénéité du sous-sol, est réalisée
afin d’avoir une vue aussi compléte que possible sur les algorithmes et méth-
odes existantes. Le but était aussi de proposer une classification récente et
actualisée de ces méthodes dans le but d’aider a la sélection d’une méthode
en fonction des situations. Les potentielles lacunes en matiére de recherche
dans ce domaine sont également identifiées. A la suite de cela, une propo-
sition d’une approche hiérarchique, semi-automatique et stochastique, appelée
ArchPy est proposée. Elle permet de facilement combiner I’expertise géologique,
représentée sous la forme d’une pile stratigraphique, et les différentes données
géologiques. Cette approche hiérarchique opére en trois étapes: unité strati-
graphique, faciés et propriétés pétrophysiques. Elles représentent différentes
échelles de complexité géologique et permettent d’atteindre une grande com-
plexité en terme d’hétérogénéité. ArchPy a ensuite été utilisé sur différents
sites géologiques afin de démontrer ses capacités de modélisation. Cependant,
ArchPy est confronté a certains problémes qui limitent son automatisation.
En particulier, la difficulté associée a la construction de la pile stratigraphique
a conduit a la proposition d’un nouvel algorithme pour déterminer automa-
tiquement la pile stratigraphique sur la base des données lithologiques des
forages. Une méthode est également proposée afin de résoudre le probléme
récurrent des informations stratigraphiques manquantes dans les données de
forages. Une fois 'approche ArchPy mise en place, il est nécessaire d’affiner sa
deuxiéme étape - la modélisation des faciés - qui est particuliérement délicate a
modéliser en fonction du contexte géologique. Dans ce but, une nouvelle méth-
ode de modélisation des faciés, appelée EROSim, permet de mieux représenter
les structures sédimentaires. Cette méthode a la particularité qu’elle utilise des
surfaces pour représenter les différents événements géologiques pouvant affecter
I’hétérogénéité d’une formation sédimentaire. Les outils et méthodes présentées
montrent I'intérét et le bénéfice des méthodes stochastiques, automatisées et en
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acceés libre pour la modélisation géologique. ArchPy pose notamment les bases
d’une boite & outils de modélisation géologique stochastique ayant un large
panel d’utilisations, tel que la réalisation de modéles géologiques complexes
ou le couplage dans des processus d’inversion. Cette thése participe ainsi au
développement d’une modélisation géologique devenant de plus en plus acces-
sible et libre d’accés, pour le bien commun de la communauté géoscientifique,

et au-dela.

Mots-clés

incertitude ; modélisation géologique ; géostatistique ; modélisation du Quater-
naire, automatisation, intégration de données; science ouverte
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Introduction



2 Chapter 1: Introduction

1.1 Context and problematic

The geology of Switzerland is rich and varied. Many different geological forma-
tions and units have been conscientiously described and mapped over the last
centuries. However, of all the types of rock that cover Switzerland, the great
majority of the population is concentrated on a very specific and restricted
geological unit, Quaternary. Quaternary deposits, which have been deposited
in the past 2.58 million years, cover a large portion of geological deposits in
Switzerland (Fig. 1.1). This geological period is marked by repetitive glacial
cycles, which, in combination with alluvial and lacustrine processes, have led
to complex, diverse and intertwined sedimentary deposits. A notable charac-
teristic of Quaternary deposits is their unconsolidated nature, comprising a
spectrum of granulometric classes ranging from clays to boulders. Consequently,
these deposits exhibit pronounced heterogeneity, which poses challenges in their
characterization and interaction. Despite these complexities, Quaternary for-
mations play an essential role in Swiss society, serving as primary groundwater
reservoirs, geothermal energy sources, and repository of construction materials,
such as gravel and sand. In addition, they serve as important sites for civil en-
gineering projects, including tunnels, building foundations, and nuclear waste
repositories. Furthermore, the flat terrain associated with Quaternary deposits
provides favorable conditions for agricultural activities and building construc-
tion. In particular, substantial underground utilization 90% in Switzerland is
concentrated within Quaternary and unconsolidated deposits (Volken et al.
2016).

Quaternary Deposits
in Switzerland

Figure 1.1: Location in red of the Quaternary deposits in Switzerland, modified
from Volken et al. 2016.
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For these reasons, it is important to correctly characterize the heterogeneity
of the subsurface. This makes it easier to plan the dimensions of underground
structures, to react to accidental pollution events and to reduce or even avoid
accidents (e.g. collapses, internal erosion, etc.) which can occur more easily
within unconsolidated deposits. To achieve this, geological and hydrogeological
models must be developed, integrating diverse datasets to accurately represent
the geological and hydrogeological conditions of an area. The aim of the geolog-
ical model is to give a representation of the subsurface physical properties that
then serve as input for the hydrogeological model. The groundwater model is
then used to reproduce the complex hydrodynamics of the underground relying
on physical equations and boundary conditions that represent the state of the
problem to be solved. Several different variables can be simulated (water level,
chemical species, heat, etc.) depending on the problem. Once a model has been
built and calibrated, it can be used to test different scenarios and simulate
what can be expected in reality. Notably, it can be used to make predictions
according to the evolution of certain parameters, such as climate or anthro-
pogenic activity, which is particularly useful in the context of climate change.
Nevertheless, constructing reliable models is intricate and requires a compre-
hensive understanding of the involved processes and geological-hydrogeological
contexts. Moreover, ensuring data quantity and quality is essential to model
realism and to account for local and regional characteristics.

However, data collection is often undertaken by a large number of different
actors (companies, local authorities, and individuals), on decadal time scales,
which makes it very difficult to have standardized and homogenized data that
can be easily and automatically integrated into modeling workflows. In this
spirit, the Swiss Geological Survey (Swisstopo) launched the GeoQuat project
a few years ago, to collect, harmonize, and centralize existing Quaternary data,
as well as build 3D geological models. For this project, several pilot sites were
selected to demonstrate the advantages and benefits of the approach: Lucerne
Lake, Rhone Valley (Visp), Birrfeld area, and Upper Aare Valley. These four
areas contain Quaternary valleys that have been shaped by glaciers and filled
with Quaternary deposits. However, modeling of these areas has shown limita-
tions in terms of quality, respect for the geological context and sedimentological
rules, and the tools available for producing models of this scale. All this makes
geological modeling difficult, complicated, slow, and difficult to reproduce in
other locations. Furthermore, stochastic approaches (multiple different models)
are often neglected compared to deterministic approaches (one unique model),
which means that uncertainty is not considered in the final models. These un-
certainties are then ignored and do not affect flow and transport models, which
can have important consequences in terms of water resource management and
remediation. It is therefore clear that there is a lack of research into the cre-
ation of stochastic Quaternary geological models integrating several different
types of data at the same time and doing so in an automatic and reproducible
way.
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1.2 Current methods and limitations

The standard hydrogeological modeling approach is decomposed into several
steps that are generally done separately. It begins with data collection (ge-
ological, geophysical, hydrogeological, etc.) and drawing up a geological and
hydrogeological conceptual model of the area (conceptual step). If available,
geophysical data are analyzed and inverted (geophysical inversion step). They
are used in combination with geological data to construct a geological model
with the desired modeling approach (geological modeling step). A groundwa-
ter model is then constructed and calibrated, based on the geological model
and conceptual model, and finally used to make predictions (hydrogeological
modeling step). Each step of this workflow involves an important amount of
manual work that is operated using different tools and software, generally pro-
prietary and expensive. Moreover, it is generally not possible to interface easily
these software, making it difficult to have a completely integrated and holis-
tic workflow where each step can be influenced by the others. In the standard
approach, once the geophysical inversion has been done, it is not touched any-
more, and so is the interpreted geological model. It is then very likely that errors
and inconsistencies can arise between each model. The classical example is the
groundwater model that has been calibrated on hydrogeological data (e.g. dis-
charge measurements, hydraulic heads), does not respect the geophysical data.
Additionally, the final models are not geologically realistic, although they are
based on geological models. There is hence a lack of openly accessible tools and
software that would leverage the development of more integrated approaches
that can easily integrate different kinds of data while preserving geologically
realistic models.

Each of the aforementioned steps is important, but the geological modeling step
is of particular importance. The problem is not as clear-cut as for a hydrogeo-
logical or geophysical model. The physical processes behind a geological site are
poorly and incompletely understood. It is therefore difficult to use physically-
based methods that can consider all the geological processes (hydrodynamics,
sediment erosion and transport, diagenesis, crystallization, tectonics, geody-
namics, dissolution, etc.) directly to geological modeling. Therefore, alterna-
tive approaches have been used throughout the history of geological modeling,
mainly based on interpolation methods (e.g., Matheron 1963; Journel et al.
1990; Pyrcz et al. 2014; Wellmann et al. 2018). They seek to determine sta-
tistically at any point in a simulation domain the geology, mainly based on
geological data (e.g. boreholes, dips). In addition, geological processes act on
different spatial scales, leading to heterogeneity that can be characterized hi-
erarchically. For this reason, the traditional approach to geological modeling
is actually hierarchical and consists of three steps (Pyrcz et al. 2014): strati-
graphical unit model, facies model, and petrophysical (or property) model, as
illustrated in Figure 1.2.
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Figure 1.2: Hierarchical geological modeling principle. Unit and facies models are
categorical fields and property model is a continuous model.

The purpose of the unit model is to delineate stratigraphic units, which rep-
resent different geological time periods, with generally different geological set-
tings. The units are then filled with facies, or lithologies, to build the facies
model. Facies models reproduce the internal heterogeneity of a particular unit
which is assumed to be determined by the spatial distribution of facies (e.g.
gravel, sand, clay, silt). Finally, the petrophysical models are obtained by sim-
ulating or attributing continuous values inside the previously obtained facies.
With this approach, complex and heterogeneous models can be obtained. How-
ever, some limitations and issues restrain the applicability of this approach.
First, there is currently a lack of free and open-source software that can per-
form all these steps in a reproducible, stochastic way, while allowing great
flexibility in the choice of methods employed at each stage. Second, existing
software do not allow for simulating units hierarchy which is a common con-
cept in sedimentology where units contain subunits which themselves contain
subsubunits and so on. Failure to take this hierarchy into account can make it
difficult to simulate certain simple geological situations (Zuffetti et al. 2020).
Third, facies modeling can be undertaken using a number of different methods,
but due to the lack of systematic comparative studies, it is not always easy to
choose the most appropriate one. It is also not uncommon to be unaware of the
existence of certain methods. Finally, the integration of geological and expert
knowledge in the modeling process remains difficult. Therefore, there is a lack
of open tools and integrative solutions, as well as general and precise guidelines
for all the steps in stochastic geological modeling.
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1.3 The PheniX project

To address existing limitations in the geological and hydrogeological modeling
of Quaternary formations, the PheniX project was started in 2019. It has been
funded by the Swiss National Foundation (SNF) and this thesis has been partly
done in the framework of this project. Engaging various stakeholders from the
private sector, public authorities, and academic institutions, the project aimed
to rethink methodologies and philosophies around groundwater and geological
modeling. Aligned with its objectives, the SNF-funded PheniX project aims
to develop a comprehensive suite of tools aimed at assessing uncertainty and
integrating data in groundwater modeling, with a specific emphasis on Quater-
nary aquifers, the main and widely used groundwater reservoirs. The project
is decomposed into four pivotal tasks (Fig. 1.3): data acquisition and model
benchmarking on synthetic and real data, the development of new random
function models (notably substition random function models Lantuéjoul 2001;
Straubhaar et al. 2024), automated creation of consistent geological models, and
finally the integration of data through joint inverse conditioning techniques.

The PheniX project aimed to improve the understanding and modeling of Qua-
ternary aquifers by combining advanced geostatistical and inverse methodolo-
gies with extensive data acquisition efforts. The idea was to enhance the reliabil-
ity and applicability of groundwater assessments within these critical geological
settings. To validate the methodologies and tools developed within the project
framework, a test site has been selected. The Upper Aare Valley was chosen be-
cause a large amount of geological data had already been harmonized as part of
the Geoquat project. The Upper Aare Valley is an alpine glacial valley located
between the cities of Bern and Thun. The interplay of Quaternary processes has
led to an intricate geology and complex heterogeneity. From a hydrogeological
perspective, there are two aquifers: an upper aquifer, which is between 5 and
50 meters thick and is extensively used by local communities, industry, and
the private sector, and a lower aquifer, whose extent and geometry are largely
unknown. The subsurface of this region is therefore very important both for the
protection and sustainability of existing resources (upper aquifer) and for the
discovery and characterization of potential new resources (e.g. lower aquifer).

The project involved two PhD students, Alexis Neven and Ludovic Schorpp,
as well as the collaboration of many other Masters and PhD students. The
aim of the Alexis’s thesis was to gather an important geophysical data set
over the whole study area, as well as to develop new methodologies to invert
and integrate both geophysical and groundwater data into consistent geological
models. In particular, he used some of the tools and algorithms developed in
this study, showing the first concrete applications of the present thesis. He
was able to demonstrate various semiautomatic methodologies for assimilating
geophysical, geological, and hydrogeological data, requiring little additional
effort for each new data acquisition (Neven et al. 2022a,b, 2023).
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Phenix project

Figure 1.3: Owerall structure of the PheniX project, decomposed into four tasks.

1.4 Thesis objectives and structure

The purpose of this thesis is to develop new tools and algorithms to facilitate
the integration of geological data and knowledge into the modeling process.
A particular focus is to make geological modeling more automatic and easily
reproducible, to facilitate its application to different cases. To this end, in this
thesis several aspects of Quaternary geological modeling are carried out. They
are represented by 8 chapters, including the present introduction.

Chapter 2: This thesis begins with an overview chapter which presents and
discusses the existing facies modeling methods and how they can be used more
effectively. It is planned to adapt this chapter in the future to propose it as a
review article.

Chapter 8: This chapter is the center of the thesis and presents a novel method-
ology and tool to setup hierarchical models, the ArchPy approach. All other
chapters deal with parts or particularities of this approach to make it more effec-
tive. This chapter has been published in Frontiers and Earth sciences (Schorpp
et al. 2022).

Chapter 4: In this chapter, an algorithm is presented to automatically recon-
struct the unit orders in the stratigraphic pile, the main concept of ArchPy,
solely based on borehole data. It is also shown how the algorithm can be used
to find errors in the data and to help refine the geological concept.
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Chapter 5: This chapter presents a concrete application of ArchPy and the
automatic pile tool to model the stratigraphical units of the Rhine Valley. Other
important aspects are also addressed, such as the choice of a hypothetical best
single model from a set of stochastic realizations.

Chapter 6: This chapter covers a machine learning method to automatically de-
termine the stratigraphical unit of boreholes, based on lithological description.
To illustrate the methodology, a geological model of the Upper Aare Valley is
also constructed using ArchPy.

Chapter 7: This thesis concludes with a chapter that introduces a new facies
modeling method, EROSim, which uses surfaces as a means of better char-
acterizing and modeling the structures and patterns that can be observed in
glaciofluvial deposits.

And finally, the main contributions of the present work and potential perspec-
tives on the future of Quaternary modeling are given in Chapter 8.



Chapter 2

Subsurface heterogeneity with
facies modeling: methods,
applications and perspectives
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Abstract

The subsurface serves as a critical arena for various anthropogenic activities and
incidents, encompassing endeavors such as drinking water collection, geotechni-
cal structures, geothermal installations, and management of contaminant pollu-
tions. To effectively investigate and dimension such facilities, physical forward
models are indispensable, necessitating a thorough consideration of the sub-
surface’s heterogeneous nature, strongly linked to its sedimentological context.
Over the past four decades, significant strides have been made in geostatistics
and numerical facies modeling to capture this heterogeneity. However, the range
of available methods, ranging from simplistic nearest neighbor approaches to
highly complex, physically-based sediment transport models, often represents
a major challenge for practitioners. The selection of appropriate methods is of
paramount importance, as each produces distinct results and requires different
data, conceptualizations, and parameterizations. In response to this challenge,
this research offers an exhaustive overview and classification of over fifteen di-
verse methodologies. Each method is accompanied by a historical background,
detailed description, and assessment across multiple criteria such as condition-
ing, realism, and grid-free capabilities. Advantages and disadvantages are pre-
sented and compared, providing invaluable insights and decision-making tools
for modelers. Finally, a list of guidelines and recommendations are proposed,
as well as a list of potential research gaps that should be filled to help the
discipline move towards better modeling practices and make it more accessible
to a wider audience.

2.1 Introduction

Subsurface heterogeneity of hydraulic parameters and transport properties (hy-
draulic conductivity, porosity, dispersivity) is one of the main sources of uncer-
tainty when it comes to solving groundwater flow and transport problems, with
large implications and consequences if not adequately estimated (De Marsily et
al. 2005; Anderson et al. 2015). While it is tempting to consider an equivalent
homogeneous medium following the Occham razor principle, this approach is
quite limited and it does not reflect the reality, as the underground is hetero-
geneous whether we like it or not (De Marsily et al. 2005).

The manifestation of subsurface heterogeneity can vary considerably. Sedimen-
tological processes involve a multitude of factors, including water, air, and
ice, driven by forces such as gravity, earth rotation, and tectonics. These pro-
cesses erode existing rocks and transport the resulting sediments to various
environments. Consequently, the interplay of these complex processes results
in deposits comprising a wide range of sediments, varying in origin and grain
size. These sediment variations, in turn, significantly influence the physical
properties of the underground.
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In the first place, continuous, but heterogeneous, stochastic models were de-
veloped to represent heterogeneity, assuming that the parameters were log-
normally distributed using the convenient mathematical framework of Gaus-
sian Random Fields (Matheron 1963, GRF). Example of applications of these
GRFs has since been numerous and continues until recently (e.g., Dagan 1989;
Geng et al. 2020; Severino et al. 2024). However, such models produce images
of the subsurface that do not make much sense, geologically speaking. It has
long been recognized that the distribution of heterogeneity in the subsurface
was not smooth, nor Gaussian, and to correctly capture it, abrupt and discrete
facies models were preferred, particularly when high contrasts are present (De
Marsily et al. 1998; Journel et al. 1998; De Marsily et al. 2005). Indeed, it
has been demonstrated that the spatial distribution of facies in the subsurface
has a great impact on flow simulations, but especially on transport simulations
(e.g., Gomez-Hernandez et al. (1998), Comunian et al. (2011b), and Bennett
et al. (2017)). For this reason, the concept of hydrofacies, which relates to the
groundwater properties of the facies, is critical (Anderson 1989; Klingbeil et al.
1999). To this task, facies models are well dedicated, as they integer geological
data and knowledge in order to improve our understanding of the subsurface
heterogeneity.

One common approach to model heterogeneity is to use hierarchical models.
Three levels of hierarchy are generally considered: the stratigraphical unit level,
the facies level, and the property level (Pyrcz et al. 2014; Ringrose et al. 2016).
The first level represents the domain of large and extensive stratigraphic units
distinguished by their sedimentological age, such as the Holocene unit or the
late Pleistocene unit. This unit model can be refined by considering sublevels
of hierarchy, assuming that units comprise subunits (Zuffetti et al. 2020). The
second level aims to capture heterogeneity at a finer scale through facies mod-
els. These models seek to simulate the distribution of lithofacies or hydrofacies
within each previously simulated unit. The method of defining facies may vary
between units depending on the geological context and/or available data. Ad-
ditionally, further hierarchical levels can be incorporated at this stage, where
smaller-scale facies are simulated within larger-scale ones (e.g., Bennett et al.
2019). Finally, the last step involves populating the facies models with contin-
uous values to replicate fine-scale heterogeneity within the facies.

Obviously, the higher up we go in the hierarchy, the greater the impact on
final heterogeneity, indicating that unit models hold significant importance.
However, it is worth noting that unit models are generally better constrained
and more thoroughly understood compared to facies models. This is because
units can be delineated by surfaces that span the entire simulation domain,
resulting in a strong spatial correlation of the units. Consequently, the second
level, the facies model, assumes primary importance. Heterogeneity is predom-
inantly governed by facies (lithologies); yet, the associated uncertainties are
considerable, underscoring the critical nature of selecting an appropriate facies
model.
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There are a large number of facies methods and classifying them is not a
straightforward task. Several authors (e.g., Koltermann et al. 1996; Falivene
et al. 2007b; Pyrcz et al. 2014, 2015) have proposed different classifications,
but for some methods, the class boundaries are quite blurred, easily falling
into two or more classes. In reality, these methods can be defined using dif-
ferent criteria: numerical nature of the facies (pixel, patch, object, surface,
etc.), grid-dependent or grid-free, Gaussian or not, deterministic vs. stochas-
tic, conditionability (ability to respect field data, hard or soft), training-image
based, geological realism, or even applicability (can the method be generalized
to different depositional environments?). Note that these criteria are not ex-
haustive and that the list could be extended significantly without difficulty. All
the methods presented here perform differently on these different criteria, mak-
ing rigorous classification difficult, if not impossible. This begs the question:
what is the objective of classifying the methods? The answer to this question
is that classification, though imperfect, remains essential for several reasons:
(1) it is easier to draw parallels and correspondences between methods with
similar characteristics; (2) grouping a set of similar methods under the same
name is very practical and makes it easier for users to understand each other;
(3) to prevent the use of several different names to refer to methods that are
ultimately very similar, if not identical. But for such a classification to work
and be effective, it needs to be adopted by all people who use these methods.
However, this has not always been the case, and the methods presented here
have had different names throughout their history and use.

Ultimately, each method has its advantages and disadvantages, and their uses
depend on the context (objectives, prior knowledge of the site, available data,
etc.). Hence, the aims of this paper are multiples: presenting the state of the art
in terms of facies modeling; proposing a classification of the methods with their
current limitations and possible improvements; identifying possible research
gaps and guide future researches; to help any geoscientist, depending on her or
his situation (level of geological knowledge, geostatistical background, number
and quality of data, etc.), to choose an appropriate facies modeling method and
finally to give insights about the applications and limitations of such methods.
To help in this task, a summary of all the methods and their advantages and
limitations, as well as classifications based on different criteria are proposed in
the section of the perspectives for facies modeling.

Many reviews have already been published on the modeling of subsurface het-
erogeneity (Koltermann et al. 1996; De Marsily et al. 1998; De Marsily et al.
2005; Falivene et al. 2007a; Pyrcz et al. 2014). However, they do not cover the
most recent developments. Consequently, there is a significant gap in the lit-
erature regarding a comprehensive overview of contemporary facies modeling
techniques, which we aim to fill in this review paper. Given the complexity of
the task and the multitude of existing methods to model geological heterogene-
ity, our overview will be specifically focused on facies modeling techniques. We
will not address the modeling of continuous values or inverse and optimization
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methods, which are also pertinent to facies modeling. We also focus on sedi-
mentary environments, as heterogeneity holds particular importance in porous
environments. However, it should be noted that the methodologies discussed
herein can also be applied in other geological settings, such as fracture, volcanic
or karst environments.

The chapter is organized as follows: section 2 defines the terminology and in-
troduces briefly common geostatistical concepts and how facies can be nu-
merically represented. Sections 3 to 9 present and detail the existing facies
modeling methods by category. In the footsteps of Falivene et al. (2007a) and
Pyrcz et al. (2014), we recognize the following major categories: deterministic,
variogram-based, multiple-point statistics (MPS), object-based, and process-
based. To these, we also propose to add the deformation-based and machine
learning-based methods. Section 10 propose a synthesis and a classification of
all the presented methods. Section 11 discuss the potential perspectives for the
future of facies modeling and section 12 concludes this overview.

2.2 Definitions

Before describing the methods, it is necessary to define certain terms and pro-
vide some basic definitions.

2.2.1 Terminology
Facies

In geology, the term "facies" is used to define a geological deposit according to
its deposition environment and sedimentological setting. For example, a rock
described as a beach facies indicates that it has been deposited in a tidal envi-
ronment submitted to the related processes (e.g., tides, longshore drift, storms).
There is a sedimentological logic behind this term, which is very convenient,
as it becomes possible to determine a part of the geological properties of the
deposits (lithologies and their spatial structures) based on their facies name.

However, in a broader sense, ’facies’ can also refer to deposits of similar lithol-
ogy, known as ’lithofacies’, or deposits with similar fossil assemblages, known
as 'biofacies’. Additionally, ’facies’ can be used to describe deposits with sim-
ilar hydraulic properties, such as hydraulic conductivity and porosity, which
are referred to as "hydrofacies’ (Anderson 1989). It is important to note that
the distinction between lithofacies and hydrofacies is critical. Although links
can be made between lithofacies and hydrofacies, it is important to recognize
that the connection is not always straightforward, especially due to diagenesis
(Slatt et al. 1990). Diagenetic processes such as cementation or compaction
can alter the physical properties of lithofacies. As a result, lithofacies that are
traditionally classified as permeable (e.g., sand) may be classified as imperme-
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able when considered as hydrofacies. The decision to model either lithofacies
or hydrofacies can then be critical and depends on the objectives and problems
to be solved, but also on the sedimentological processes.

In final, the goal is to categorize geological deposits with similar characteristics
under the same facies names, based on the interests of the geologist and what is
deemed similar (Koltermann et al. 1996). The similarity between geological fea-
tures is mainly a consequence of the scale. At the basin level (~ 100-10°000 m),
heterogeneity is expressed through geological strata, tectonism, and regional
trends in lithologies (Koltermann et al. 1996). On the valley scale (~ 1-100
m), heterogeneity is characterized mainly by channels, point bars, and other
architectural elements (Miall 2013). On a smaller scale, features such as flow
regime features (~ 0.01-1 m) are represented by various geological formations
such as ripples, cross-bedding, and lamination.

In the end, we propose to consider all these facies concepts under the simple
term ’facies’ for the remainder of this study. The reason for this is to maintain
generality. A wide variety of methods have been developed to model facies,
and some of them can be adapted to several different scales and geological
settings, while others are only designed to model specific situations. The goal
is to present the list of algorithms to model geological features that are similar
(i.e., to make spatial categorical models). The methods are general, while the
definition of similarities is context dependent.

Facies model

The term, facies model, can describe two different things depending on the
context and must not be confused.

For sedimentologists, a facies model is a simplified and conceptual description of
a particular sedimentological record and environment (Miall 2013). Such models
elucidate the depositional setting, facies associations, and aim to extract the
general features while omitting local sedimentological variations. The aim is to
have a kind of general template to interpret similar sedimentological deposits.
A classical facies model is the sequence of Bouma (1962) which describes the
typical sedimentological sequence of turbidites. However, it is important to note
that not all turbidites will exhibit this sequence because of various factors such
as the content of sand and mud, the local bathymetry, etc. Rather, it serves as
a guiding framework for interpretation under standard conditions.

But it can also mean a numerical facies model. These are digital representa-
tions of the spatial distribution of the facies and serve other purposes than
conceptual facies models. Generally, they serve to feed physical forward models
such as groundwater, geophysical, or geotechnical models. Because the facies
represent part of the underground that are "similar", it means that petrophys-
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ical properties that are intrinsic are likely to be close within the same facies.
As such, numerical facies models manifest as categorical fields assigning each
cell of a simulation domain to a specific facies. They constitute the subject of
the present study.

Conditioning data

In most practical situations, facies models need to respect certain kind of field
observations or data. These data are named conditioning data. We recognize
two types: hard and soft conditioning data.

Hard data consist of direct observations of subsurface facies and can be seen as
a kind of peephole to the truth that is the immensity of the underground het-
erogeneity. These data points, such as those obtained from wells, are generally
considered unquestionable and must be honored.

Soft data is a more ambiguous term as it can indicate any type of data that
is not hard data. But generally, soft data means data that are related to the
variable of interest but are not the variable in itself. In case of a facies, these in-
clude indirect measurements such as some geophysical data (seismic reflection,
electromagnetic, gravity, etc.) and direct measurements (other than facies) such
as groundwater levels, geophysical logs, chemical composition, etc. Soft data
can also mean interpreted data (derived from previous measurements) such as
facies proportions maps and curves or even geological knowledge of the area
(geometries of facies bodies, orientations, etc.). Soft information can be used
to constrain facies models to some extent, depending on the methods utilized.

Not all facies methods are equal when it comes to using data. While some can
easily integrate hard and soft data, others may face challenges. Moreover, soft
data itself is not equal. Some methods can easily incorporate geometry and
orientation information while maintaining control over local facies proportions.
Conversely, some methods do not provide these capabilities.

The conditioning data are important in facies modeling because they tend to
control which methods are used, since it is generally desirable to obtain models
that respect the data as closely as possible.

Ezxpert and geological knowledge

Geological knowledge, mentioned in the previous definition, refers to an ex-
pert’s knowledge of a geological site. Depending on the situation, the amount
and type of this knowledge can be extremely different, ranging from general
elements, such as the sedimentological context, to more precise elements such
as a preferential direction of anisotropy or the size and shape of certain geolog-
ical features. It is how the geologist and modeler imagine a certain geological
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site and can be viewed as a kind of mental image of the geology. It is often
the result of a combination of factors that influence the geologist’s thinking.
Such as previous knowledge of other sites analogous to the one being studied,
the analysis of old data from similar sites, the education, and experience of the
geologist. All factors that can influence the geological knowledge of a geologist
of a particular area.

Geological knowledge is essential in facies modeling, as it is the base to fill
gap between data. For example, knowing that we are in a fluvial environment
already enables us to make choices about the methods we will use, the geome-
tries and processes we are trying to reproduce (channel shapes, flood plains,
meander migration, etc.).

2.2.2 Facies representation methods

This subsection details the different numerical methods that can be used to
represent facies. Facies are categorical values and cannot be interpolated or
modeled simply with the existing methods for continuous variables. Therefore,
several approaches have been developed to circumvent this issue. Actually, four
different approaches exist: indicator approach, truncated approach, tessellation
of the domain, and facies proportions. The first three are the most common
and seek to create a categorical field of a modeling domain, while the last one
is continuous and seek to predict in each location the facies proportions. These
approaches are now briefly presented.

Indicator functions

In this approach, categorical values and therefore facies are represented using an
indicator function (Journel 1983b; Journel et al. 1990). One indicator function
I;(z) is defined for each facies i. It takes the value I;(z) = 1 if facies i is present
at location x in the simulation domain, and it takes the value 0 otherwise.
To represent n facies, the method considers n indicator functions that are
correlated since only one can be equal to 1 at a certain location and all the
others are equal to zero. Following this principle, there are different techniques
to predict the value of the indicator functions in the domain and simulate
them. In many geostatistical approaches designed to simulated categories, the
indicator is not forecast directly but, instead, the probability P[I;(X) = 1] of
the indicator function being equal to one (probability of observing the facies
i) is the quantity that is estimated (Alabert 1989; Fogg et al. 1998; Strebelle
2002; Allard et al. 2021). The same approach is used in Machine Learning
approaches (Breiman 2001). Note, however, that some methods simulate the
indicator directly and bypass the probability calculation such as the Direct
Sampling MPS method (Mariethoz et al. 2010a) for example or Generative
Adversarial neural Networks (Laloy et al. 2018).
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Truncation of a continuous field
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Figure 2.1: One-dimensional principle of truncation to genmerate categorical vari-
able from a continuous variable. Modified from Pyrcz et al. (2014). Note that here
thresholds are constant through space (straight lines).

This approach proposes transforming one (or more) continuous latent field(s)
into a categorical field by truncating it with one or several thresholds. The
application of these thresholds separates the continuous variable in different
regions, each corresponding to one category. This method has been introduced
by Matheron et al. (1987) in spatial statistics for geological applications and
called the truncated Gaussian method (Galli et al. 1994; Mariethoz et al. 2009;
Armstrong et al. 2011) and a similar idea was introduced by Osher et al. (1988)
in physics and called the level-set method (Osher et al. 1988; Allaire et al. 2002;
Dervieux et al. 2006; Cardiff et al. 2009). The ways to construct the underlying
continuous field(s) differ in these approaches, but the principle is always the
same: truncating the continuous values. Figure 2.1, shows an example of the
truncation of a continuous variable. The two thresholds are represented by the
horizontal lines. When the continuous values are above 71 and below 75, the
category, or attributed facies, is the orange one (mix of sand and gravel). When
the continuous value is lower than 71, the facies is sand, and when it is above
7o the facies is gravel. The choice of the thresholds is generally made with the
aim of respecting the proportions of each facies, depending on the distribution
of the latent variables, often considered as normally distributed (Falivene et
al. 2007b; Armstrong et al. 2011). Thresholds can vary spatially to take into
account varying proportions, both horizontally and vertically (Beucher et al.
2016).
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Tessellation of the domain

This approach aims to define regions in the modeling domain to delineate the
facies boundaries. This can be done using many different techniques. One can
for example model the spatial boundaries between the facies as surfaces in 3D
or lines in 2D. The boundaries can have specific geological constrained geome-
tries or they can simply be defined to split the domain into regions that are
the closest to certain observations (nearest neighbor). Another method, often
employed since the early work on boolean simulations (Haldorsen et al. 1984;
Begg et al. 1985), is to use numerical objects with a predefined geometry and
place these objects in the domain. The boundaries between objects define the
tessellation of the domain. The objects often have a geological significance (e.g.,
meanders, lobes, stratigraphic surfaces, etc.). Compared to the truncation ap-
proach, the tessellation one alleviates the need to construct a continuous latent
field and can provide more control over the generated geometries. By adding
sophisticated rules on the relation between the objects and their probability of
occurrence one can generate extremely realistic spatial distributions of facies
with these approaches (Lopez et al. 2009; Pyrcz et al. 2009).

Facies proportions

Finally, some methods do not use directly categorical values but they predict
the proportions of the different grain classes in each part of the modeling do-
main directly (Granjeon 1996; Koltermann et al. 1996; Lesser et al. 2004). The
resulting models are continuous rather than categorical. While this may seem
like a more natural way to model the subsurface, it is no less challenging to do
correctly. To achieve this, one must be able to predict or estimate the move-
ment of the different grain classes throughout the sedimentological history of
the modeling site. This can imply considering hydrodynamics, bedload and sus-
pended transport, sediment supply or tectonic factors (e.g., uplift, subsidence).
This approach is primarily used by process-based methods that are physically
based and capable of modeling sediment transport, deposition, compaction,
fluid movement, and diagenesis.

2.3 Deterministic methods

We start this overview by the simplest facies modeling methods: the determin-
istic ones. They are defined as methods that produce a single unique subsurface
model of the distribution of the facies, underground without uncertainty quan-
tification.

Often they need little or no parameterization. In these cases, they are simple to
use and produce results in an instant, provided that parameters (if required)
have been defined. But they can also involve a significant degree of manual
interpretation and then take much longer time and effort (Cowan et al. 2002).
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We divide the most commonly used deterministic methods in hydrogeology
in three categories: manual interpretation, nearest neighbor interpolation, and
continuous interpolation methods.

Manual interpretation

Limestane
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Figure 2.2: Examples of a vertical cross-section facies model for a fluvioglacial de-
posit around Copenhagen in Denmark. A) manual interpretation taken from Imbeauz
(1930). B) nearest neighbor interpolation without anisotropy. The conditioning data

(boreholes) are represented by the dark blue vertical lines. Note that the vertical scale
is exaggerated as compared to the horizontal scale.

2.3.1 Manual interpretation

One of the most natural and traditional ways to characterize heterogeneity
is to rely on expert knowledge and let the geologist manually delineates the
boundaries between the facies (Houlding et al. 1994; Bosch et al. 2009; Sech et
al. 2009). The geologist builds what Jgrgensen et al. (2015) call a cognitive 3D
geological model. This approach appears to be convenient as, on the one hand,
it does not necessarily require any computational resources but, on the other
hand, it needs expert information and sufficient time. The main advantage of
the method is that it allows geologists to construct models with reasonable
structures even when the data set is extremely scarce. By relying on general
geological concepts and analogy with other sites, most geologists can construct
such cognitive models. We believe that this is the reason why most models are
made using this approach.

However, the quality of the model depends strongly on the experience of the
person making the model. His interpretation of the local geology can be biased,
influenced by many factors such as his background and expertise. Estimating
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the uncertainty of such models is difficult. Replicating the results is another
major difficulty. Moreover, while it is simple to draw in 2D, the task is much
more complex in 3D. Therefore, in these situations a common approach is to
draw several vertical cross-sections on the simulation domain, to extract control
points, and to interpolate the interfaces between the sections (Jgrgensen et
al. 2015). This approach works well for geological layers that can be tracked
through the whole domain such as stratigraphical units, but is more difficult
when it comes to smaller geological features such as facies.

Figure 2.2A shows an example of a geological manual interpretation on a 2D
cross-section. The structures appear realistic with elongated shapes and respect
the data at the wells. However, this is only one possibility of the subsurface, and
other interpretations could have been drawn. This highlights a significant issue
with the manual interpretation method, which is highly dependent on the user.
This means that the features depicted in the drawing can vary significantly
depending on the person creating it. When a geologist draws an interpretation,
he relies on his knowledge of the site and experience. Therefore, even though
the method allows for flexibility in drawing, it has poor reproducibility, mak-
ing updating the model a cumbersome and time-consuming task. It is possible
that over time, different geologists may work on the same manually interpreted
models with varying perspectives, without fully comprehending how the model
was initially constructed. Moreover, when the data sets are dense, it may be-
come extremely cumbersome to integrate all the data manually (Cowan et al.
2002).

2.3.2 Nearest neighbor interpolation

Nearest Neighbor (NN) interpolation is one of the simplest algorithms to in-
terpolate facies. At location z, the algorithm assigns the facies observed at the
closest data point (Wilkinson et al. 1983; Tartakovsky et al. 2007). It is one of
the most commonly used and available deterministic methods in classical geo-
modeling software (Babak 2014). But it has received little enthusiasm from the
scientific community because it does not generate realistic geological features.
The boundaries between the facies are straight and the resulting geometries
depend heavily on the available data. Figure 2.2B shows, for example, that NN
generates modeling artifacts (e.g., the two clay cone shapes below the shallow-
est boreholes) and unrealistic facies boundaries. However, note that it is our
geological common sense that indicates that Figure 2.2B is less realistic than
Figure 2.2A. But, there is a possibility that the NN is closer to the truth than
the manual interpretation. For this example, we know that this is not the case
as the cross-section shown in Figure 2.2A has been drawn using more than
30 boreholes by an experienced geologist. For this reason, the manual inter-
pretation can be considered as much more reliable than the nearest-neighbor
interpolation (Fig. 2.2B) based only on 6 boreholes. But in general, it is difficult
to be certain about which model predicts better the reality. This is a general
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question for all the methods presented in this review, and this is why cross-
validation techniques have been developed (Deutsch 1998; Juda et al. 2020).
When the data set is large, NN can provide good results when compared to
more advanced methods (Tartakovsky et al. 2007).

The basic method described in the previous paragraph can be improved in
several manners. One can for example use the k closest neighbors (kNN) and
take the most frequent in this ensemble (Hastie et al. 2009). This is a classical
method in machine learning. One can also perturb the distance computation to
select the closest neighbor but account for geological anisotropy (Volken et al.
2016). This can be done by transforming the data coordinates using anisotropy
factors (in the x, y and/or z direction) before applying the nearest-neighbor
algorithm. Retaking the example of Figure 2.2B, this would help the limestone
layer at the bottom of the model extend through the whole domain as in the
manual interpretation.

2.3.3 Continuous interpolation approaches

Another deterministic approach to estimate the spatial facies distribution is to
rely on well-known continuous interpolation methods such as inverse distance
weighting (Shepard 1968, IDW) and to combine them with the indicator or
truncation representation methods presented previously (section 2.2.2).

Note here that stochastic interpolation methods such as kriging are not consid-
ered as they can provide an estimate of uncertainty on the interpolation. Krig-
ing and related methods combined with indicator and truncated approaches
are covered in the dedicated section on variogram-based methods (section 2.4).

Truncation of one latent variable

The truncation approach considers one latent variable Z(z) and several thresh-
olds. All the facies are placed on one scale for the latent variable and an order
needs to be defined. The choice of the thresholds is not restricted, but they are
typically determined to respect the target facies proportions. A common prac-
tice is to define intervals for each facies such that their lengths (range of values)
are proportional to the facies proportion. Then, it is necessary to convert the
conditioning facies data into continuous data. It can be done by choosing the
average value of each intervals (Falivene et al. 2007b, e.g., if the facies sand has
the lower and upper limits of -1 and 0 respectively, all sand data points will
be set to -0.5). Once the thresholds have been defined and data transformed to
continuous values, any interpolation method can be applied. A common algo-
rithm used for this purpose is Inverse Distance Weighting interpolation (IDW)
(Falivene et al. 2007b; Babak 2014), but any interpolation technique can be
used, as long as it can handle irregularly spaced data. IDW estimates Z(x)
by computing a weighted average of the neighboring data points. The weights
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are inversely proportional to the distance between x and the data raised to a
user-defined power. Closer data have greater weights than distant ones. One
advantage of IDW is that it requires only two parameters (the power and the
number of maximum neighbors), while still providing some flexibility. Note
that if anisotropy is considered, then three parameters are required where the
anisotropic factor must be defined.
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Figure 2.3: Results of three deterministic methods on a 2D synthetic case. Circled
data are hard data. A) facies model using the truncated approach where IDW was
used as the interpolator. B) Model showing the facies with the mazimum value of the
indicator (explained below) at each pizel of the simulation grid where the indicator
functions were interpolated with IDW. C) facies model where thresholds were used and
adjusted to match a certain facies proportion and using IDW. For threshold methods
and truncated approaches, identical target facies proportions were used.

Figure 2.3A shows an application of this method. 20 points with three different
facies constitute the data set and are shown on the map. The facies at these
locations have been transformed in continuous latent values, that were inter-
polated and truncated. The resulting map shows a systematic ordering of the
facies (red, green, and blue). The green facies surrounds the blue facies. With
this approach, it is not possible to have the red and blue facies side by side.
Another coding of the facies with a different order (e.g., red, blue, and green)
will lead to a completely different result. The boundaries between the facies
are rather straight.

Despite the appeal of estimating a categorical model directly using one single
interpolation, this method suffers from several problems. First, it requires an
ordering of the facies. In Figure 2.1, the sand and gravel facies can never be
touched because the mix of sand and gravel will always be between the two.
This is a strong assumption about the spatial distribution of the facies that
works well if the facies are ordered, but which may prove difficult to apply in
many cases. Second, as the distribution of the latent variable is not known, the
choice of the thresholds is not straightforward and it can be difficult to respect
the target facies proportions. One way to circumvent this issue would be to
perform the interpolation first and determine the thresholds in a second step
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to respect proportions. But, as the interpolation relies on the conditioning data,
which themselves depend on the thresholds, the problem is not easily solved.

According to Falivene et al. (2007b) the deterministic truncation of one single
latent variable methods generally perform poorly as compared to the indicator
approaches. They recommend using truncation approaches only if there is a
clear ordering of the facies observed in the data.

Indicator approaches

Indicator approaches involve converting facies data into indicator values and
interpolating them to obtain a continuous value Z;(x) (between 0 and 1) for
each location in the simulation domain. This process is repeated for each facies,
resulting in a series of interpolated values Z;(x) between 0 and 1 (2D or 3D), one
for each facies. The values Z;(z) are sometimes interpreted as a probability, but
one must be very careful with this interpretation because Z;(x) are not defined
on any well-defined probabilistic space and are not proper probabilities.

In the second step, the resulting Z,;(x) maps must combined to obtain a single
categorical map. Two methods are employed: (1) the Maximum value and (2)
the Multi- Thresholds approach.

For the Mazimum value method, at any location x the values {Z;(x),i =
1,...,n} are compared and the facies k corresponding to the highest value
Zi(x),k € [1,...,n] is selected. This method is often described as the Most
probable value but to be rigorous it should be only employed when the values
Z;(x) represent a proper probability.

For the Multi- Thresholds approach, an ensemble of thresholds is computed to
truncate Z;(x) and to ensure that the final categorical map will respect the
proportions of the facies (Ritzi Jr et al. 1994; Guadagnini et al. 2004). Practi-
cally, we define an empty resulting grid and we choose a facies ¢ and adjust a
threshold 7 so that the mean of the boolean map Z;(x) > 7 is closest to the
proportions of the target facies p; that can be input by the user or inferred
from the data. When 7 has been found, the true cells of Z;(x) > 7 are assigned
to the final grid as belonging to facies i. Then another facies is chosen and we
repeat the above instructions. Two important things to note, primarily, once
the cells have been assigned to the final grid, they cannot be changed, secondly,
it is essential to begin the facies assignment by the rarest facies to ensure to
respect the target proportions p;.

The first option is straightforward and simple to understand, but it can lead
to artifacts or errors because it does not consider the adjacency of the facies.
Moreover, the rarest facies, which can sometimes have a significant impact on
groundwater flows by acting as preferential paths or hydraulic barriers, are less
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likely to appear than others and there is a risk that they will be underrepre-
sented. The second option, on the other hand, ensures that the proportions and
continuity of the facies over the simulation domain are respected.

An example of these two methods using IDW is shown in Figures 2.3B and
2.3C. The target facies proportions are 10% for blue facies, 50% for red facies,
and 40% for green facies. These two cases show the differences between choos-
ing between the maximum value facies and the threshold method with IDW.
Globally, both maps share some similarities, but the facies proportions and the
exact locations of the boundaries are different. Notably, the maximum value
method overrepresents the blue facies and underrepresents the green facies.
This issue is not present in the other methods, which have greater control over
the final proportions.

The Figure 2.4 presents another example of the indicator approach using IDW
with the data from Figure 2.2. The IDW method produces smoother inter-
faces and more realistic features compared to the nearest-neighbor interpola-
tion method (Fig. 2.2B). However, a lot of artifacts and unrealistic structures
remain such as the deep clay cones (red facies) under two boreholes or the non
continuity of the limestone layer (dark blue facies) at the bottom. Probably the
use of an anisotropy would help to partly solve this issue.
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Figure 2.4: Maximum value method with IDW using same data of the cross-section
shown in Figure 2.2. For corresponding reference colors of the facies see the original
Figure.

2.3.4 Machine learning approaches

A class of algorithms that is well known for their classification abilities is
the machine learning algorithms. We have already seen that nearest neighbors
methods are frequently employed to interpolate facies. The k-Nearest Neigh-
bors algorithm is slightly more advanced (Hastie et al. 2009) and can also be
used to map lithologies or facies. For example, Martin-Martin et al. (2023)
used it to map the 3D stratigraphic architecture of the Llobregat River Delta
in Spain. Other machine algorithms such as support vector machines have also
been used to delineate facies (Tartakovsky et al. 2004; Wohlberg et al. 2005;
Smirnoff et al. 2008). As for the previous methods in this section, often the



2.4 Variogram-based methods 25

results can be accurate when large data sets are available, but when the data
sets are too sparse the methods contain little geological information and the
resulting geometries are often not plausible from a geological perspective.

2.3.5 Summary

To conclude, deterministic methods provide images of the subsurface quickly
and easily, but, by definition, are unique. As a result, there is no direct estimate
of uncertainty. Moreover, these methods are highly data-driven. Integration
of hard-conditioning data is not a problem as they are generally mandatory.
Soft data can also be integrated in the form of probability maps by simple
combination with indicator approaches and spatially varying thresholds for
truncated approaches. An important advantage, however, is that none of them
is grid-dependent, so it is possible to estimate the facies at any point in the
domain. Finally, these methods are far less popular than stochastic methods,
which are more flexible, realistic, and provide a measure of uncertainty.

2.4 Variogram-based methods

These methods use two-point spatial statistics to model the spatial distribution
of categorical variables and produce equiprobable realizations of the subsurface.
The measure of these two-point spatial statistics is the variogram, which has
been a major foundation for a large number of spatial statistics studies since it
was proposed by Matheron (1963). First, the notions of variogram and kriging
are briefly presented.

2.4.1 Basic geostatistical concepts
The variogram

The variogram is a measure of the spatial statistics of a continuous variable
that is expressed in terms of variance against distance. It can be computed
using the following formula:

v(h) = 4 (2(i + h) — 2(z;))? (2.1)

Where h is the lag distance between pair of points, v(h) is the variogram for a
specific lag distance h, N(h) denotes the number of pairs of points separated
by lag distance h, z(z;) represents the variable of interest at location z; and
z(x; + h) represents the variable of interest at location h units away from
x;. As this expression divides the total by two, the variogram is also called
semivariogram. Mathematically, the variogram represents the expected semi
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variance of a variable at a given distance. Naturally, we expect it to be close
to 0 at the origin and to increase with distance (closer data points are more
similar than farther ones).

The given expression assumes perfect computation of the variogram for each
lag distance h, which is not realistic. In practice, a discrete approach is used
where pairs of points are grouped into lag distance categories, and the mean
value of the variogram is computed for each category. The computed variogram
on a set of data points is commonly referred to as an experimental variogram.
Once the experimental variogram is obtained, predefined variogram models,
which are equations with parameters, are typically fitted to it. The parame-
ters of these models generally include the range, which is associated with the
spatial correlation of the variable, and the contribution, which corresponds to
the variance of the variable. The most widely used variogram models are the
spherical, exponential, Matérn, gaussian, and cubic models. Variogram models
can be combined to create more intricate variogram structures, allowing for the
replication of a diverse range of experimental variogram curves.

When the variable of interest is an indicator function (z(x;) becomes I(x;) in
eq. 2.1), the variogram is then referred as the indicator variogram (IV). IVs
are frequently utilized in facies modeling as an input by various methods, and
also to ensure that the models accurately reproduce the expected two-point
statistics.

When a variogram is used to describe the correlation between different vari-
ables, it is called a cross-variogram. Practically, in equation 2.1 the two com-
pared z will be two different variables, for example temperature and elevation.
The idea is to see how these two variables changes with respect to their lag
distance. Similarly, cross-indicator variograms are indicator variograms that
compare two different indicator functions (two different facies).

Kriging

Kriging is a class of interpolators, introduced by Matheron (1963), inspired from
the work of Krige (1951), which are based on a weighted linear combination of
the neighboring values. The weights are determined in order to minimize the
kriging variance (or the error). In its simplest form, for any location where the
variable is unknown, the kriging estimation can be written as:

zZ; = Z)\iZi (2.2)

where Zj is the estimated value at unknown location, \; the weight associated
to data point ¢ and Z; is the value of the variable of interest at data point i.
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The difficulty relies in determining the weights. Fortunately, Matheron (1963)
demonstrated the relationship between the variograms and the weights (\),
allowing them to be easily determined based solely on the constraint to deter-
mine a variogram model. Kriging provides not only an estimate of the value,
but also a variance (or error) on the estimates, making it practical to combine
with stochastic approaches.

There is no single kriging method, but a whole range based on different as-
sumptions. The most commonly used in facies modeling are simple kriging,
which assumes that the mean of the variable is known, and cokriging, which
takes advantage of the cross-variogram to provide more accurate estimates. Of
particular interest for facies modeling, when kriging is used to interpolate an
indicator function, it is called Indicator Kriging (IK). Interested readers are
encouraged to consult Chiles et al. (2012) for more information on kriging and
related methods.

2.4.2 Sequential Indicator Simulation

Sequential Indicator Simulation (Alabert 1989; Journel 1989; Journel et al.
1990; Gomez-Hernandez et al. 2021, SIS) is an algorithm that was developed
to generate discrete stochastic realizations using the indicator formalism devel-
oped by Journel (1983b).

The basic idea of SIS is to fill the simulation grid node by node, conditionally
to hard data and previously simulated nodes. SIS relies on IK which assumes
that I'Vs are known for each facies. In detail, the basic algorithm consists of the
following steps:

1. Create an empty simulation grid and add the conditioning data to it
2. Randomly select an empty cell c;

3. Estimate facies probabilities p; at the empty cell location with IK based
on already assigned cells (both hard data and previously simulated cells)

4. Draw a facies according to p; and assign it to c;

5. Go to step 2 until no empty cell are remaining

Figures 2.5A-D show SIS realizations based on the conceptual model drawn in
Figure 2.2A. The hard data and proportions are respected, the strong global
anisotropy is reproduced, and we also have an estimate of the uncertainty with
the set of stochastic realizations. But while SIS generates images that appear
more realistic than the NN (Fig. 2.2B), it is difficult to regard them as plau-
sible subsurface realities. Limitations are due to the building brick behind the
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Figure 2.5: Four equiprobable SIS realizations performed using same data as Fig.
2.2. Only borehole data have been considered in this example (no locally varying prob-
abilities).

methodology, the variogram. The variogram is a spatial measure of the point-
to-point spatial correlation of a variable with respect to itself or between two
variables, it is a two-point spatial statistic measure. These two-point statistics
have been shown to have difficulties to capture the spatial statistics of complex
geometries such as meandering channels (Guardiano et al. 1993; Dell’ Arciprete
et al. 2012). A problem that can be partly solved by considering cokriging at
step 3 of the algorithm by integrating cross-variogram between each facies (see
section 2.4.4) (Carle et al. 1996) or by considering the statistics of a higher
number of points (see section 2.5).

The simplicity and flexibility of this algorithm makes it easy to integrate con-
ditioning data, as well as expert knowledge. Integration of soft data (e.g., geo-
physical measurements) can be done in several ways: using facies probabilities
derived from these soft data, or directly integrated in the modeling process
with cokriging algorithms (Deutsch 2006). The latter is known to be difficult
because it requires to estimate the cross-variograms between facies data and
secondary data (Deutsch 2006; Pyrcz et al. 2014). Generally, if facies proba-
bilities can be derived from soft data, the first option is preferred and can be
integrated in two different manners: assuming locally variable mean during IK
estimation (step 3) or by Bayesian update (Doyen et al. 1994). Bayesian update
proposes to combine indicator probabilities (derived from IK) with soft facies
probabilities (derived from facies data) using the Bayes equation. Orientation
data can also be integrated by modifying the anisotropy (angle(s)) of the var-
iogram model used during step 3, an example is shown in Figure 2.7 where
the dip angle varies locally. It shows that SIS is able to generate (or at least
approaching) elongated and semi-continuous features despite the limitations of
two-point statistics (variogram). This methodology has been used, for example,
by Thomas et al. (2019) to generate stochastic facies models of a continental
shelf to study the fate of fresh groundwater on a decamillennial time scale.

Let us finally mention the nested (or hierarchical) version of SIS as proposed
by Journel et al. (1998) and formalized by Zappa et al. (2006) as HSSIM for
Hierarchical Sequential Simulation (Fig. 2.6). The goal is to simulate facies
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Figure 2.6: HSSIM worklfow. First step consists in simulating sand facies all to-
gether against gravel facies. In the second step the different sand facies (fine sand,
coarse sand) are simulated inside the global sand facies (from step 1) and the same
applies for gravel facies. Finally all pebbles and cobbles are simulated in each previ-
ously simulated facies. Taken from Zappa et al. (2006).

only in pairs, assuming that hierarchical relations exist within similar facies.
For example, in the example shown in Figure 2.6, the sand facies are grouped
together as well as the gravel facies, and a simulation of sand vs. gravel (first
step) is performed to delineate the separations between the sand and the gravel
facies. Then, the two gravel facies (open framework and sandy gravel) are sim-
ulated together exclusively where the gravel facies were simulated in the first
step. The exact same procedure is applied for sand facies, and finally pebbles
and cobbles are simulated inside each other’s facies. This methodology gives
greater control over the spatial distribution of facies and allows variograms to
be defined for each binary simulation of facies. It generally reproduces sub-
surface heterogeneity and connectivity better than SIS alone, while reducing
uncertainty (Comunian et al. 2016b).
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Figure 2.7: A: Ezample of an SIS realization with locally varying angle anisotropy
and facies proportions. B: Corresponding anisotropy (or dip) angle to horizontal. C:
Corresponding local facies proportions. No hard data have been taken into account in
this example.

SIS is a well-known algorithm for geostatisticians and hydrogeologists, as can
be seen from its various applications to facies modeling in a large number of
geological settings such as glacial (e.g., Salsabili et al. 2021), alluvial (e.g.,
Huggenberger et al. 2006; Zappa et al. 2006; Dell’ Arciprete et al. 2012), deltaic
(e.g., Jorreto-Zaguirre et al. 2020), turbidite reservoirs (e.g., Alabert et al.
1990), clastic reservoirs (e.g., Journel et al. 1993), soil mapping (e.g., He et
al. 2010) with large number of applications to hydrogeology (e.g., De Marsily
et al. 1998; Huggenberger et al. 2006; Quental et al. 2012; Xue et al. 2022).
The widespread popularity of SIS is mainly due to its simple parameterization,
computational efficiency, and seamless data integration.

However, in addition to simulating unrealistic geological structures, as previ-
ously explained, SIS has been shown to suffer from several conceptual limita-
tions (Emery 2004). These include imperfect respect for IVs, a limited number
of possible variogram models (e.g. gaussian and cubic models unusable) or sim-
ulations significantly dependent on edge effects or number of nodes simulated.
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This can lead to artifacts and is one of the reasons why some authors suggest
using a simulation grid larger than the area of interest and then cutting it off
(Falivene et al. 2007a). Finally, it has also been shown that SIS suffers from
several issues when it comes to flow simulations based on SIS models. This is
of primary concern given that, in the majority cases, the purpose of a facies
model is to be applied to flow and transport models (De Marsily et al. 2005;
Manzocchi et al. 2023).

2.4.3 Indicator Kriging

Alternatively, IK can also be used directly to interpolate the indicator func-
tions and combined them in the same way as presented in the section on de-
terministic methods with the indicator approach (section 2.3.3). Note that the
resulting model is in this case deterministic, despite that kriging is a stochastic
method. Kriging uncertainty quantification could be used to produce several
facies probability maps but is generally neglected. Again two approaches can
be used to transform indicator functions to categorical fields, the maximum
value facies method and the threshold method. The main difference with what
have been presented in deterministic methods section is that the interpolation
of the indicator function is performed with the kriging equations. This means
that variograms have to be provided which allow to consider the spatial cor-
relation of each facies. Examples of IK are shown in Figure 2.8A and Figure
2.8B. The target facies proportions are 10% for blue facies, 50% for red facies,
and 40% for green facies. Again the threshold method allows to have a greater
control on the facies proportions compared to the maximum value method. In
this simple case, the results are similar to the one obtained with IDW, suggest-
ing that both methods can be used interchangeably. For example, Falivene et
al. (2007b) and Babak (2014) observe very similar results between both meth-
ods. IDW has even been shown to perform better than kriging for continuous
variables if the data do not show a strong anisotropy and if they are relatively
well dispersed and not clustered (Weber et al. 1992). Concerning NN, Babak
(2014) have shown that NN models perform worse than IK and indicator IDW.
However, all of these comparisons need to be tempered, as few studies to date
have compared these methods with each other, and a greater number of dif-
ferent geological settings and case studies should be considered before drawing
general conclusions. Results can highly depend on the parameters chosen.

Another example of IK is shown in Figure 2.9. Results are better than the
ones obtained using IDW (Fig. 2.4) as a spatial model can be more easily
considered with IK. This allows to have a continuity of the facies through the
domain such as the limestone layer. Compared to results obtained with IDW
and NN, structures are smoother and appear more realistic and closer to the
reference (manual interpretation, Fig. 2.2A). This demonstrates the utility of
IK over other interpolation methods such as IDW. However, there are still
significant differences between the two models. The IK model exhibits greater
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Figure 2.8: Results of three deterministic methods on the same 2D synthetic case as
shown in Figure 2.3. Circled data are hard data. A: model showing the facies with the
mazimum value at each pizel of the simulation grid using IK as interpolator. B: facies
model where thresholds were used and adjusted to match a certain facies proportion
and using IK. C: facies model using a truncated approach where kriging was used as
the interpolator (see section 2.4.6). For threshold methods and truncated approaches,
identical target facies proportions were used.
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homogeneity and less variability in the facies compared to the reference model.
This is because kriging is an estimation method that smooths the results. The
differences between the IK model and the simulations with SIS (Fig. 2.5) are
evident, as the latter presents a variability similar to that of the reference
model.

50 m
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Figure 2.9: IK using same data of the cross-section shown in Figure 2.2. The
facies code were obtained by using the indicator value facies method. IV of each facies
have been inferred on the borehole data. No locally varying probabilities have been
considered. For corresponding reference colors of the facies see the original Figure

Compared to IDW and other linear interpolator, kriging algorithms (simple or
ordinary) are generally preferred, as they are well known to be optimal linear
unbiased estimators that minimize variance assuming known two-point spatial
correlation (variogram) and stationarity (no variation of the mean and vari-
ance over the simulation domain) (Matheron 1963; Chiles et al. 2012). IDW
does not have these advantages, but, on the other hand, it requires little pa-
rameterization as only two parameters need to be adjusted (power and number
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of neighbors) and can be used more "directly" than kriging, which requires the
estimation of variograms, one for each facies (or only one in binary cases).

2.4.4 Transiogram based
TPROGS

A specific constraint of variogram-based techniques, notably with SIS, is their
inherent difficulty to replicate asymmetrical structures, such as cyclicity or
fining-upward sequences, which are common observed geological phenomena.
Sequential methods, when viewed through the prism of variograms (or covari-
ances), struggle to achieve similar outcomes. This challenge was among the
motivations for the introduction of transiograms as an interesting alternative
to variograms in stochastic facies modeling, as proposed by Carle et al. (1996).

A transiogram, as well as the indicator variogram, is a spatial measure of the
difference of an indicator function (or categorical variable) with respect to a
particular lag distance (h). The distinctive feature of the transiogram lies in
its intuitive nature, as it is rooted in the transition probabilities between the
same facies, simple transiogram (ST), or between two distinct facies, cross-
transiogram (CT). Its mathematical derivation is simple.

First, p; is defined as the probability of observing facies ¢ across the domain
under stationarity assumptions and p;;(h) as the probability of observing facies
Jj at a specific lag distance h from facies i. The cross-transiogram ¢;;(h) is thus
conceived as the conditional probability of observing facies j at a lag distance
(h) from an arbitrary location x, provided that facies ¢ is observed at this
location:

Or, using indicator functions:

_ Pr{l;(x) =1and I;(x +h) =1}
iy (h) = Pr{l,(x) = 1}

(2.4)

where Pr{...} denotes a probability and x, is an arbitrary location of the sim-
ulation domain. ST can be easily derived from equation 2.4 using the same
facies index (replacing j by ). Equations 2.3 and 2.4 indicate that ¢;;(h) is a
function of the proportion of the first facies (in this case p;) and this is natural.
Consider a prevalent facies with a high proportion; this facies is likely to occupy
more significant space than the others, subsequently diminishing transitional
probabilities. Consequently, there is a greater likelihood of encountering this
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dominant facies at larger distances from any arbitrary location compared to
any other facies.

One of the most important property of transiograms is that generally:

pji(h) # pi;(h) (2.5)

or equivalently,
pji(h) # pji(=h) (2.6)

which is the definition of asymmetry. On the contrary, indicator variograms do
not allow such relations and imply symmetry because variograms only consider
the direction of the distance vector (h), not its sense (Carle et al. 1996). This
means, for example, that for a given direction and lag distance (e.g., 5 m in
the positive direction z, h = (0,0,5) m), the probability of finding facies j 5 m
above an occurrence of facies i (p;;(0,0,5)) is not identical to the probability
of finding facies ¢ 5 m above an occurrence of facies j (p;;(0,0,5)).

In addition, transiograms are more intuitive than variograms. They express
probabilities of transition instead of variance, making them easier to under-
stand and interpret. Transiograms also provide valuable insights into the aver-
age length of modeled facies bodies and their overall proportions. For a deeper
understanding, the interested readers are encouraged to refer to Carle et al.
(1996). Experimental transiograms are typically represented as a set of k x k
transiograms, where k denotes the total number of facies, as exemplified in Fig-
ure 2.10. These have been computed on a synthetic data set. Diagonal graphs
(Fig. 2.10A, F, K, P) show the spatial variability of a facies with itself (ST),
while the others represent transitions from one facies to another (CT). They
exhibit opposite behavior: ST decreases with distance, while CT increases. This
is logical, as there is a spatial correlation between the facies, and two points
close together are more likely to belong to the same facies than two further
apart. However, we can observe an irregularity when observing the transition
from facies 0 to facies 1 (Fig. 2.10B), where a decrease of the transition proba-
bilities is observed after an initial increase. This decrease indicates that facies
1 often tends to overlap facies 0 more than in reverse. This phenomenon is not
visible on the transiogram from facies 1 to facies 0 (Figure 2.10E), showing
evidence of asymmetry. Facies 1 often overlaps Facies 0, but the reverse is not
true. An important aspect of experimental transiograms is that the plateaus
they reach correspond to the proportions of the target facies (column facies).
For example, all transiograms in the second column (Figures 2.10B, F, J, N)
converge to around 0.25, which corresponds to the proportion of facies 1 in the
data.

Once the experimental transiograms have been computed, a spatial model can
be fitted to them. Carle et al. (1997) have shown that this is achievable using
a 1D continuous Markov Chain Model (MCM) that is defined as:
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Figure 2.10: Ezample of 16 experimental transiograms computed on a synthetic
datset comprising four facies in z-direction. Each subplot represents the probability of
observing facies j (column) at a certain distance in the z direction of facies i (row).
Dashed lines represent the fitted 1D Markov Chain Model.

T(h) = exp(Ruhy) (2.7)

where T(h.) denotes the MCM which is a matrix k x k (e.g., Fig. 2.10), *
represents an arbitrary direction (generally z, y, z), h. is the distance lag in
the * direction and R, is the transition rate matrix

T11,%  «-« Tikx

Tkix --- Tkk,x
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where entries r;; . represent the rate of change from category ¢ to j per unit
length in the * direction. It can be shown that the rates of changes can be
computed from the experimental transiograms by differentiation at the origin
(i.e. the slope):

9t;(0)
T =

(2.9)

Taking into account the transiograms from Figure 2.10 (that are in the z direc-
tion) and applying equation 2.9 to find the entries in R,, the resulting MCM is
shown as dashed lines in Figure 2.10. Assuming that similar MCM have been
defined for the z and y directions, it is possible to combine these MCMs to
develop a 3D MCM by interpolation (Carle et al. 1997; Carle et al. 1998). The
final 3D MCM can be directly used to construct the indicator co-kriging equa-
tions (Carle et al. 1997) instead of using standard (cross)-variograms. This also
means that stochastic simulations that reproduce the spatial statistics of the
transiograms can be straightforwardly generated with the Sequential Indicator
Simulation (SIS) algorithm.

All these components constitute the main building blocks of the Transition
PRObability Geostatistics Software (TPROGS) method (Carle et al. 1996,
1997; Carle 2007). TPROGS can be thought of as a modified and improved
version of the SIS algorithm. In TPROGS, the third step (see Section 2.4.2) in-
volves transition probability-based cokriging that takes into account the spatial
3D Markov chain model. After a simulation is obtained, a final cleaning step is
generally performed using simulated annealing. This step aims to enhance the
agreement between the measured and modeled transition probabilities by min-
imizing an objective function (Carle et al. 1998). In this iterative algorithm,
each node in the simulation is considered and modifications to the category
are proposed to minimize the objective function. This process continues until
a satisfactory criterion is met.

Figure 2.11 shows an example of a TPROGS simulation in which four fluvial
facies are modeled. Note how the levees are often in contact and on top of
the channels. This is expected as levees are generally located on the sides of a
river (Miall 2013). Despite noisy realizations and improper placement of levees
in some cases, it is important to note that such a result would not have been
achievable with the SIS algorithm, demonstrating the added value of TPROGS
in facies modeling.

TPROGS and transition probabilities-based cokriging have been widely used by
the scientific community, particularly in hydrogeology, to characterize subsur-
face heterogeneity (e.g., Fogg et al. 1998; Weissmann et al. 1999, 2002; Green et
al. 2014; Bianchi et al. 2015; Moreno et al. 2017; Guo et al. 2019). In particular
we can mention Weissmann et al. (1999) who have constructed a complex and
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Figure 2.11: Example of a 3D TPROGS model representing a fluvial environment
with typical fluvial facies (floodplain, levee, channel and debris flow). Image taken
from Carle (2007).
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plausible 3D model aquifer composed of different stratigraphical units. Each
unit has been modeled separately with a different MCM; geological expert
knowledge was also considered by imposing mean lengths in horizontal direc-
tions and by varying their orientations. The observed fining-upward sequence
could be reproduced thanks to the asymmetry of the transiograms. Similarly,
Bianchi et al. (2015) have integrated stratigraphical data as soft information
to generate more realistic subsurface facies models with TPROGS. They have
computed the proportion of each facies in each unit and use it as soft data con-
straint for the geostatistical simulations, providing an efficient way to combine
a deterministic stratigraphic model with stochastic facies models. They ob-
served a general reduction in the uncertainty of the prediction of groundwater
heads and flux when soft data were considered. Weissmann et al. (2002) have
investigated the effect of heterogeneity, modeled with TPROGS, on the age of
groundwater and the transport of chlorofluorocarbon in a alluvial aquifer. They
have notably found a wide distribution of groundwater ages due to the hetero-
geneity and outlined the problem to represent groundwater age by a single date.
In the context of inverse modeling, Duan et al. (2022) have used TPROGS in
combination of a discrete cosine transform to generate an ensemble of initial
models in a data assimilation procedure with an ensemble data method.

This widespread use of TPROGS in hydrogeology is probably due to the fact
that it is intuitive to understand and is frequently presented as a method that
requires expert knowledge. Indeed, while it is simple to construct a transiogram
(or a variogram) in the vertical direction, it is much more complicated in the
horizontal direction because of a lack of data. Consequently, expert knowledge
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is required, and the intuitive and straightforward workflow of transiograms
makes it easy to add this kind of knowledge (e.g., Carle et al. 1996; Carle et al.
1998; Weissmann et al. 1999). While it is more difficult and less intuitive to do
so with indicator variograms, although possible (Ritzi Jr 2000). Moreover, the
possibility to consider asymmetric relations, which are frequently observed, is
a significant advantage of TPROGS over standard SIS.

Furthermore, since SIS forms the foundation of TPROGS, they share certain
advantages and limitations. For instance, TPROGS can also easily incorporate
soft data information in the form of local probabilities, which can enhance ge-
ological realism and accommodate nonstationarity (He et al. 2014; Bianchi et
al. 2015; He et al. 2015). Additionally, TPROGS can be applied across a wide
range of geological environments, particularly in porous media, and can handle
various complex situations. However, TPROGS also inherits many of the disad-
vantages associated with SIS. These include issues with sequential simulations
(Emery 2004). Additionally, the simulation of noisy and unrealistic geological
structures can affect the appearance of the simulation, although asymmetry
helps is used to improve this aspect of the simulation. The use of simulated an-
nealing also improves this aspect, but can generate artifacts when conditioning
data are located close to the boundaries of the simulated area (Deutsch et al.
1994; Carle 1997). Another limitation is the requirement for a sufficient amount
of horizontal data to infer a coherent geological model. A limitation that can
be viewed as an opportunity to instill greater control over simulated geome-
tries. For readers interested in deepening their understanding of TPROGS and
related techniques, we recommend referring to the comprehensive review by
Langousis et al. (2018).

In summary, TPROGS is a versatile method suitable for modeling subsurface
heterogeneity across different spatial scales, from local to regional relying on
transition probabilities. Like SIS, it benefits from a substantial amount of data,
although data deficiencies can be mitigated with the incorporation of geological
expert knowledge, facilitated by the intuitive transiogram framework. However,
it should be mentioned that the facies produced by TPROGs may not exhibit
highly realistic features and that simulated models depend on the questions
that need to be addressed (Langousis et al. 2018). To achieve greater geological
realism, more advanced modeling methods are necessary.

BME and MCP

The Bayesian Maximum Entropy (BME) approach, along with its simplified
version, Markovian-type Categorical Prediction (MCP), is another method that
leverages transiograms for spatial modeling prediction. The BME principle,
originally introduced by Christakos (1990), serves as an interpolator (as krig-
ing) and has been extended to predict categorical variables as well (Bogaert
2002). Tts core objective is to identify a probability distribution that maximizes
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entropy while still adhering to spatial statistics, univariate (simple transiogram)
and bivariate (cross-transiograms) distributions. Maximization of entropy is
a fundamental concept in probability theory and information theory (Jaynes
1957). It suggests that, when you have limited information about a system
or process, the most unbiased or maximally uncertain probability distribution
should be chosen as the best representation of your knowledge. In other words,
the higher the entropy, the better the prediction. Unfortunately, BME has cer-
tain limitations due to memory constraints and computational requirements.
As a result, it is generally suitable for a limited number of categories and a
relatively small number of neighboring samples (Allard et al. 2011).

To address the limitations of BME, an alternative approach called Markovian-
type Categorical Prediction (MCP) was introduced by Allard et al. (2011).
MCP aims to approximate certain aspects of the BME method while overcom-
ing its computational challenges. The fundamental concept of MCP revolves
around estimating the conditional probability of observing a particular facies ¢
at location xq (ip) given n neighbors data i1, ..., at locations xy, ..., X,. The
facies data (i1,...,4,) are categorical variables that can obtain values from 1
to k, the total number of categories (number of facies). The conditional prob-
ability is represented as p;|;, ... ;.- Allard et al. (2011) have shown that it can
be approximated with the following relation:

piy " Tl tiyi0 (hoj)
2 —
Si i pi Ty tiio (hoy)

(2.10)

Pigliv,..in =

where p;, is the probability of observing facies 4 at location Xo, t;,4,(h) is the
bivariate distribution (transiogram) between observed facies data ¢; and facies
ip at a h lag distance and hg; is the lag distance between the location of the
data x; and the location where the estimation is done xq.

Equation 2.10 may seem complex at first, but it involves calculating the nu-
merator for each possible facies by changing iy from 1 to k. The conditional
probability can then be obtained by dividing the numerator for a given facies
by the sum of all numerators for all facies.

The essential distinction between MCP and BME is seen in Equation 2.10. MCP
focuses solely on transiograms between points of interest and data points (ig
VS i1,...,15), neglecting the spatial statistics between data points themselves.
This simplification significantly streamlines the computation of p;;, .. ;. and
results in faster estimations and simulations compared to the BME method
(Allard et al. 2011). A simplification that is generally acceptable, but can lead
to erroneous predictions when data are tightly clustered (Allard et al. 2011).



40 Chapter 2: Facies modeling, a review

An essential parameter in MCP is the number of neighbors considered (denoted
as n in Equation 2.10), which primarily controls its computational cost. It
is crucial to use an adequate number of neighbors to accurately reproduce
the proportions of facies and transiograms. This balance results in a trade-off
between achieving precise simulations and managing the computational cost.

MCP and especially BME were originally developed for soil science applica-
tions, where the number of samples is typically low and irregular. This presents
a considerable challenge when estimating transiograms. To address these is-
sues, the estimation of transiograms with MCP and BME often involves kernel
smoothing techniques (D’Or et al. 2004; Allard et al. 2011) and the use of a
training image (TI) assumed to represent the spatial statistics of the variable
under study (Allard et al. 2011; Benoit et al. 2018). In the case of the TI,
transiograms are inferred directly from the features and patterns within the
TI. Figure 2.12A represents a three-facies classification sand dunes in the Gobi
desert and is used to make MCP and BME estimations (Fig. 2.12C-F).

Once the transiograms are defined, estimates can be obtained using a weighted
draw based on Equation 2.10. In the images presented in Figures 2.12C, E,
we can see the MCP estimation maps, where in each location of the simulation
domain the most probable facies is shown. The transiograms inferred from a TI
(Figure 2.12A) and the conditioning data (Figure 2.12B). The corresponding
results using BME are also shown in Figures 2.12D, F.

Figures 2.12C and 2.12D were created using omnidirectional transiograms (no
anisotropy), while Figures 2.12E and 2.12F consider a preferential direction.
It is noticeable that MCP shows similar results to those of BME, but MCP
seems to produce smoother structures compared to BME. Furthermore, MCP
outperformed BME in terms of computational speed, with MCP being 20 times
faster (Allard et al. 2011). In a study by Sartore et al. (2016), various stochastic
algorithms, including IK, SIS, and MCP, were compared, and it was found
that MCP is the fastest method when a limited number of neighbors is used.
This highlights the computational efficiency of MCP. Both methods reproduce
the patterns and juxtaposition observed in the TI, such as the white facies,
often located to the upper right of the black facies. The observed smoother
structures are mainly due to the fact that only estimation maps are shown, not
actual simulations. They can be easily obtained using the sequential algorithm
in a similar way as in SIS, but by replacing indicator cokriging with MCP
estimation.

Compared to BME, the simpler formulation and shorter calculation times
of MCP have made it more accessible for applications in hydrogeology. Re-
searchers like Benoit et al. (2018) and Fabbri et al. (2020) have employed MCP
to simulate the spatial distributions and uncertainties of hydrostratigraphic
units and hydrofacies. In particular, the ability to reproduce stratigraphic se-
quences, thanks to transiograms, is a valuable feature of MCP, as shown in
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Figure 2.12: Estimations example with MCP and BME with three facies, each
colour represents a distinct facies. Figure taken from Allard et al. (2011). A: TI used
to infer transiograms. B: Conditioning data point used to realize the estimations with
MCP C, E and BME D, F. Estimations in C and D have been made using ommni-
directional transiograms while E and F have been made with a directional one.



42 Chapter 2: Facies modeling, a review

Benoit et al. (2018). Despite these applications, the use of MCP in hydrogeol-
ogy remains relatively rare, opening the door to further studies to explore its
potential and limitations in this field. The development of recent open-source
packages such as the R package spMC (Sartore et al. 2016) can notably help
to widespread the MCP methdology.

Essentially, MCP proposes the similar results as TPROGS by reproducing the
asymmetry of transiograms but under the mathematical framework of maxi-
mization of the entropy rather than minimizing variance (i.e. kriging paradigm).
Simulations are fast, but they lack of realism and are not able to produce curvi-
linear geological features such as channels. They heavily rely on data, and the
use of a TI is often necessary to infer correctly the transiograms. Soft data
can be easily integrated into the workflow through locally varying facies pro-
portions. MCP may be faster than conventional geostatistical methods, but it
lacks a number of essential features, such as nonstationarity and the ability
to correlate simulations with secondary variables (as with cokriging). However,
it is important to note that MCP is a relatively new method that may gain
importance in the future. It is possible that these limitations will be addressed
and resolved in the coming years.

2.4.5 Truncated (Pluri)-Gaussian

Originally, Truncated Gaussian Simulations (TGS) have been proposed by
Matheron et al. (1987) to simulate a group of sediments (sandstone, shale,
and shale deposits) that presented a significant ordering. The idea is the same
as depicted in Figure 2.1, but this time considering the underlying (or latent)
continuous variable as a Gaussian Random Function (Chiles et al. 2012, GRF).
The use of GRF eliminates most of the shortcomings of deterministic trunca-
tion methods. Thresholds can easily be defined according to the proportions
of each facies (the distribution of the simulation is known), and mathematical
relationships exist between indicator variograms (IV) (as well as cross indica-
tor variograms) and the variogram of the underlying Gaussian field (e.g., Galli
et al. 1994; Emery 2007). But a major problem remains, the ordering of the
facies. For these reasons, Le Loc’h et al. (1997) proposed to go beyond a single
underlying (or latent) Gaussian field, the Truncated PluriGaussian Simulation
Method (TPGS). The idea is to extend the number of GRFs and to truncate
them with more advanced truncation rules. Any number of latent fields can be
used, but common practice is generally two. In this case, thresholds are often
visually represented by a square (often called "partition rule" or "flag") where
each axis represents the values of a GRF and in which the associated facies
are defined for each combination of values (Fig. 2.13). Consider the example
in Figure 2.13. To determine the facies at a specific location (x,y), the two
latent fields (G1 and G2) are evaluated at this location and the values are re-
ported on the flag that maps the Gaussian values to the facies values. Note how
the anisotropy of both fields is reflected in the facies simulation. The principle
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can be generalized to more than two latent fields by defining the flag as an
hypercube of n dimensional where n is the number of fields used.

Figure 2.13: Truncated PluriGaussian principle with two latent GRFs (A:G1,
C:G2). B is the flag or partition rule apply on G1 and G2 and D is the resulting
categorical simulation. To know the facies at a specific location (red circle), G1 and
G2 are evaluated at this position and reported on the flag that maps the latent con-
tinuous gaussian values to categorical facies values (simulation).

When working with a minimum of two latent fields, the necessity for facies
to follow a strict order is eliminated, opening the door to a multitude of con-
figurations. These configurations encompass various combinations of flags and
latent fields, thereby affording a wide array of possibilities. The resultant pro-
portions, general patterns, and spatial arrangement of the facies within TPGS
are consequently governed by two key factors: latent fields and threshold flag
(Armstrong et al. 2011). To go deeper, the influence of the flag is particularly
pronounced in controlling not only the facies proportions and transitions, but
also their connectivity (Beucher et al. 2016). Although latent fields have more
pronounce impacts on the general shapes of the facies (size, orientations) and
their boundaries with each other (smooth or erratic). Figure 2.14 presents a
collection of simulations that utilize four markedly different flags and latent
fields, effectively showcasing their impact on the facies models. There are two
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sets of simulations: one using the latent fields in Figures 2.14A, B and another
using those in Figures 2.14K, L, resulting in a total of eight simulations. The
first thing to notice is the influence of the flag on the simulations, where the
simulations of the first set are very different (Fig. 2.14D-2.14J), even using the
same latent fields. Two different sets of latent fields were used (Fig. 2.14A, B vs.
Fig. 2.14K, L) to show their influence on the simulations. Simulations shown
in Figures 2.14D, M that use the simple flag shown in Figure 2.14C, exhibit
patterns of both latent fields. The white facies, which is only influenced by G1,
seems to cut the two green facies. A cut which may be related to an erosion pro-
cess for example. This type of contact is frequently used in TPGS to represent
the order of facies resulting from diverse geological processes (Armstrong et al.
2011). However, the structures generated appear only slightly convincing from
a geological point of view, but are capable of smoother transitions between
facies than SIS. By increasing the complexity of the flag (Fig. 2.14E), more
interesting structures can be obtained with particularly well connected facies
(dark green facies, Fig. 2.14F, N)) on two different scales (depending on G1 and
G2). Such structures could be of particular interest, for example, in searching
preferential paths in a soil or in a karst system. The last two flag examples
(Fig. 2.14G, I) and simulations (Fig. 2.14H, O and Fig. 2.14J, P) are shown
to demonstrate that there are no limitations in the definition of the flag and
that acceptable simulations can still be obtained. However, in such situations,
a certain number of problems and limitations arise and are discussed below.

Therefore, the selection of the flag becomes a crucial factor, typically achieved
through a combination of borehole analysis within the region to establish facies
transition probabilities. This process is further enriched by the incorporation
of geological expertise, with the aim of simulating anticipated geological char-
acteristics (Mariethoz et al. 2009). Unconditional simulations must always be
performed before conditional ones to ensure expected geological features are
simulated. Moreover, the flag is often modified spatially to match with local
facies proportions because the spatial areas of each facies domain on the flag di-
rectly dictate its expected proportions. However, this fine-tuning presents chal-
lenges, particularly in cases involving complex flags such as the one illustrated
in Figure 2.13B. This tuning becomes infeasible with irregular boundaries (such
as the flags in Figures 2.14G, I). This complexity has prompted a prevalent ap-
proach in numerous TPGS studies, where the flag configuration is defined as an
assemblage of rectangles (e.g., Mariethoz et al. 2009; Lauzon et al. 2023), with
each facies corresponding to a distinct rectangle, as advocated by Armstrong
et al. (2011). Following this, the adjustment of thresholds (boundaries) of the
flag becomes trivial. As an example, the flag in Figure 2.13B would not be
acceptable but the one in Figure 2.14C would.

Another important consideration within the realm of TPGS are the underly-
ing Gaussian Random Functions (GRFs), as they exert a notable influence on
the simulated facies (Fig. 2.14D-J vs. Fig. 2.14M-P). The standard approach
involves initially defining a flag and subsequently employing diverse methodolo-
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gies to align them with the IVs derived from the available data. Mathematical
relations between facies IVs and latent field variograms have been established
(Matheron et al. 1987; Le Loc’h et al. 1997; Emery 2007). With this foundation,
it becomes feasible to make numerical predictions concerning the forthcoming
IVs in a given simulation setting (with a specific flag and latent field configu-
rations). The estimation of latent variograms transforms into an optimization
challenge, necessitating the trial and adjustment of multiple variograms until
the desired IVs are reproduced. However, it is important to acknowledge that
this approach places significant computational demands and faces inherent op-
timization problems. Moreover, the more complex the flags are, the more the
optimization is difficult because of the high number of thresholds. However,
relations can be greatly simplified if the boundaries on the flag are parallel
to the axis (Lantuéjoul 2001). For these practical reasons (facies proportions
and variogram inference), in the vast majority of situations, simplified flags are
used to reproduce facies spatial statistics more reliably (Armstrong et al. 2011;
Madani et al. 2019).
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Figure 2.14: Ezamples of TPGS simulations using four different flags (C, E, G,
I) and their respective simulations (D, F, H, J) using Gaussian fields G1 (A) and
G2 (B) and another set of simulations (M, N, O, P) using Gaussian fields G1 (K)
and G2 (L). Flag in E is modified from Biver et al. (2015) and Oliver et al. (2018).

Once the flag and Gaussian field parameters have been defined, it is easy to
obtain unconditional simulations. Conditional simulations, on the other hand,
first require transforming the (categorical) facies data into continuous values for
each latent field. However, this transformation must be made with the under-
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standing that a wide combination of values is possible (Emery 2007; Armstrong
et al. 2011). For example, the yellow facies in Figure 2.13B can be found both
in the right corner (where G2 is approximately greater than 0 and G1 approx-
imately greater than 0) and in the bottom center (G1 around 0). As for the
blue facies, it can be either in left or right rectangles. Moreover, it is neces-
sary to ensure spatial continuity of the Gaussian values (i.e., that close data
points have similar values to avoid artifact generation). This is generally done
by applying sampling methods such as the Gibbs sampling algorithm, which is
a Markov Chain Monte Carlo algorithm (MCMC) (Geman et al. 1984; Gelfand
et al. 1990). Applied to TPGS, the algorithm consists first in assigning plausible
but random values of each Gaussian field to each facies. Values are sequentially
updated, one by one, by drawing from a Gaussian distribution conditioned by
kriging using neighboring data. This operation is generally repeated several
times until convergence is reached. For more details, the readers are invited
to consult Armstrong et al. (2011). An alternative option is to use the se-
quential spectral turning band algorithm proposed by Lauzon et al. (2020a,b)
which minimizes an objective function based on inequality constraints. This
algorithm takes advantage of the 1D problem of the turning bands and uses
constraints derived from data values and truncation flags to ensure that facies
are respected at data locations.

In order to improve TPGS on its limitations, namely the definition of the
flag, latent fields, and the efficient integration of more than four facies, several
authors have proposed different approaches.

Allard et al. (2012a) have proposed an innovative approach to automatically
determine the flag based on available bivariate data that can be measurements
(geophysical measurements) or synthetic. This methodology can also take into
account varying facies proportions. The idea is to build an estimation of the
conditional probabilities of each facies with respect to the bivariate data and to
combine these probabilities with target proportions (locally varying) to define
the adapted local flag. The main drawback with this method is that it requires
two geophysical measurements at every point in the simulation domain, or else
has a decent geological concept in order to determine an initial flag. As a result,
flag determination is no longer completely automatic.

Madani et al. (2015) and Madani et al. (2019) have proposed a hierarchical
approach in which a large number of Gaussian latent fields are used (> 2). The
particularity of the method is that only one threshold is applied per latent field,
and the domains of each facies can lie between each of these thresholds. This
can be seen as a generalization of simple flags mentioned earlier, where each
facies is now defined by a hypercube of dimension n, where n is the number
of latent fields simulated. Thresholds are easily adjusted to facies proportions,
and, once thresholds are fixed, the estimation of latent variogram parameters
is simple and fast to perform. One limitation of this approach is that it is
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computationally demanding to increase the number of latent fields, especially
in 3D.

Silva et al. (2019) went even further and proposed the hierarchical truncated
plurigaussian (HTPG) approach, which is a generalization of the approach of
Madani et al. (2015). The flag is resumed in a truncation tree that defines which
latent fields separate which facies and by which thresholds. Each subsequent
latent field separates facies in two or more groups (depending on the number
of thresholds). If a group contains more than one facies, one or more additional
truncations are necessary. In total, the number of thresholds is equal to the
number of facies - 1. Figure 2.15 shows a realization using the HTPG method
with four latent fields. The truncation tree indicates, for example, that Facies
1 is defined by the values of gl that are below a certain threshold. Similarly,
latent field g2 creates three groups: facies 2, 3, 4, facies 5 and facies 6, 7. Latent
field g3 separates facies 2, facies 3 and facies 4. And finally, the latent field g4
separates facies 6 and facies 7. The resulting simulations can exhibit relatively
complex patterns thanks to the hierarchical approach.

Figure 2.15: One HTPG simulation using the truncation tree to the right. Thresh-
olds are indicated by the vertical red lines. Image taken from the master thesis of
Velasquez Sanchez (2023).

Le Blévec et al. (2018, 2020) have detailed a workflow to simulate cyclic and
rythmic deposits using TPGS. To this end, they have proposed to use correlated
and spatially shifted latent fields (Le Blévec et al. 2018). Shift can be vertical
only, horizontal only, or a combination of both allowing one to reproduce a large
variety of depositional settings (tidal, continental shelf, abyssal, etc.). They also
have proposed to integrate the diagenesis component as a third Gaussian latent
field (Le Blévec et al. 2020).

Despite the substantial adoption of TPGS in industries such as mining and
oil (e.g., Emery 2007; Madani et al. 2015; Caers et al. 2022), it has received
relatively limited attention from hydrogeologists over its nearly three decades of
existence. Hydrogeologists typically prefer other classical geostatistical methods
(SIS or transiogram-based methods) or even TGS, as the definition of the flag
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and latent Gaussian field is considerably more straightforward with TGS than
with TPGS (Pyrcz et al. 2014).

Notable applications of TPGS in hydrogeology include the work of Mariethoz
et al. (2009), who used it to characterize the heterogeneity of a polluted site
and predict the evolution of the contaminated plume. Their pioneering study
demonstrated the feasibility of constructing stochastic facies models based on
a simple geological concept (flag). Similarly, Cherubini et al. (2009) employed
TPGS to simulate hydrofacies within different stratigraphical units of a contam-
inated area. Furthermore, Modis et al. (2013) successfully developed a stochas-
tic hydrofacies model for an aquifer using TPGS, highlighting its superior re-
liability compared to a standard SIS model. However, aside from the work of
Mariethoz et al. (2009), there has been a scarcity of studies that integrate TPGS
with an examination of its implications for fluid flows and transport processes.
However, we can note the work of Pescimoro et al. (2022) who have shown
the impact that TPGS can have on transport simulations. Their study delved
into the influence of TPGS on non-Fickian transport, shedding light on how
permeability contrast can exert control over these distinctive flow behaviors.

Recently, TPGS has seen interest in inverse methods. Thanks to its continu-
ous latent fields, TPGS offers the advantage of being amenable to standard
inversion tools. Various calibration methods have emerged, including gradient
descent and optimization techniques (e.g., Liu et al. 2004; Lauzon et al. 2023),
as well as ensemble data assimilation methods (e.g., Astrakova et al. 2015; Se-
bacher et al. 2017; Oliver et al. 2018; Todaro et al. 2023), which have achieved
success in numerous cases. However, the choice of the flag is important and can
lead to highly variable results if it is too complex (Oliver et al. 2018).

To conclude, these examples of the inverse and history matching problems
underscore the potential of TPGS to improve hydrogeological modeling and
aquifer characterization compared to SIS and deterministic methods. TPGS
can easily integrate soft data in the form of local facies probabilities by adapting
the flag locally, and secondary auxiliary data (geophysical, hydrological) can
be integrated through data assimilation methods in an inverse procedure or
can be used to automatically construct the flag and infer latent fields (Allard
et al. 2012a). Hence, TPGS are highly flexible and have a solid mathematical
background. Moreover, they can be grid-free depending on the GRF generation
method. However, inference of latent GRFs is the main drawback of the method,
and simplification of the geological concept (flag) is required to obtain desirable
results, reducing the range of structures that can be generated.



2.4 Variogram-based methods 49

2.4.6 Truncated Kriging

In extension of the TGS method, the truncated approach can also be used
directly on a kriging interpolation of a latent variable. This is very similar to the
deterministic method presented in the continuous interpolation methods section
(section 2.3.3). A simple example is shown in Figure 2.8C. Truncated kriging
(TK) imposes an ordering of the facies, unlike the IK models, as previously
discussed with IDW equivalent methods.

However, this method has several issues in addition to the one mentioned previ-
ously (see section 2.3.3). As the kriging is chosen as the interpolation method, a
variogram model has to be defined. The first idea to do this is to use the contin-
uous values attributed to the facies data, but in doing so, it is not guaranteed
that the final facies model respects the indicator variograms (IV). Although
the relations between the continuous variogram and the IV can be computed
for simulations (Armstrong et al. 2011), this is not the case for estimation
(kriging). It is also unlikely that the final models follow a Gaussian distribu-
tion like with TGS or TPGS. This makes the determination of thresholds more
complicated, as it is not possible to assume that the continuous variable will
be normally distributed. Therefore, TK is not simple to apply and does not
produce interesting results which limits its application. For this reason, it is
generally not recommended for facies modeling (Falivene et al. 2007b).

2.4.7 Summary

To conclude the large chapter of variogram-based and related methods, they are
practical and easy-to-use algorithms. They find widespread application across
diverse geological contexts, as evidenced by their continued use today (e.g.,
Thomas et al. 2019; Xue et al. 2022). However, their reliance on data is a
defining characteristic, which can be viewed as both an asset and a limitation.
This inherent data dependence simplifies their integration, both of hard and
soft data. Nevertheless, the challenge lies in the often insufficient quantity of
data, particularly for estimating accurate horizontal and cross-variograms. This
necessitates the infusion of conceptual knowledge into the modeling process,
often by imposing spatial correlation lengths.

These methods excel in reproducing one- and two-point statistics, fostering a
sense of assurance in their capacity to reproduce, statistically, the spatial ar-
rangement of facies. This reassurance is valuable as it signifies that the model
is not completely wrong and is less subject to the modeler’s subjectivity. How-
ever, this advantage comes at the cost of trying to reproduce complex geological
structures. Even if complex structures can technically be obtained with TPGS,
the choice of the flag and latent fields is difficult, leading to poor control on
the modeled shapes. Consequently, even if the models align with the available
data, they may not align with the nuanced insights of domain experts. This
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raises a critical question: Can a model lacking expert validation still be deemed
valid?

2.5 Multiple Point Statistics

2.5.1 The concept

All the previously mentioned methods have one particular thing in common:
they reproduce the spatial statistics of pairs of points, also called two-point
statistics (variograms, transiograms). However, while these spatial measures
are technically able to capture any complexity assuming that the exact exper-
imental variogram is known (Srivastava 2018), it is more complicated in prac-
tical cases. Therefore, these methods usually cannot reproduce the complexity
of the real world, as it has been shown by Strebelle (2000). It is possible to
have subsurface models that have similar first- and second-order spatial statis-
tics (proportions, variograms) but that exhibit completely different patterns.
With the current geostatistical tools, the statistics of two points alone are not
sufficient to simulate complex and realistic geological features.

A logical and natural evolution of this paradigm is to reproduce spatial statistics
with more than two points; this is exactly for what Multiple Point Statistics
(MPS) have been developed. MPS proposes to use high-order statistics (HOS)
(groups of more than two points) to reproduce complex geological features that
are impossible to get with other pixel-based methods (e.g., SIS, TPGS, MPC).

Considering HOS is not straightforward. Unlike variograms, graphically rep-
resenting HOS is impractical due to the considerable number of lags in each
group, which makes the interpretation of HOS more challenging. Moreover, the
number of data required to estimate HOS and fine-tune geostatistical models
is significantly higher compared to variograms. It therefore seems impossible to
envisage HOS of order 10, 5 or even 3.

To address these challenges, Guardiano et al. (1993) introduced an innovative
solution employing a conceptual representation of the variable of interest, the
so-called Training Image (TI). Simply, a TT is an image, a concept, a visual
representation of what is expected to be modeled. It can be obtained in various
ways, such as manual interpretation and drawing, object-based methods or
process-based methods. The TT is the main force of the MPS with the capacity
to integrate geological knowledge into the modeling process and have important
control over the shapes that are generated. Note that we will prefer here the
term of Training Data Set (TD) rather than simply TI, considering that the
TD is restricted not only to images, but also to time series, auxiliary variables,
Karst networks, etc.

Using the TD, Guardiano et al. (1993) proposed the first MPS algorithm, EN-
ESIM which uses the sequential algorithm (the same as for the SIS) but where
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all necessary conditional probabilities are identified and inferred from the TD.
However, their algorithm required a complete scan of the TD at each point of
simulation, which was too computationally expensive for practical applications.

Viable alternatives were only proposed less than 10 years later, starting with
the SNESIM algorithm (Strebelle 2000; Strebelle 2002). Since then, numerous
alternative algorithms have been developed. The main MPS algorithms can
be broadly categorized into four groups depending on whether they are pixel-
based or patch-based and whether they compute conditional probabilities or
directly sample the data. Although presenting all of these algorithms is beyond
the scope of this paper, our aim is to provide an overview by presenting one
algorithm per category. To have a detailed description of the different existing
MPS algorithms, the reader can refer to the book of Mariethoz et al. (2014).

2.5.2 Basic algorithms
SNESIM

SNESIM is a pixel-based algorithm that estimates the conditional probabilities
of TD and stores them in a search tree database prior to simulation (Stre-
belle 2002). These conditional probabilities are the probabilities of assigning
a particular facies to an unattributed cell based on surrounding conditioning
data. They are obtained using the singe-normal equation (SNE, Strebelle 2002),
which involves analyzing the occurrences of facies data events. Once the proba-
bilities are known, the sequential algorithm can be used (Journel 1989). Unlike
ENESIM, SNESIM is less computationally demanding, but highly effective. It
has found applications in a wide range of groundwater problems (e.g., Huys-
mans et al. 2009; Zhou et al. 2018; Kawo et al. 2023) and has contributed
significantly to the diffusion and success of MPS techniques.

However, the original SNESIM had several limitations. One of the main limita-
tions was its high memory usage when analyzing patterns in the training data
that require a large number of neighbor higher-order statistics (HOS). Addi-
tionally, SNESIM is not capable of directly simulating continuous variables.
While this is not an issue for facies modeling, it does limit its applicability in
certain contexts, such as the simulation of petrophysical properties or auxiliary
variables. Fortunately, SNESIM has also been improved on several of these is-
sues (Strebelle et al. 2004, 2014) and more computationally efficient algorithmic
approaches have been proposed (Straubhaar et al. 2011).

FILTERSIM

FILTERSIM (Zhang 2006; Wu et al. 2008) operates differently compared to
SNESIM. Unlike SNESIM, which deals with values on a pixel-by-pixel basis,
FILTERSIM is categorized as a patch-based MPS algorithm. The aim is to
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Figure 2.16: Different steps of a simple FILTERSIM simulation. Image taken from
Zhang (2006).
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directly assign a patch (or pattern) of values (or facies) on the simulation grid.
To do so, FILTERSIM relies on the use of filters to determine conditional
probabilities. The filters also allow us to reduce the complexity of the patterns
to reproduce. The filters are applied to the TD to obtain filter scores. These
are then used to cluster the patterns based on similarities, and an average
prototype pattern is computed for each cluster. As the simulation progresses,
the grid is progressively filled with patches. (Fig. 2.16). One notable aspect of
patch-based methods like FILTERSIM is that patches often overlap previously
simulated ones, resulting in some cells being overwritten, as can be seen in
Figure 2.16B.

Although this approach can better reproduce the patterns in the training image,
it also presents challenges for conditioning, as the algorithm is less flexible.
Additionally, selecting the most appropriate filters for a given training image
is not a straightforward task.

DS

Direct Sampling (DS) has been proposed by Mariethoz et al. (2010b) in order
to avoid computationally intensive calculation of conditional probabilities of
SNESIM and FILTERSIM. DS is a pixel-based algorithm whose key innovation
is its elimination of preprocessing steps on the TD before the simulation. This
is achieved by directly sampling the value of interest (categorical or continuous)
in the TD based on surrounding conditioning data (data event), as illustrated
in Figure 2.17. Given a certain data event, the algorithm scans the TD until
it finds a matching data, which is then assigned to the simulated node. In
practice, and when the number of neighboring data considered is large (high
HOS), it is not possible to find an exact match. In such cases, the DS algorithm
computes the difference between the sampled-data event from the TD and the
one in the simulation grid. If this difference is below a specified threshold ¢, it
is accepted as a matching data point. Setting a very low threshold may result
in the rejection of numerous candidates and slowing down the computation
speed. To address this, another parameter, the max scan fraction f, limits
the scanning of the TD to a certain percentage. The balance between ¢ and f
reflects a trade-off between achieving simulations that closely resemble the TD
and computational efficiency. Additionally, considering the number of neighbors
n as another parameter, DS requires the definition of three parameters, each
dependent on specific cases and available computational resources.

DS is a flexible algorithm that allows for the simulation of categorical and
continuous values without the need to compute any probabilities. This flexi-
ble approach makes the integration of auxiliary variables more straightforward
than for other MPS algorithms and allows the simulation of nonstationary
images (Mariethoz et al. 2010b). Moreover, DS is particularly well suited for
handling multivariate problems involving multiple categorical, continuous, or
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Figure 2.17: DS principle on a binary case (2 facies). (a) The data event, where
"2" node indicates the node to simulate. Black and white cells indicate already filled
nodes (hard data or previously simulated nodes). (b) Search window used on the TI
(or TD). (¢) A random node is selected and a first scan of the TI is operated. It is
not satisfactory because the upper node is black instead of white. (d) Another random
node is selected, where the conditioning data are matched this time. (e) Assignment
of the facies value to simulated node. Image taken from Mariethoz et al. (2010b).

mixed variables. Soft conditioning data, such as orientations or facies propor-
tions, can also be integrated through the use of auxiliary variables (Figure
2.18).

CCSIM

Cross-correlation-based simulation (Tahmasebi et al. 2012, CCSIM) is a patch-
based algorithm which relies on the cross-correlation function to estimate the
conditional probabilities. This function can be seen as a measure of similarity
between two images and allows one to determine which patch in the TD is the
most similar to a certain data event in the simulation grid. The pattern is then
sampled directly from the TD and pasted onto the simulation grid. Additional
care is also taken to ensure continuity between patches using a particular raster
path.

Thanks to its patch-based approach and fast estimation of the best patch can-
didate with the cross-covariance function, CCSIM is a fast and efficient MPS
algorithm that produces images very similar to TD (Figure 2.19). The method
is also able to consider hard conditioning data with some limitations as well as
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Figure 2.18: Non-stationary simulation using the DS algorithm with its DeeSse
implementation. Image taken from the DeeSse user’s Guide (Straubhaar 2019). (a):
Training Image. (c) and (d): Homothety and rotation to apply to the TI. (b): Resulting
simulation.
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Figure 2.19: Example of a 3D CCSIM realization using a fluvial TI. Image modified
from Tahmasebi (2018).
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data are not ensured to be respected and artifacts may appear around condi-
tioning data. This is particularly true when the number of data is dense.

Algorithms summary

The algorithms presented here, although not exhaustive, give an overview of
the existing possibilities in terms of MPS. However, a systematic and complete
comparison of the different methods is difficult due to the absence of a sys-
tematic comparative study in the literature. The problem is not simple, as it
implies choosing representative test cases that are fair for each method. More-
over, each method must be optimized similarly in having comparable computing
time. The choice of comparison criteria is also not obvious and very often re-
lies on dimensionality reduction between a certain distance measure between
the simulations and the reference, as well as on visual appreciation, which is
inevitably subject to numerous biases. A systematic review of MPS algorithms
would be very beneficial to MPS users.

But in general, what must be retained is that older methods, relying on the
computation of conditional probabilities (e.g., SNESIM or FILTERSIM), are
inferior to more recent algorithms based on sampling the data (e.g., DS and
CCSIM). These methods are faster and more memory-efficient. Pixel-based
methods provide greater flexibility and facilitate direct conditioning. In con-
trast, patch-based methods may pose challenges in this aspect. However, it
should be noted that pixel-based methods often require more computational
time to generate highly realistic simulations.

2.5.3 Auxiliary variables

The simulation of nonstationary images is a long-standing problem in geo-
statistics, where the assumption of stationarity is generally necessary to infer
the statistics (Chiles et al. 2012). This is also the case for MPS. Most of the al-
gorithms presented above require a stationary TD or at least a way to describe
the non-stationarity of the TD using auxiliary variables.

Non-stationary simulation can also be obtained owing to the use of auxiliary
variables. These variables, which generally cover the entire simulation grid, can
be categorical or continuous, and provide information on various properties
such as the local proportions of facies, the reference orientation of the TD, the
deformation to be applied to the TD, and so on. Furthermore, it is possible to
consider TDs that are themselves non-stationary, where the auxiliary variables
describe the non-stationarity both on the TD and the simulation grid. Several
MPS algorithms can consider this kind of additional data, but DS, thanks to
its very simple formalism, is the one that offers the greatest freedom to date.
Figure 2.18 is an example of a non-stationary MPS simulation with DS. In this
case, two geometric transformations, homothety and rotation, are applied to
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a stationary training image to obtain a simulation where channels follow the
orientations and are rescaled given the auxiliary images provided. The channels
are smaller near the edge of the domain compared to the right center of the
image. Note the channel continuity that is preserved near the center of rotation,
despite the abrupt changes of rotations. This flexibility is one of the reasons
why MPS are so powerful in simulating a wide variety of settings using only
one reference image. Such non-stationary simulations are harder to obtain with
machine learning methods and require a large training data set (see section
2.8).

2.5.4 General applications

In terms of use and applications, MPS stands out as one of the most widely
employed geostatistical modeling techniques and remains an active research
area. Its ability to relatively easily integrate a geological concept through the
TD is probably what makes these methods popular. In combination with easy
conditioning to both hard and soft data and a reasonable computing time. For
example, MPS have been widely used in hydrogeology (e.g., Huysmans et al.
2009; Zhou et al. 2018; Dall’Alba et al. 2020; Kawo et al. 2023). However, its
versatility extends beyond facies modeling, covering a broad range of appli-
cations across various domains such as fracture models (Bruna et al. 2019),
remote sensing gap filling (Mariethoz et al. 2012), or rainfall series prediction
(Oriani et al. 2014).

One notable utility of MPS is to perform conditional simulations of methods
that are difficult to condition, such as object-based methods or process-based
methods (section 2.6 and section 2.9). These methods produce very detailed and
more accurate representations of sedimentological processes than variogram-
based methods but are generally harder to constrain to data. The outputs of
these methods can then serve as TD for MPS. In this case, we can cite the study
of Montero et al. (2021) who have used a rule-based model (section 2.6.5) to
generate realistic TD of alluvial point bars, or Hoffimann et al. (2017) who have
used FLUMY simulations (FLUMY™ 2022), a process-based channel migration
model (section 2.9.4), in combination with a new patch-based MPS algorithm,
IQSIM (Fig. 2.20).

However, we note that the simulations are not perfect. This is evidenced by
connectivity analysis, which indicates that the connectivity of channel bodies
is lower in simulations compared to the reference model (Hoffimann et al. 2017).
This underscores the inherent limitations of MPS methods in reproducing in-
tricate geological shapes generated by process-based models.
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auziliary variable (thickness) is also defined to overcome the non-stationarity of the
TI

2.5.5 Limitations

Apart from the difficulty to replicate highly complex geological structures, MPS
is subject to several other limitations. One common drawback is the difficulty
in parameterizing MPS for inverse problems. In contrast, TPGS, for instance,
can be easily constrained due to their latent continuous Gaussian fields. Addi-
tionally, data assimilation techniques such as Ensemble Smoother and related
methods (Emerick et al. 2013) cannot be applied to non-Gaussian variables. To
address this challenge, Lam et al. (2020) capitalized on the Gaussian pyramid
feature of DeeSse (an implementation of the DS algorithm in C, Straubhaar
2019) to condition MPS simulations to groundwater levels. The Gaussian pyra-
mid, an image processing algorithm, allows one to work on different scales of
the same image. Specifically, the reduced-scale images are continuous, enabling
direct conditioning of these coarse levels to modify the finest and categorical
levels based on available data.
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Another limitation is the difficulty of making estimations with MPS, similarly
to the case where kriging can be used to obtain estimations of GRFs. Typically,
making estimations with MPS requires a large number of simulations, which can
be both time- and memory-intensive. However, a recent advance by Johannsson
et al. (2021) proposed a simple solution to directly compute the expected value
as well as the variance (and other univariate statistics) without the need for
simulations. To achieve this, they propose to modify the sequential algorithm
used in many MPS algorithm (e.g., ENESIM, SNESIM). Instead of simulating
a facies value in an empty cell, the conditional distribution is simply stored and
can be used directly to obtain the estimation.

When the target properties differ significantly from the TD, the outcome of
MPS simulations becomes blurry. Artifacts may be introduced to meet facies
proportions, making it challenging to reproduce the TD features accurately. To
solve this issue, Straubhaar et al. (2019) have proposed a deformation-based
algorithm to create more TD without touching the general shapes and patterns
(section 2.7)

But the greatest disadvantage of MPS, ironically also its greatest advantage, is
the need and choice of the TD. Many questions naturally arise when it comes
to choosing a TD for MPS. Should the TD be exactly similar to what we want
to model, even if it is too complex? Or should it be considered more as a
concept from which the MPS extracts its "essence" (Strebelle 2002)? Or said
otherwise "What degree of complexity is ultimately required and necessary?".
If too simple, the patterns will not be representative, but if too complex, they
will not be reproduced and will greatly differ from the TD. How to select a
particular TD when the geological concept is uncertain? The answer to these
questions remains open as few studies have tried to test the impact of radically
different TD on simulations and inversion problems (Juda et al. 2023).

Finally, most geological and facies models are done in 3D, which requires at
least one 3D training image (without considering other auxiliary variables),
which is not easy to obtain. A 2D image is simpler to obtain as it can be drawn
and easily updated according to the modeling purposes. To this aim, other
more complex facies modeling methods can prove to be useful (object-based,
rule-based, process-based).

2.5.6 Summary

Although there are numerous additional aspects and challenges associated with
MPS that could be explored further, we have resisted going deeper for the sake
of conciseness. Over the past 20-25 years, MPS has garnered significant at-
tention as a valuable tool in geostatistical modeling. Its ability to accurately
replicate curvilinear features and a variety of geological structures, coupled
with its ease of conditioning, especially in pixel-based algorithms, makes it
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a more compelling option compared to traditional methods. Furthermore, the
straightforward integration of auxiliary variables enables the generation of non-
stationary images, expanding its applicability in diverse geological settings. The
method is, however, not perfect as it still struggles of reproducing very com-
plex geological structures at a reasonable computing cost. Given the current
popularity of MPS, the shortcomings and limitations mentioned above of MPS
are likely to be (and are) the subject of more comprehensive studies.

2.6 Object-based

2.6.1 Basic concepts and classification

Object-Based Methods (OBM), in their most general sense, are geostatistical
and /or sedimentological techniques used to characterize subsurface heterogene-
ity by distributing spatial objects within a 2D or 3D simulation domain (e.g.,
Matheron 1967; Serra 1981; Haldorsen et al. 1984; Lantuéjoul 2001; Bennett et
al. 2019). Each object within this approach is assumed to represent a geological
facies or a group of related facies. OBM incorporates two key components:

1. The objects: Highly different depending on needs, they can exhibit vari-
ations in terms of quantity, shape, size, and hierarchy. This hierarchy
allows for the modeling of geological structures at different scales and
complexities. The choice of objects, along with their associated geometri-
cal parameters, is often dependent on the specific geological context to be
replicated. Objects can range from standard geometric shapes like circles,
surfaces, lines (e.g., for representing faults and fractures) or rectangular
cuboids. In addition, more complex objects can be employed to simulate
specific sedimentological features such as channels, point bars, compound
bars, levees, etc.

2. Objects Placement: Objects placement can follow various patterns,
including randomness, repulsion, and attraction (where objects are posi-
tioned away, or close, from others), or more complex user-defined rules.
These rules are generally formulated to adhere to specific geological prin-
ciples and logic, ensuring that the placement of objects reflects or mim-
ics real-world geological features and spatial relationships. Moreover, an
appropriate placement also allows to respect conditioning data such as
boreholes or facies proportions.

By playing with these two components, it is possible to obtain a wide range of
different methods that are detailed below.
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One particularity of OBM over most previously presented methods and process-
based methods is its grid independence. Each object is created and stored
independently from a simulation grid. This offers several advantages, including
the ability to effortlessly create multiresolution models and efficient memory
management and storage of the models. Using an analogy with Geographical
Information System (GIS), OBM can be regarded as the vector format version
of the facies model, while variogram-based or MPS methods are similar to the
raster format.

Due to their definition, OBM can produce more realistic geological features than
standard methods (SIS, TPGS, or MPS). OBM also provides a more precise
characterization and representation of connectivity, particularly in the context
of static connectivity, in the sense of Renard et al. (2013). This is a critical
aspect, as it has been shown to have great control over flow and transport
simulations (Renard et al. 2013). For example, when aiming to create a highly
connected aquifer, OBM enables the utilization of elongated sand shapes to
populate the simulation domain. This approach allows for the connection of
any two sand points, even when they are distant from each other. In contrast,
achieving such connectivity can be challenging with SIS (e.g., Dell’Arciprete et
al. 2012) and may present difficulties with TPGS. It is worth mentioning that
in this context, MPS performs reasonably well, but the generated geological
features, due to their pixel-based nature, are still noisy and exhibit less straight
boundaries in comparison to what can be achieved with OBM. However, the
question of what is more realistic between smooth and noisy structures is open
to debate.

Generally speaking, OBM is an interesting alternative to pixel-based methods,
but it is not without its shortcomings, which largely depend on the specific
OBM submethod used. OBM can be distinguished into five categories, based
on the type of object or their placement.

e Boolean models and standard object models: These models propose
placing a wide variety of objects, ranging from simple geometrical forms
to more realistic ones (channels) with the particularity of the assumption
that the placement of these objects follows a point process.

e Geometric models: Geometric models combine simple mathematical
objects (e.g., planes, lines, cosine functions) to generate highly detailed
and complex sedimentary structures.

e Surface-based models: In surface-based models, objects are repre-
sented as surfaces that are stacked on top of each other. Each surface
delimits a geological event.

e Rule-based models: Rule-based models use complex placement rules
that seek to mimic geological and sedimentological processes. They can
be seen as an advanced version of the OBM.
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e Grammar-based models: Grammar-based models employ formal lan-
guage to generate geologically realistic objects and place them in space.

It is important to note that these methods are not mutually exclusive, and
it is not uncommon to combine them to produce the desired sedimentological
features.

2.6.2 Boolean Models and standard object models

Boolean models trace their roots to the 1960s (Matheron 1967) but where
more actively developed and formalized the following decades (Matheron 1972;
Delhomme et al. 1979; Serra 1981; Haldorsen et al. 1984; Begg et al. 1985;
Haldorsen et al. 1986). In these illustrative cases, simple forms, such as disks
or rectangles, are distributed. The term "boolean" originates from the func-
tion of these shapes in defining a specific facies of interest (e.g., sand), in
contrast to a background facies, delineating the domain into two distinct sub-
domains: one for objects and the other for non-objects. The sizes of the objects
(attributes) are determined by predefined probability distributions, and their
spatial positioning (object placement) follows a Poisson point process (PPP).
This combination of attributes and placement is often referred to as a Marked
Point Process (Clemetsen et al. 1990; Tyler et al. 1992). Two realizations of
a Boolean model are shown in Figures 2.21 A, B, where an ellipse form has
been used to populate the domain. The ellipses are defined by three attributes,
width, length, and orientations, which are drawn from given probability density
functions (normal and uniform in this case).

Within a PPP, the count of points (that is, the number of objects to gener-
ate) follows a Poisson distribution, and their locations can be random (Figures
2.21A, B) or follow a locally variable density of points (Daley et al. 2003). This
feature enables the method to be conditioned on locally variable proportions,
as depicted in Figure 2.21C where objects are restricted by the probability map
in Figure 2.21D.

Overlapping objects pose a conceptual problem since it is not natural to have
two or more objects in the same place. This problem is generally solved by
considering that younger objects "erode" the older ones if they overlap, but
different rules can be used. This phenomenon is clearly depicted in examples
from Figures 2.21. As an extreme example, placing a smaller object entirely
covered by a larger one has no impact on the simulation; the small object
"disappears" into the large one. This characteristic makes it challenging to
establish a direct link between facies proportions and the number of objects to
generate. For this reason, it is sometimes more advantageous to place objects
until the desired fraction of the facies represented by the objects is achieved
(Haldorsen et al. 1984). Alternatively, stochastic optimization algorithms, such
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as simulated annealing, can also be used to address this problem (Tyler et al.
1992).

03 04 068 08

Figure 2.21: Ezample of boolean model simulations using an ellipse to represent
yellow facies that lay in a background purple facies. For each model, the number of
generated ellipses follows a Poisson distribution with mean = 100. A, B are uncondi-
tional simulations with homogeneous density, C is an unconditional simulation with
variable density shown in D. This density map represents the probability of an object
to be kept during the simulation. E, F are two conditional simulations realized using
a BaD process, where data points to respect are shown as purple and yellow dots.

Conditioning a simple Boolean model can be accomplished through a birth-and-
death (BaD) process (Lantuéjoul 2001). When starting from an already con-
ditioned simulation, objects are iteratively created (birth) or removed (death)
while ensuring that the conditioning data are constantly honored. The decision
of whether to perform a birth or death action is determined by a probability
that is contingent on the existing number of objects. If an excess of objects
is present, the likelihood of implementing a death action increases, and con-
versely. That way, the simulations become a Markov chain where each state
represents a conditional simulation. Care must be taken to sample simulations
sufficiently different, as they are correlated with each other (Lantuéjoul 2001).
Concerning the starting conditional simulation, it can be obtained in various
ways such as covering the whole domain with a very large number of objects.
More details on this step and conditional simulations of Boolean methods can
be found in Lantuéjoul (2001). Example of conditional simulations are shown
in Figures 2.21E, F.

Although easy to work with, models such as the one in Figure 2.21 are hard
to apply to real-world problems and have been rapidly improved. In the 90s,
significant attention was directed toward oil exploration in the North Sea,
where numerous reservoirs of various sedimentological origins were investigated
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Figure 2.22: 3D object-based simulation realized with the software SESIMIRA
(Gundesp et al. 1990) where channel belts are shown in red and crevasse splays in
yellow. The background facies (shale) is not shown. The image is taken from Hatloy

(1994).

(e.g.,Damsleth et al. 1992; Tyler et al. 1992; Hatloy 1994). This required more
flexible approaches. To address this need, Norwegian teams developed and ap-
plied various approaches and software tools (Clemetsen et al. 1990; Gundesg
et al. 1990; Henriquez et al. 1990; Damsleth et al. 1992; Tyler et al. 1992; Hat-
loy 1994). These models enable the handling of a diverse range of objects (e.g.,
channels, simple forms, lobes, drawn by the user), the possibility to model more
than two facies, and offer considerable flexibility in their placement. Place-
ment possible schemes include attraction and/or repulsion of objects using
user-defined functions, as well as considering geological rules, such as erosion
between specific types of facies.

To distinguish these more practical models from Boolean ones, we propose re-
ferring to them as "standard OBM" because of their widespread use to the point
of becoming a standard in the oil industry. Figure 2.22 illustrates one possible
outcome of these methods, where channel belts are simulated using sinusoidal
lines, and attributes are drawn from density functions based on existing data.
It should be noted that the crevasse splays are correctly positioned along the
channels, as expected in a fluvial environment. These models exhibit better
reproduction of geological features, enhancing, at least visually, the geological
realism of the simulations.
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Figure 2.23: Three example of FLUVSIM simulations where channels objects,
with identical orientation, are placed inside a floodplain facies. Image taken from
Colombera et al. (2012).

Numerous OBM software and approaches have been developed over the years,
but we will only present two open source and free options that may be of
interest for hydrogeological problems.

FLUVSIM (Deutsch et al. 1996; Deutsch et al. 2002) is a standard OBM that
is an open-source, free-to-use code that uses a hierarchical method of local
coordinate transforms to simulate braided river systems. These transformations
allow us to adapt the coordinate system to the principal direction of geological
continuity. FLUVSIM operates at different hierarchical levels; it starts with the
stratigraphical units which are bounded by 2D surfaces, populates them with
a channel complex, and within each is placed a certain number of channels,
levees, and crevasse splays. A background facies (floodplain) is also considered,
resulting in a total of four facies: channel, levees, crevasses, and floodplain.

FLUVSIM defines channel objects through parameters such as orientation an-
gle, sinuosity, and geostatistical measures (variograms) for width and thickness.
These parameters are derived from user-defined density probability functions.
The actual dimensions of the meander (width, thickness, and centerline of the
channel) are modeled stochastically using 1D GRFs along the channel. Levees,
placed along channels whose dimensions are positively correlated with channel
dimensions. Meanwhile, the crevasses are shaped by a random-walk procedure.
It occurs randomly along the channel according to facies proportions with a
higher probability where the curvature of the channel is high. FLUVSIM pro-
poses decent realizations of fluvial environments (Fig. 2.23) and offers the op-
tion of conditioning to both hard (boreholes) and soft (local proportions) data.
However, flexibility comes with a price. A large number (16) of parameters are
required to characterize the different objects, not to mention the proportions
of facies that can vary in space. For each of the parameters, a probability dis-
tribution has to be provided. These can be inferred or deduced from previous
geological studies or from sedimentological record databases (e.g., Colombera
et al. 2012). We must also note that the conditioning process is not straight-
forward and depends on the number of data to be matched.

Recently, the python package HyVR, (Bennett et al. 2019) proposes a hierar-
chical approach to model subsurface properties with objects. This hierarchy
is based on five levels: stratigraphic units, architectural elements (Miall 2013,
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Figure 2.24: Ezample of an HyVR hydrofacies simulation of the MADE site. Image
taken from Bennett et al. (2019).

channels, scours, sand bars, etc.), hydrofacies assemblages, hydrofacies (gravel,
silt, sand) and microstructure (properties). Each of these levels can be refined
as desired given the available data and information. HyVR is restricted to
three object shapes but is able to generate a large panel of architectural ele-
ments and their internal variability. All of the object geometries are defined by
user-defined density functions, and channel centerlines are computed using the
model developed by Ferguson (1976).

Figure 2.24 shows a realization made on the MADE site, based on the geological
interpretation of Bowling et al. (2005). In this figure, stratigraphic units are
represented by the four extensive horizons (red, yellow, green, and purple), and
architectural elements (a channel and multiple scours) are present in the red
and yellow units. The scours are themselves filled with laminated hydrofacies.
HyVR is capable to produce interesting and realistic images of the subsurface,
but, as all other OBM, requires important work in parameterization of the
model. Moreover, it does not support conditioning data.

These two last aspects are the main drawbacks of OBM (all kinds of OBM, not
just standard OBM) and have been greatly discussed and investigated during
the last decades.

First, the geometry and shape of objects are not obvious to determine, even if
the conceptual model (e.g., the river regime) is assumed to be known, which is
highly questionable (Miall 2014). A common approach is to derive object at-
tributes (channel width, depth, width/depth ratio, sinuosity, length and width
of compound bars, etc.) from modern sedimentological bodies, still in formation
today, or from preserved sedimentological records (e.g., Tye 2004; Colombera
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et al. 2012; Villamizar et al. 2015; Colombera et al. 2019). In this case, natural
difficulties and questions arise such as the representativity of the past records
compared to the modeling site, or the correspondence between modern obser-
vations and past records. All this is a source of great uncertainty, which is
difficult to quantify but should be quantified one way or another. The size of
objects can also be limited by measurements on site, such as well and wireline
logs, but it is generally acknowledged that they cannot accurately capture the
complexity of geological shapes, particularly in a fluvial setting (Miall 2014).

Second, standard OBM, while highly flexible for simulating diverse environ-
ments, comes with the notable drawback of conditioning, especially in the case
of a large number of closely spaced data (Marini et al. 2018). The complexity
of conditioning OBM poses a long-standing challenge and remains an active
area of research (e.g., Wang et al. 2018). Various approaches have been sug-
gested, such as simulated annealing (Deutsch et al. 1996), a fusion of BaD and
simulated annealing (Tyler et al. 1992), direct conditioning (Viseur et al. 1998;
Shmaryan et al. 1999), Metropolis-Hasting (Holden et al. 1998; Hauge et al.
2017), local object deformation (Holden et al. 1998; Henrion et al. 2010; Hauge
et al. 2017), OBM simulation as a TD for MPS (Caers et al. 2004) or machine
learning (ML, for example Song et al. 2021) and optimization of parametric
models (Boisvert et al. 2014; Wang et al. 2018).

Going in-depth into these different conditioning approaches would be beyond
the scope of this paper. Therefore, we will confine ourselves to a short explana-
tion of each. The BaD, Metropolis-Hasting and simulated annealing methods
place objects randomly in space and accept (or reject) given conditions. The
major problem with these methods is that the acceptance rate tends to be very
low when the number of data is high (Holden et al. 1998), drastically reducing
their capacity to generate rapidly reliable conditional simulations.

Direct conditioning aims to place objects directly on the data. For example,
forcing the channel centerline through well data (Viseur et al. 1998; Shmaryan
et al. 1999). This ensures that data are respected, but these methods are dif-
ficult to implement and highly dependent on the objects to be used and the
data to be conditioned.

Local deformation slightly modify geometries of existing objects. It can be done
with the GRF (Holden et al. 1998; Hauge et al. 2017) or the object distance
method (Henrion et al. 2010). Deformation is often used in conjunction with
other methods to speed up and improve conditioning. Local deformation is not
difficult to apply but does not ensure that data are respected.

Machine Learning (ML) algorithms and MPS can use OBM simulations as a
training data set to perform conditional simulations. It has the advantage of
being simple to apply and producing perfectly conditioned simulations. But
they will suffer from the limitations of the chosen MPS or ML methods, as
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well as not being perfectly capable of preserving the shapes of the OBM. More
details on the applications of ML to facies modeling are given in the machine
learning section (section 2.8).

Optimization combined with parameterized objects has shown promising re-
sults by accurately constraining an OBM in a dense well data set (Boisvert et
al. 2014; Wang et al. 2018). In this method, objects geometries, orientations
and locations are defined by parameters which are optimized in order to re-
duce an objective function based on hard and soft data. What is important in
this approach is that each object is optimized separately, giving in the end a
database of objects that respect the data. Conditional simulations are obtained
by sampling random objects in this database and ensuring that all data are re-
spected. The main difficulty of this approach is the parameterization of the
objects, which also poses several limitations on the objects that can be used.

In summary, what must be retained is that conditioning with OBM is feasible
but not straightforward and poses a number of problems, regardless of the
technique used.

In terms of applications, standard OBM have been developed mainly for the
characterization of oil reservoirs, and their use in hydrogeology or other geo-
science fields has remained limited, particularly in the last 20-25 years (Bennett
et al. 2019). The reasons for this difference in use are not clear, but can prob-
ably be attributed to budget differences between the oil and gas industries vs.
groundwater exploration and exploitation. It is evident that OBMs necessi-
tate a greater investment of time and energy to conceptualize, in addition to
access to extensive geological databases to estimate object dimensions. Conse-
quently, smaller hydrogeology companies, in comparison to oil industry giants,
are considerably less able to utilize these methods. However, it is also crucial
to consider the historical factor and to acknowledge that these methods were
initially developed by oil and gas companies, and have predominantly remained
within this domain, without significant crossover into other fields.

However, we can note Jussel et al. (1994) and Rauber et al. (1998) who have
used simple OBM to characterize heterogeneity in fluvioglacial gravel aquifers
and observe the impact on flow and transport. To this aim, they placed lenses
of facies (open-framework gravel, sand, silt) in a gravel matrix based on de-
tailed statistical description of these facies lenses. Another example is the work
of Miller et al. (2000) who have used stochastic OBM lithofacies models to
condition gamma-ray models to identify preferential groundwater pathways for
downward migration of contaminants. More recently, Bennett et al. (2017) have
used OBM realizations to investigate the effect of anisotropy on transport sim-
ulations. They have shown strong control of the variation of orientation of the
anisotropy on the appearance of a twisting flow, enhancing transverse mixing.
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As already explained, another major application of OBM is to construct more
realistic TIs for use as TD in MPS or ML generative algorithms. Some object-
based softwares have even been created with this aim, such as TiGenerator
(Maharaja 2008) or Tetris (Boucher et al. 2010). For example, Comunian et
al. (2011b) used TIs generated through a simple OBM to simulate the bedding
structures observed in a fluvio-glacial aquifer outcrop. There are numerous
other examples of similar applications (Falivene et al. 2007a; Bastante et al.
2008; Michael et al. 2010; Schorpp et al. 2022). The ease with which conditional
simulations can be performed, coupled with the inherent need for a geological
concept (TT), positions MPS as a natural and excellent complement to standard
OBM.

2.6.3 Geometric models

An extension of standard OBM came with the use of mathematical and geo-
metrical functions to parameterize small individual mathematical objects that
are eventually combined in a complex manner to produce highly detailed sedi-
mentological structures (Scheibe et al. 1995; Guin et al. 2010; Ramanathan et
al. 2010a). These methods are actually very similar to standard OBM and it
is debatable whether they should be separated. The major difference rely on
the use of small and geometrical objects to create more complex and detailed
structures at different hierarchical scales (from kilometer scale to centimeter
scale). Where standard OBM generally does not seek to reproduce the internal
structures of the objects, restraining its focus to a larger scale of heterogeneity.

To exemplify this approach, we highlight the work of Ramanathan et al.
(2010a), who used geometric models to portray the heterogeneity of braided
systems. To effectively capture the diverse heterogeneity scales inherent in
such systems, they implemented a four-level hierarchy. Level 4 encompasses
the abandoned channel belt, representing the entire modeling area. Level 3
is characterized by compound bars and large channel fills. Level 2 is defined
by unit bars (constituting the compound bars) and crossbars. Lastly, Level
1 is marked by cross-strata sets composed of various lithofacies (sand, sandy
gravel, and open-framework gravel). Additional information can be found in
Bridge et al. (2006) and Ramanathan et al. (2010a).

Figure 2.25 shows how level 2 objects (unit bars) are created and assembled to
form compound bars (level 3). Compound bars themselves are bounded by a
geometric hull whose geometry is controlled by density functions. Channels are
placed around the sides of the compound bars. Finally, the unit bars are filled
by cross-strata polyhedra (level 1). Each of these objects is fully defined by an
assemblage of geometrical planes. Similarly with Deutsch et al. (1996), each of
these objects possesses its own coordinate system, allowing the placement of
lower-level objects relative to them, without relying on absolute coordinates.
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Figure 2.25: Illustration of the workflow used by Ramanathan et al. (2010a) to
create compound bars (level 3 of hierarchy) using unit bar objects (level 2). a: Cre-
ation of a polyhedron which is defined by a set of lengths that are drawn from user
defined density functions (input geometric lengths, IGL). b: Curvature is added to the
polyhedron. c: Polyhedrons are merged together to form the compound bars. d: Not
all the polyhedron is kept in the final model. Length kept is sampled from a density
function (exhaustively sampled lengths, ESL). Image taken from Ramanathan et al.
(2010a,).



2.6 Object-based 71

Figure 2.26: 3D images of the final models that can be obtained with the geometric
approach. Yellow surfaces represents boundaries of compound bars and orange one the
boundaries of unit bars. Blue color represents sand facies and green a gravelly sand
facies. Image taken from Ramanathan et al. (2010a,).
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This proves especially beneficial when dealing with deformed and rotated ob-
jects, as is the case with unit bars.

To build complete models (Fig. 2.26), level 3 objects are assembled and ran-
domly placed in the simulation domain. The idea is not to reproduce the pro-
cesses that have led to such facies assemblages, but to directly generate a com-
plex set of geometric forms that are similar to conceptual models (Guin et al.
2010). Geometrical models can be seen as OBM methods that use more com-
plex objects but with very simple placement. However, the approach developed
by Ramanathan et al. (2010a) does not consider conditioning, which limits its
use to practical cases. In fact, detailed geometric models have been poorly used
to determine subsurface heterogeneity. Few examples addressed the effect of
heterogeneity on COs sequestration (Gershenzon et al. 2015; Ershadnia et al.
2021).

Geometric models offer the ability to represent heterogeneity on multiple scales.
Furthermore, they are efficient in terms of storage, demanding only the pa-
rameters of the mathematical objects (e.g., coefficients of geometric planes).
While these methods are interesting, there is ample room for advancement,
both in terms of refining algorithms and addressing conditional cases involving
boreholes, proportions, etc. The conditioning approach of Wang et al. (2018)
(optimization of parameterized objects) could work well with geometric models
since the objects are already parameterized. Additionally, there is potential to
broaden the scope of applications. However, it is important to note that the
creation of models using these methods requires substantial effort, involving
tasks such as object parameterization and the selection of suitable probability
densities.

2.6.4 Surface-based

The idea behind Surface-Based Models (SBM) is to consider that all or part of
the geological features (layers, architectural elements, lithofacies, etc.) can be
delineated by surfaces. SBM is a common method in structural and geological
modeling where stratigraphic units are commonly separated by surfaces (La-
jaunie et al. 1997; Wellmann et al. 2018). Here, we will focus on the use of these
methods to delineate different kinds of facies rather than stratigraphical units.

SBM can be viewed as an OBM where objects are only surfaces. These sur-
faces can take explicit or implicit forms and be deterministic or stochastic,
depending on the specific case. Notably, SBM frequently integrates the tem-
poral dimension of geological deposition, with the stacking of various surfaces
serving to delineate the desired geological structure and reproduce the associ-
ated processes. This aspect makes SBM very close to rule-based models, often
confounding. However, it should be noted that there are examples of SBM
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that do not rely on strong rules that govern surface placement. Due to this
distinction, we propose differentiating these two methods.

The typical SBM workflow starts with an initial topography and progressively
adds surfaces. The "volume" generated between each new surface and all pre-
ceding surfaces contributes to the creation of a distinct geological entity. It is
possible to delineate each of these entities in greater detail using other facies
methods, which will allow us to characterize their internal structures more ac-
curately. Therefore, SBM are generally not used alone but in combination with
different facies techniques (e.g., Zhang et al. 2009). Based on the geometry of
the entity and the geological processes influencing its formation, various trends
(i.e. facies proportions) can be employed to guide lithofacies modeling. A com-
mon illustration involves the utilization of a fining-upward sequence, where
coarse lithofacies are represented at the base and progressively transition to
finer lithofacies towards the top of the entity.

SBM made its debut more than 20 years ago (Wen et al. 1998; Xie et al. 1999;
Xie et al. 2000, 2001). Wen et al. (1998) combined cosine functions with 2D
GRFs to generate bedforms to model the structures of the tidal bed. They
also considered different stages of deposition and erosion to mimic the tidal
environment in a realistic way. Independently, Xie et al. (2000) used a similar
approach by developing SURFSIM, an SBM software that can honor local well
data and integrate basic rules to restrict the location of surfaces.

An important application of SBM occurred through the research conducted by
Pyrcz et al. (2005), particularly in the development of a surface-based stochastic
lobe model tailored for turbidite deposits. Their methodology consists in defin-
ing a lobe element with an initial bathymetry in which multiple flow events
are simulated (Fig. 2.27A). Each of these events is represented by a stochas-
tic surface, and the volume of the event is defined by this surface at the top
and the current bathymetry (previously stacked simulated surfaces) at the bot-
tom. The geometry of these surfaces is constrained by density functions and
deformed to follow a flow path. The choice of the flow path aligns with physical
reasoning, as it is more likely for flow events to traverse lower elevations. This
way of positioning a specific feature (here the flow path) to previous features
is symptomatic for rule-based models, which are presented below. To intro-
duce irregularity and facilitate conditioning, the surfaces are further modified
by adding stochastic residuals with GRF. A typical resulting model of these
stacking surfaces is shown in Figure 2.27B. Finally, Pyrcz et al. (2005) used in-
ferred trends from geological data to condition the modeling of properties, such
as porosity and permeability. This strategic approach facilitated the seamless
integration of soft data into the overall modeling process.

Representing various lithofacies using surfaces is a common practice. However, a
significant challenge associated with this approach lies in the inherent difficulty
of determining whether a specific lithofacies observation can be correlated with
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Figure 2.27: A: Schematic representation of the methodology used by Pyrcz et al.
(2005) to model flow events. A lobe is firstly defined, flow paths are calculated based
on actual bathymetry and a deformed surface is added to it to represent the flow event.

B: resulting 3D model after stacking multiple events. Images modified from Pyrcz et
al. (2005).

surrounding well observations, especially when that facies has been deposited
multiple times. One cannot, or hardly, know whether two sand observations of
two adjacent wells resulted from the exact same depositional event.

To answer this problem, Allard et al. (2021) recently introduced a method that
involves stacking of stochastic surfaces that represent the depositional events,
the thickness modeled using latent GRF. Their approach, applied to a known
stratigraphic pile that delineates the history of depositional events (lithofacies),
systematically explores possible configurations within wells. The method eval-
uates the likelihood of each configuration, a crucial aspect considering that the
borehole information is often incomplete. This incompleteness arises from the
fact that the borehole data often lacks direct information about the specific
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Figure 2.28: Cross-section of 3D models made with the method developed by Allard
et al. (2021) using real data. Four different facies are modeled: red, blue, green, and
gray; tone variations of these colors indicate identical lithofacies but from distinct
events. Image taken from Allard et al. (2021).

layer to which a given observed thickness belongs. Employing a Markov Chain
Monte Carlo (MCMC) algorithm, the researchers were successful in sampling
model parameters, such as variograms, and exploring lithofacies configurations
that maximize the likelihood within a Bayesian framework.

An applied example of this method is shown in Figure 2.28. Note the two
different green facies in the alternative configuration, indicating two distinct
depositional events of the same lithofacies. The method can propose different
possible facies configurations (lightgreen facies, darkgreen facies, or a combi-
nation of both) and sort them by likelihood. This way of integrating likelihood
into facies models is particularly innovative and could represent a new way
of modeling facies, not only with SBM. However, their method still has some
limitations: the method works better with few wells (< 20), no consideration
of erosion (only deposition), and the necessity to provide a parent sequence
(stratigraphic pile), which is not straightforward.

The SBM presented here focuses on stochastic approaches. However, it is im-
portant to note that SBM using deterministic surfaces is just as widespread, if
not more so, than stochastic approaches (e.g., Sech et al. 2009; Niu et al. 2021;
Alpak et al. 2022). Recently, Nonuniform Rational B-splines (NURBS) have
recently gained interest in the modeling of different sedimentological objects
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(Ruiu et al. 2016; Jacquemyn et al. 2019; Moulaeifard et al. 2023). Although
interesting and capable of reproducing a wide range of structures, these meth-
ods require a great deal of manual work to create the control points needed
to reproduce realistic geological objects. In addition, its deterministic nature
makes uncertainty quantification difficult. However, deterministic methods, and
particularly, are still useful for parameterizing complex geological objects to be
used with other OBM or to build TT for MPS.

The effectiveness of conditioning SBM realizations is highly dependent on the
rules employed to constrain surface positions. For example, local conditioning
of surfaces in the turbidite model by Pyrcz et al. (2005) revealed computational
limitations, particularly in terms of computation time, due to the low accep-
tance rates of surfaces, especially when dealing with a large number of data. An
optimization approach was presented by Bertoncello et al. (2013), where the
sensitivity analysis precedes the optimization of the surface parameters based
on their sensitivity order (in mismatch). However, a drawback of this method
is its difficulty in capturing the full variability of posterior models, since only
a restricted number of parameters are sequentially optimized. Wingate et al.
(2016) proposed the use of variational inference, a Bayesian method, aiming to
replace the challenging-to-sample posterior distribution of the model (surface
geometries, positioning, etc.) with easily manageable distributions (e.g., Gaus-
sian) that are optimized, often through gradient descent. Although its method
may not match the performance of a standard MCMC approach, it demon-
strated significantly faster computation times, 240 hours for MCMC versus 10
minutes for its method for the same number of posterior samples. Note that
variational inference is very general and can be applied to any method requiring
sample distributions. It is not restricted to SBM.

Although quite recent, SBM have been applied in several different settings: deep
marine deposits (Pyrcz et al. 2005; Zhang et al. 2009), rock outcrop (Xie et al.
2000), shoreface (Sech et al. 2009), tidal deposits (Wen et al. 1998; Nordahl et
al. 2008), point bars (Niu et al. 2021), and even volcanic aquifer (Koneshloo et
al. 2018). This is largely due to the flexibility of the method and also to the
surfaces themselves, which may be conceptual, but are natural and familiar to
the geologist as a means of delimiting distinct geological features. Or, as stated
by Moulaeifard et al. (2023): "Surface representation is one of the common
concepts between geology and computer graphics"(Moulaeifard et al. 2023, p.
82).

In contrast to pixel-based methods, such as SIS, TPGS, and MPS, SBM stands
out for its ability to maintain distinct intricate geometries throughout the mod-
eling process, similar to other OBM. In summary, SBM serves as a crucial tool,
demonstrating its efficacy in various scenarios and providing interpretable infor-
mation to geologists. Although not universally applicable, SBM proves partic-
ularly valuable for delineating larger sedimentological structures (e.g., surfaces
of order 3 to 5 according to Miall classification (Miall 2013)). However, the chal-
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lenge of conditioning remains, prompting ongoing research efforts, especially in
applied cases.

2.6.5 Rule-based

Rule-based models (RBM) are an "evolution" of the OBM that is based on
how to spatially place objects (Hassanpour et al. 2013). This placement is con-
trolled by user-defined rules that are supposed to mimic the results of realistic
geological processes, similar to process-based models, but without considering
the complex physical processes and equations behind it (Pyrcz et al. 2014,
2015). They are consequently faster and generally require fewer parameters.
Over time, RBM has been referred to as event-based or process-mimicking.
The use of the term ’process-based’ should be avoided as it is more commonly
associated with methods that incorporate physical equations in their modeling
process (e.g., Pyrcz et al. 2014). An important difference of RBM compared
to standard OBM is the consideration of time (Pyrcz et al. 2015). Objects
are spatially and temporally placed in the simulation domain given some rules
that can be different given the time of the simulation or the actual state of
the domain. By integrating this new dimension, the models get closer to the
real processes of deposition and erosion that characterize geological features.
But, on the other hand, the difficulty of conditioning the OBM, already not
straightforward, increases significantly.

RBMs are site-specific by nature, and the rules used heavily rely on the pro-
cesses they are meant to mimic. As a result, it is impossible to provide broad
guidelines, and every RBM technique differs greatly from the others. In order
to demonstrate the potential and challenges of RBM, we will present various
approaches and applications of RBM in various sedimentological contexts, be-
ginning with alluvial deposits.

Much like standard OBM, RBM has found application in modeling fluvial set-
tings, driven by its importance as a hydrocarbon reservoir and major ground-
water aquifers. This preference is underpinned by two primary reasons: first,
the well-established and extensively studied nature of fluvial processes, as sed-
imentologists and geomorphologists have delved deeply into their dynamics;
second, the ease with which the evolution of these systems can be observed
over time at a human scale. From these previous studies, field observations,
empirical data, and physical equations can help select the rules to be used in
RBM in fluvial settings.

Ironically enough, RBM was one of the first numerical facies modeling methods,
with the two independent works of Allen (1978) and Bridge et al. (1979). They
pioneered the construction of 2D cross-section numerical models that relied on
predefined rules to replicate the heterogeneity of an alluvial setting, taking into
account factors such as avulsion (when a river abandons its bed for a new one),
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Figure 2.29: One realization of the model developed by Bridge et al. (1993). The
rectangles containing dots represents channel deposits (presumably sand-gravel) while
lines delimit the different levels of floodplain aggradation. Compaction is also visible
where channels are smaller ad lines less thick in the deepest part of the model. Model
dimension are 10 km by 0.25 km (vertical exaggeration 10z).

tectonic influences, compaction, and aggradation. For example, in the model of
Bridge et al. (1979), the new position of the channel is controlled by a rule that
states that when an avulsion occurs, the new channel is always placed at the
lowest elevation of the floodplain. Later, an updated version of this model was
proposed by Bridge et al. (1993) and Mackey et al. (1995), relating processes
with more accurate empirical relations (Fig. 2.29) and extending it to 3D to
realistically model the effect of avulsion on the spatial distribution of sand
bodies.

Although these models are relatively simple, deterministic and do not incorpo-
rate conditioning to well data, their primary purpose is to evaluate the rela-
tionships between different factors and the connectivity of channel bodies.

Created in the footstep of FLUVSIM, ALLUVSIM (Pyrcz et al. 2009) has
brought a significant improvement in alluvial RBM. While some features from
FLUVSIM are inheriting, such as geometries, levees, and crevasse splays, the
key distinction lies in the treatment of channel centerlines. Unlike random place-
ment, ALLUVSIM introduces an evolution model for channel centerlines that
reflects simplified, yet realistic meander dynamics (Fig. 2.30C). This results
in more authentic patterns, allowing for channel rollbacks, which can lead to
cutoffs and the formation of oxbow lakes. Although channel migration is deter-
ministic, other parameters, including channel, levee, and crevasse geometries,
are stochastic and derived from density functions. The model also incorporates
stochastic avulsions, simulating instances where a portion of the centerline is
abandoned and subsequently resimulated. All objects interact with each other
through rules that are controlled by user inputs.
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The resulting ALLUVSIM models show complex heterogeneity (Fig. 2.30),
demonstrating its ability to realistically mimic a meandering system setting. In
terms of conditioning, ALLUVSIM is able to respect global and local facies pro-
portions, but has more difficulty with hard data. To simplify the conditioning of
hard data, the fluvial facies are grouped into two facies: "net" (channel, levees,
and crevasses) and "non-net" (overbank fines and channel abandonment). Con-
ditioning is performed by an iterative procedure to adjust the position of the
channel centerlines and by an image cleaning procedure. For more information,
see Pyrcz et al. (2009). In the end, the conditioning is only an approximation
and, if the number of boreholes is too high, it is unable to provide correct sim-
ulations. ALLUVSIM perfectly demonstrates the essence of RBM with their
ability to produce realistic models, but a very poor conditioning which limits
its applicability to real cases.
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Figure 2.30: Fzample of a 3D alluvsim model. A: horizontal cross-section at ele-
vation z=5m. B: horizontal cross-section at elevation z=10m. C: all centerlines gen-
erated and migrated during the simulation, grey scale indicates relative age of the
centerline (white: old, dark:young). D: vertical cross-section at position z=10m. Fa-
cies code: CH (channel), LA (lateral accretion elements), LV (levees), CS (crevasse
splay), FF (overbank fines). Figure taken from Pyrcz et al. (2009).
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Parquer et al. (2017) also proposed a method to reproduce realistic channel
migrations without using physically based models. Their innovative approach
is to literally see things in a different way. Beginning with an initial channel po-
sition, they decompose the channel into half-meanders (river loops, separated
by inflection points) and systematically move them backward using simple ge-
ometrical relations. The method is stochastic, with the amplitude of migration
for each half-meander drawn from user-defined density functions. Another dis-
tinctive feature of this method is the decomposition of the channel migration
vector into two components: lateral and downstream. This dual-component
representation provides a high degree of flexibility in meander migration. The
model also incorporates vertical channel migration, allowing the creation of 3D
models.

Although the method was not explicitly designed to accommodate well condi-
tioning data, it does consider abandoned river meanders and past oxbow lakes
during the simulation (Fig. 2.31). To incorporate realistic timelines for mean-
der abandonments, a time window is assigned to each oxbow lake. However,
a challenge lies in the algorithm’s inability to guarantee the integration of all
oxbow lakes during the simulation.

The methodology presented is intriguing and demonstrates that realistic chan-
nel migration patterns can be achieved through simple rules and empirical rela-
tions. However, for seamless integration with stochastic algorithms like ALLU-
VSIM, there is room for improvement, particularly in the realm of conditioning,
both soft and hard data. Although there are challenges, these improvements are
likely feasible. In conjunction with empirical measurements of river migration
with respect to curvature (Sylvester et al. 2019; Donovan et al. 2021) one could
also consider improving the realism and imposing constraints on such models.

Another approach to fluvial deposits is the approach of Hassanpour et al.
(2013), where the emphasis is on the definition of the objects rather than their
placement. Detailed and complex objects (inclined heterolic strata (IHS), com-
plex channel patterns) are modeled, but channel migration is not explicitly
considered, but integrated with IHS. Channel centerlines are randomly posi-
tioned in the simulation domain and various fluvial objects are attached to it.
Objects whose geometries are stochastically parameterized with density func-
tions. The "rules" prioritize the spatial distribution of objects relative to each
other rather than attempting to mimic specific processes that are supposed
to reproduce the expected spatial distribution of the objects. In this sense,
the method is not very far from standard OBM, prompting a question about
its classification within RBM. According to Pyrcz et al. (2015), this method
falls into the category of draft geometric rules methods where heterogeneity
is directly imposed rather than explicitly modeled through specific processes.
Nevertheless, the approach offers a reasonable conditioning algorithm to the
well data, with limitations when the number of wells is high. It maintains a
certain level of heterogeneity and realism while at the same time streamlining
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Figure 2.31: Application of the algorithm of Parquer et al. (2017) to satellite data
(a). 24 oxbow lakes have been mapped. (b) and (c): two stochastic simulations, see
how ozbow lakes are not all considered in the these two examples. (d): Probability of
channel occurrences on 100 simulations.
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the conditioning process, providing a pragmatic compromise between speed and
geological fidelity.

The PB-SAND algorithm of Yan et al. (2017) further pushes the heterogeneity
modeling of fluvial deposits by focusing on the internal straigraphy and lithofa-
cies associations in the point bars. PB-SAND begins by predicting the evolution
of the channel centerline given channel positions at three key times that are
supposed to represent the initial, middle, and late life of the meander. Migra-
tion times between each of these times also need to be provided. Figure 2.32A
shows an example of channel migration. Subsequently, PB-SAND continues to
model the internal stratigraphy of point bars by using half-cosine functions to
represent accretion surfaces. These accretion surfaces represent the deposition
events of the river and are primarily influenced by the migration rate of the
river. The unit sedimentary volumes, delineated by the accretion surfaces, are
then populated with lithofacies. This is achieved through the application of five
rules that govern the spatiotemporal occurrence, proportion, and distribution
of lithofacies within the modeled point bar elements. These sets of rules can be
applied individually or in combination, offering flexibility in determining the
association of lithofacies of the modeled sedimentary structures. For example,
in Figure 2.32B, the complex evolution of the proportions of lithofacies in the
cross section f is depicted. This dynamic representation reflects the intricate
rules applied by PB-SAND to emulate the complex depositional processes of
sandy point bars and counterpoint bars (Yan et al. 2017). PB-SAND accounts
for the temporal evolution of the deposits, in which, as the simulation pro-
gresses, older deposits may be eroded. Consequently, only a small fraction of
the facies originates from the initial time, as indicated by the blue lines in
Figure 2.32A, with these deposits observable in cross-section f (Fig. 2.32B).

It should be added that PB-SAND is a combination of deterministic (channel
migration, point bar shapes) and stochastic (mud drapes) features that are
all determined by a large number of parameters (more than 50). Most of these
parameters are deterministic (one value), but we can imagine that probabilistic
distributions could also be used to increase the variability in the models. Models
are not conditioned on hard data but a partial soft conditioning can be obtained
on facies proportions.

To bypass the main issue of PB-SAND, which requires a provision of chan-
nel position at three distinct times as well as migration times, PB-SAND have
been combined with the backward meander migration algorithm (Parquer et al.
2020). The study highlighted the importance of synergizing different modeling
approaches with similar objectives. This integration not only aids in overcom-
ing specific limitations of individual methods, but also contributes to a more
comprehensive exploration of uncertainty in subsurface heterogeneity modeling.

To approach the complexity of braided systems, Webb (1994) have proposed
a stochastic RBM. The general idea is to stack the topographic surfaces of
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Figure 2.32: Ezample of an application of PB-SAND to real field data (Yan et
al. 2017). A: Channel migration steps from the oldest (blue) to the youngest (red)
channel centerlines. letters (a - h) indicate the position of cross sections shown in B.
Figure modified from Yan et al. (2017).

Figure 2.33: 3D realization of the approach developed by Pirot et al. (2015) with
different aggradation rate. Model A has an aggradation rate 80x lower than model B.
Images taken and modified from Pirot et al. (2015).
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the braided rivers that define individual regions (facies). The method begins
by producing channel networks using a random walk approach to mimic the
distribution of the channel flow paths. For each network, a topography surface
is generated assuming the geometry parameters of the channel (drawn from
density functions). The channels are also assigned a flow velocity according
to user input and empirical data. The different surfaces are stacked on each
other to delimit distinct geometrical elements. Finally, facies are attributed to
elements on the basis of different criteria, such as the probability of transition
and the Froude number, which is an indicator of flow energy. The idea of
using this number is to correlate the presence of certain facies according to the
hydraulic regime (e.g., more coarse facies when the Froude number is high).
This approach generates realistic sedimentary characteristics similar to those
seen in the field. Anderson et al. (1999) used it to create facies models of
a Quaternary aquifer, which were then used as input for groundwater flow
simulations to determine preferential flow paths in the aquifer.

Pirot et al. (2015) proposed a similar method, but in which topographic surfaces
were generated using MPS, using real topographic measurements of braided
rivers as TD. This approach included aggradation by shifting the surfaces up-
ward according to a specified aggradation rate, as well as geological rules to
simulate erosional and depositional processes. It also refined the facies distri-
bution within each element by taking into account an estimate of surface flow
to guide an iterative deformation scheme. The resulting models showed cross-
stratified sediments that resembled outcrops of braided systems (Fig. 2.33).
Although this method produces visually realistic results, it does not consider
conditioning on hard data.

Due to their great importance for hydrocarbon reservoirs, RBM have also been
developed for abyssal deposits (3000-6000 m deep) (Pyrcz et al. 2005; McHargue
et al. 2011; Sylvester et al. 2011). Main processes include lobe models (already
discussed in the SBM section) and deep channels (turbidites). One practical
aspect is that the latter sedimentological process is common to fluvial processes.
This implies that similar methods can be used for both environments.

Sylvester et al. (2011) have combined a 2D RBM turbidite model with a mean-
der evolution model to generate 3D realizations of the abyssal subsurface in a
deep-sea channel environment. They were able to produce realistic models that
are similar to interpreted seismic cross-section of such environments.

McHargue et al. (2011) have proposed a complete and detailed RBM, inte-
grating various processes such as erosion-depositional cycles, cycle hierarchies,
avulsion, and dynamic positioning of the flow events. All of these were con-
sidered using the rules and empirical relations that are the building blocks of
their approach. A typical turbidite cycle consists of an early erosive phase,
where the equilibrium profile is lowered, followed by a gradual increase of the
profile, which increases the aggradation of the system. Their model helped them
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Figure 2.34: Fours stages in the model developed by McHargue et al. (2011). A:
Erosion phase, no or little deposition occurs during this phase. B: Sand-rich flows
with the beginning of the aggradation phase. C: Mixed sand-mud flows, increase in
aggradation, and disorganized channels. D: Mud-rich flows with high aggradation rate
with organized channels. The model is 2 km x 10 km x 200 m. The colors of the 3D
model indicate the depth of erosion with red (shallowest), yellow, green, and blue
(deepest). Orange corresponds to the aggradation deposits. The facies in the cross
sections are represented by orange (axis), yellow (off-azis), green (margin) and gray
(abandonment), see McHargue et al. (2011) for complete description of these facies.
Vertical exaggeration = 5 m. Figure taken from McHargue et al. (2011).
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to demonstrate their suggestion of the influence of sediment nature of flows on
stacking patterns of channels. Where mud-rich flows favor the development of
organized channels, while sand-rich flows favor disorganized channels. In to-
tal, four different stages are recognized during a cycle (Fig. 2.34), where the
equilibrium profile gradually increases and the flows become muddier.

Their study exemplifies RBM, taking advantage of a significant amount of
geological information to establish rules that are stochastically combined to
generate an ensemble of plausible models that respect geological concepts. The
absence of mention of conditioning in their paper suggests that addressing con-
ditioning in such a complex model may present challenges, further emphasizing
the trade-offs involved in modeling complex geological processes.

To finish this long, but not exhaustive list of RBM, we would like to present the
genetic approach (Teles et al. 2001, 2004, 2006). It is technically not a method
in itself, but rather a way of combining existing OBM with paleoclimatic data
and past geological settings to reproduce the geological history of a specific
site. The genetic approach differs from other methods in that it breaks down
the problem into different periods that make sense from a geological point of
view.

Their method involves reconstructing the geological history of an alluvial valley
and estimating for each period (referred to genetic period): the time interval,
the fluvial regime (meandering or braided), and the thickness of sediment de-
posited or eroded. The approach employs different methods to reproduce the
effects of each regime on sediment, specifically focusing on the spatial distri-
bution and thickness of erosion and/or deposition. For example, Teles et al.
(2001) have modeled braided systems with a standard OBM where compound
bars of varying shapes and sizes are randomly positioned in the domain. And,
depending on the genetic period, deposits or erodes a certain amount of sed-
iment. In contrast, meandering systems are modeled by connecting multiple
sinusoidal sections to construct the channel path. Along this path, erosion and
deposition processes occur, with magnitude influenced by the genetic period
and available data. Multiple channels are generated until the end of the pe-
riod, achieving the desired elevation. Note that any method can be used to
model each genetic period. For example, they suggested using empirical rules
to constrain the meander evolution to have more realistic simulations.

This method has been compared with other geostatistical methods (Teles et
al. 2004, 2006, SIS) and has shown more realistic results in terms of flow and
transport results. Notably, the ability to have preferential paths with channel
deposits, as with OBM.

The main difficulty of the method is to correctly define these genetic periods,
as paleoclimatic data are often incomplete, past fluvial regimes are difficult to
define (Miall 2013), and absolute measures of time are not always available.
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Furthermore, the intensity of each period (amount of sediment deposited or
eroded) is not straightforward to obtain. Additionally, conditioning the model
to hard data poses a significant challenge and is not addressed in the current
model. The authors acknowledge the need for further studies to investigate
and address these conditioning challenges. Despite challenges, the fundamental
idea of the genetic approach is intriguing. With modern geological data and
computational resources, there is potential for interesting results.

As we have seen with the multiple examples of RBM, conditioning is generally
the major drawback of all methods. Direct conditioning is a complex process
due to the evolving nature of the model over time. RBMs are models that
often consider the notion of time, where the sedimentological state is evolv-
ing through time. However, predicting the state of the model at a future time
point (e.g., at time ¢ + 10) is challenging, making it difficult to ensure accurate
positioning of different objects without important deformations that may com-
promise realism. Furthermore, the more complex and restrictive the rules, the
more difficult it is to condition the final model, but greater geological realism is
achieved. This can be viewed as a trade-off between the presence of interesting
and realistic features and the necessity of perfect and strict conditioning on
hard and soft data. This trade-off is in contrast to simpler methods such as
SIS, where conditioning is straightforward.

However, conditioning is not completely impossible, as seen with different ex-
amples (Pyrcz et al. 2009; Hassanpour et al. 2013; Parquer et al. 2017), but it
is only partial and largely dependent on the phenomena simulated and the level
of complexity considered. Some conditioning methods, as discussed in the SBM
section (section 2.6.4), could potentially be applied to RBM. Examples include
variational inference (Wingate et al. 2016) or sequential optimization of the
most influential parameters (Bertoncello et al. 2013). However, these are still
research gaps that need to be addressed in future studies. For simplicity, RBM
conditioning is obtained through MPS (see section 2.5) or machine learning
algorithms (see section 2.8).

There has been a definite craze for RBM over the last 15 years, with numerous
approaches developed and investigated. It is worth noting that the presented
list of approaches is not exhaustive and that there are other RBM for similar
environments, as well as in different settings such as deltaic (Cazanacli 2021)
or aeolian (Yan et al. 2024) environments. For the sake of consistency, these
are not detailed here as the main objective was mainly to give an overview of
how RBM works.

Because of their difficulty in conditioning and the need to build more complex
conceptual models than the other OBM, RBM have mainly remained research
tools. Improvements could be realized if more open source solutions and soft-
ware were made available to ease their spreading. Moreover, a very large num-
ber of parameters are required, not only for the geometries of the objects but
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also for the rules that need to be consistent with the specific features of the
modeling site. It is also important to note that most RBM have been devel-
oped for fluvial or abyssal environments. Pointing out a significant research gap
in the application of RBM in other sedimentological contexts, such as glacial
environments.

Assuming large efforts into the building of the geological concept, RBM are,
in the end, able to produce very realistic models that are computationally
reasonable, which is a major advantage over process-based methods. As they
are still quite recent, a significant amount of research is expected in this field,
which will surely improve the approaches and ease their use to a larger audience.

2.6.6 Grammar-based

We finish the OBM section with the grammar-based models (GBM) which have
received little attention in geosciences despite interesting results in other fields
(e.g., Prusinkiewicz et al. 1996).

GBM relies on formal language theory, an applied mathematics discipline that
involves constructing words composed of letters from an alphabet, following
specific rules, both outlined in a formal grammar. Despite appearing discon-
nected from geological modeling, the concept involves treating geological ob-
jects as if they are composed of basis geometrical elements, where each of these
elements is represented as letters.These letters are combined into series, akin
to how basic geometries form geological shapes such as channels. With this
assumption, it becomes possible to use the formal grammar theory to generate
and manipulate geological models. The complex task now is to define the gram-
mar (i.e. the rules) to generate series of letters that are consistent geologically.
Multiple algorithms and grammars can be used, depending on the complexity
desired, but few of them have been applied to geological studies so far.

Hill et al. (2007) introduced a grammar called Geosyntax, which has been
applied to address various challenges of geological modeling. This includes sim-
ulating 1D sedimentary sequences (Hill et al. 2007), creating 2D cross sections
of sedimentary successions (Hill et al. 2008), and channel-related deposits (Hill
et al. 2009, Fig. 2.35). The fundamental concept involves manipulating basic
shapes, referred to as terminal symbols, which are organized into more intri-
cate forms known as parent symbols. These parent symbols are then arranged
according to the grammar’s rules, facilitating the creation of the desired ge-
ometries. In the context of channel simulations (Hill et al. 2009; Hill 2009),
terminal symbols mainly encompass tight and gentle bends parameterized by
bezier curves. Parent symbols, representing bends, consist of three terminal
bend symbols, one for the channel and two for overbank deposits. Each sym-
bol is endowed with attributes governing its geometry, such as width, length,
depth, etc., which are drawn from user-defined density distributions.
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Figure 2.35: Key-features of the Geosyntax grammar for channels simulation. Three
facies are considered: channel (white), overbank (lightgrey) and crevasse splay (dark-
grey). A: Finite-state diagram used to generate the channels. State are indicated in
squares and rules by arrows. Fach rule has a number, a probability and a schematic
representation of the parent symbol used by the rule. Note the complexity of diagram
considering that only twelve states are represented. B: A conditional simulation of a
channel, conditioning "symbols" are shown in black.

They use two types of rules: parent-generating rules, which specify the per-
missible use of parent symbols (the complex ones) based on a given state, and
terminal-generating rules, which detail how to construct parent symbols using
terminal symbols. In the case of Hill et al. (2009), the parent-generating rules
are represented by a finite-state diagram (Fig. 2.35A), which undergoes evo-
lution from one state to another with associated probabilities. Here, a state
denotes a specific configuration of the system at a given time, generally deter-
mined by the last symbol added. The finite-state diagram directs the evolution
of the state in a predefined manner, restricting certain combinations of parent
symbols, such as merging two successive S-bend shapes. Diagrams and rules
are typically constructed on the basis of geological knowledge and analog data,
but involve significant challenges.

The method can handle sparse conditioning data, but requires that these be
first transformed into symbols (Fig. 2.35B). The conditioning process involves
backtracking the finite-state diagram to find a suitable rule to generate the
matching symbol and deformation of the symbols to match the exact position
of the conditioning data.
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The Geosyntax approach is interesting and offers numerous advantages. It ex-
hibits versatility, demonstrating adaptability to various settings, even in cases
where the grammar was not explicitly designed for the specific application (Hill
2009). The generated models are compact and can be succinctly represented
as lists of strings and attributes. Furthermore, the method can produce a large
amount of conceptual information through its grammar, and it boasts computa-
tional efficiency. However, several problems remain. The manual determination
of rules and their corresponding transition probabilities poses a difficulty. The
conditioning is also notably limited, requiring explicit definition of conditioning
symbols, thereby reducing the method’s flexibility. Furthermore, the indepen-
dent simulation of objects hinders the ability to model their interdependence,
rendering it impossible to simulate channel migration, for example.

The approach used by Rongier et al. (2017) is somewhat different as it relies
on a simpler grammar, L-systems, originally developed to simulate the growth
of trees and roots. L-systems combines segments based on a set of user-defined
parameters and rules, where the segments form the root network or tree skele-
ton. The growth of the network can be notably influenced by a set of attractive
or repulsive constraints to control the direction and length of segments. For
plants, these constraints can be interpreted as the environment in which the
plant growth (amount of light, other plants, etc.) affects the plant evolution
and its final shape. As in the case of other GBM, the resulting network is a list
of letters with geometrical attributes.

In their work, Rongier et al. (2017) adapted L-systems to model channelized
systems within a valley, incorporating various constraints to consider borehole
data and local proportions (Fig. 2.36). The stochastic model extends into 3D,
allowing for a progressive aggradation of the system.

Although the method is interesting and delivers promising results, it is es-
sential to note that it involves a substantial number of parameters that pose
challenges in terms of determination (Rongier et al. 2017). Although default
values may offer practical solutions in certain scenarios, their universal applica-
bility is not guaranteed. Moreover, L-systems are also mainly used to generate
line networks, which are not easily transposable to all geological settings. Fur-
ther research is warranted to comprehensively explore the issues and challenges
of applying L-systems to facies modeling.

To summarize, GBM is an interesting alternative to other modeling approaches
but that have been poorly investigated. The flexibility and the compactness of
using formal grammar allow us to generate relatively complex geological shapes
while considering conditioning data. The major difficulty lies in defining the
rules that control the construction of the shapes. This is particularly the case
with the Geosyntax grammar (Hill et al. 2009). To overcome this limitation,
advanced algorithms need to be developed to transfer the geological informa-
tion (analogs, sedimentological rules, well data, etc.) into these rules. Various
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Figure 2.36: 3D conditional simulation of the channel model using L-systems
(Rongier et al. 2017). Boreholes are represented and are encoded with two facies:
channel or inter-channel deposits. Front view shows the evolution of the channel ac-
cording to time. Image modified from Rongier et al. (2017).

approaches can be envisaged, such as automatic image analysis, but the prob-
lem is not straightforward. Additionally, leveraging recent advances in machine
learning, particularly deep learning, where language models based on trans-
formers proven effective in various contexts (Vaswani et al. 2017), could provide
valuable assistance. Given that GBM operates with strings, language models
could seamlessly integrate with the methodology and contribute to improved
conditioning, for example.

In conclusion, GBMs produce interesting and encouraging results which is pos-
sibly an important and potential area of future research regarding facies mod-
eling.

2.6.7 Summary

OBMs are very diverse, versatile and efficient methods that can replicate intri-
cate geologies at reasonable computing costs, as long as appropriate objects and
rules are used. Considering the five different categories of OBMs presented in
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this review, very different results are obtainable. They should not, however, be
considered completely separate, as these methods are often combined in order
to benefit from the advantages of each. In addition, other object approaches
not covered in this study can be considered which are significantly different
from the others. For example Erharter et al. (2021) proposed to generate point
clouds with varying point densities to mimic direction and dimensions of ge-
ological bodies (or geobodies) for geotechnical applications. Point clouds are
then clustered and meshed according to some criteria to delimit each geobody.
Objects are then directly created using points.

However, while OBMs have many advantages, they also have limitations. One
of the most significant challenges is conditioning, especially hard conditioning,
which is still an active area of research. Additionally, parameterizing an OBM
can be difficult due to the large number of parameters involved. Conceptualiza-
tion can also be challenging, as it is not always easy to link geological processes
with geological shapes or objects. When modeling in an alluvial setting, it is
crucial to distinguish between braided and meandering systems, as the gen-
erated shapes and methods used are very different. However, distinguishing
between the two based on borehole records is difficult, and river systems can
change rapidly. Therefore, it is necessary to properly characterize and under-
stand the geology of the modeling site to correctly conceptualize object-based
models. This is especially true for RBMs.

2.7 Deformation-based

These methods are based on other facies models. They are modified and im-
proved by deforming them according to certain criteria. These approaches differ
from previously seen methods as they are not entirely self-sufficient and cannot
produce a facies model without a preexisting model. MPS algorithms can also
be considered as not self-sufficient methods. Within the deformation-based cat-
egory, two discernible methods have been identified: compression-based models
and pixel deformation models.

2.7.1 Compression-based

The compression-based approach, introduced by Manzocchi et al. (2007), of-
fers a departure from the conventional treatment of connectivity as an indirect
measure to respect and instead considers it directly as an input parameter.
Specifically, they employ the amalgamation ratio (AR) as their connectivity
measure, representing the proportion of a layer of a specific facies that is verti-
cally connected to other layers of the same facies. In particular, they observed
that Boolean models (see section 2.6.2) tend to exhibit a nearly 1:1 relationship
between facies proportions (Net-to-Gross ratio, NTG) and AR. This alignment
is expected under the assumption of random object placement, but it is not
commonly observed in outcrops or in models based on processes and RBM.



2.7 Deformation-based 93

They showed that AR is generally lower than NTG, or in other words that
Boolean models are too connected for a given NTG. More information on the
connectivity of facies modeling methods can be found in Walsh et al. (2021a).
To address this issue, they proposed the compression-based models (CBM).

The idea is pretty simple and starts with a model, generated with the facies
modeling method of choice, with the correct connectivity but incorrect pro-
portions. Facies objects are then vertically deformed, compressed, or extended,
in order to respect the facies proportions. The ratio between initial and final
thicknesses is called the compression factor (c¢g) and is defined as:

1— L _
cp = —HICE (2.11)
1- NTGy

where NT'G and NT G are the target and, respectively, the initial Net-to-Gross
ratio (sand proportion over fines). This can be simply seen as a rescale of the
facies layers according to their proportions. The great advantage of this method
is that a wide variety of models can be obtained by playing with connectivity
(AR) and proportions (NTG) as shown in Figure 2.37. On each column, the
models are obtained by deformation of the corresponding OBM located on the
ascending diagonal (col 1 - row 3, col 2 - row 2, col 3 - row 1). These compressed
models are difficult, if not impossible, to obtain with classical methods (Walsh
et al. 2021Db).

CBM can produce different results depending on the initial model chosen. The
major difficulty of this approach is to know the correct initial NTG to obtain
the desired AR. Moreover, AR is not an applicable measure of connectivity for
pixel-based method and, for these reasons, Walsh et al. (2021a) have proposed
the following equation:

NTG;=1—(1—-NTGg)"H! (2.12)

This equation establishes a relationship between the initial NTG and the per-
colation threshold (P), which values range between 0 and 1. The percolation
threshold serves as a more relevant measure of connectivity for pixel-based
methods. Here, NTG¢ represents the critical Net-to-Gross ratio, a variable
that depends on the chosen method.(Walsh et al. 2021a).

The method has also been improved to consider more than two facies and dif-
ferent hierarchical levels, allowing to consider more complex situations. Con-
ditional simulations can be achieved by transforming the borehole data into a
nondeformed space, as outlined by Walsh et al. (2021b) and Manzocchi et al.
(2023). The conditioning data, once transformed, are utilized for conditional
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Figure 2.37: Different CBM models according to NTG and AR. Models in the
ascending diagonal are simple boolean models with no deformation and serve as a
basis for the other models that are compressed/dilated. White dots show the precise
values used to generate each model. Image taken from Manzocchi et al. (2023).

simulations in the original space employing the chosen method (MPS, OBM).
Subsequently, the models undergo compression, following the previously de-
scribed approach, to derive compressed conditional simulations.

This approach presents a valuable emphasis on connectivity, a factor often
neglected in traditional facies modeling. However, a notable drawback of this
method lies in its complete erasure of the initial model structure and the under-
lying geological concepts that guide its construction. Determining the appro-
priate initial parameters for constructing the prior model, in order to adhere to
specified criteria post-deformation, poses a significant challenge. For example,
with this method, it is nearly infeasible to reproduce the variogram, although
it can be deduced from the data. The HOS are even more difficult to respect.

The difficulty in predefining these initial parameters may limit the applicability
of the method and its effectiveness in capturing the desired geological features
and spatial statistics. For now, the method has not been widely applied, but
this relative simplicity and the fact that it can be used with any facies modeling
methods could open the door to a new way of building and thinking models.
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2.7.2 Pixel deformation

To alleviate some issues with the choice of the TD for MPS simulations, Straub-
haar et al. (2019) have proposed two different operations to edit existing con-
ceptual models (continuous or categorical): painting and wrapping. Although
mainly designed to obtain an updated TD for MPS simulations, these opera-
tions can also be used with other facies modeling outputs.
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Figure 2.38: (a) Ezample of pizel deformation on a initial image of channelized
system (b) to which expansion (c) or compression is applied using a specified f value.
(d) displays the relative proportions of each facies for each case.
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The method uses the similarity of the model between a given pattern in a certain
place of the model and the other locations. The details on how to compute this
map are given in Straubhaar et al. (2019).

During the painting operation, pixel values in regions similar to the selected
area are directly replaced. A new facies is assigned to the model using the
self-similarity map, cut at a user-given threshold to determine the location of
the new facies code. The proportions of the properties can then be inflated or
eroded, while keeping geological shapes consistent through the transformation.

The warping operation is a little bit more complex and involves a space trans-
formation into zones similar to the chosen area. This involves a deformed grid
from which values are moved and subsequently interpolated back onto the orig-
inal grid. Straubhaar et al. (2019) provides a detailed explanation of how the
new grid is constructed, relying on the dissimilarity map. The degree of de-
formation is controlled by a user input parameter f. In the example shown
in Figure 2.38 channel system are expanded (Fig. 2.38b) or compressed (Fig.
2.38¢) depending on the f value used. Note how the shape of the channels is
preserved through the compression and expansion processes.
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More seen as a tool to design and update existing TD for MPS, this approach
has other interesting applications that can be considered. It can help with con-
ditioning by locally adapting the models to respect some data or also to adapt
the facies proportions. Moreover, it is easy to use and simple to parameter-
ize. From this perspective, interesting applications of this approach are sure to
emerge in the years to come.

2.7.3 Summary

Deformation-based methods are a compelling alternative to other techniques.
They leverage the generative capabilities of other methods and modify their
output models based on specific criteria such as facies probabilities or connec-
tivity. The presented approach, whether CBM or pixel deformation, is flexible
and versatile, making it possible to adjust existing models to meet specific
needs. Updating a model can correct certain drawbacks in the methods, such
as conditioning to soft or hard data or reproducing certain connectivity values.
Their scope of application is broad but has not been extensively investigated.
Consequently, they will likely receive particular attention in the coming years.

2.8 Machine learning-based

2.8.1 Basic Machine Learning concepts

Machine learning (ML) is, without a doubt, one of the recent techniques that
have received most of the attention from the scientific community to eas-
ily tackle long-standing problems in various domains. ML algorithms can be
broadly categorized into two groups: the "standard" ones, such as Random For-
est (RF, Breiman 2001) or Support Vector Machine (SVM, Cortes et al. 1995),
which have been in use for decades, and Deep Learning (DL, Ivakhnenko 1971)
algorithms, which leverage Artificial Neural Networks with hidden layers to ad-
dress intricate, nonlinear tasks that traditional ML algorithms struggle with.

The fundamental workflow of most ML algorithms involves considering features
as input for each data point. These characteristics can vary widely, including
geographical coordinates, clay content, or geophysical measurements for geo-
logical applications. The output consists of labels, which in the case of the
present study are the facies to be predicted. The idea is to train algorithms
using a dataset containing both features and corresponding labels, and then
employ the trained algorithms to predict labels based solely on the input fea-
tures, a process known as supervised learning. It is worth mentioning that it
is also possible to use unsupervised learning where labels are unknown to the
algorithm.

When it comes to facies modeling, studies mainly focus on DL methods, particu-
larly generative approaches, which have seen significant advancements in recent
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years. Generative methods differ somewhat from other algorithms, aiming to
directly produce subsurface images resembling a set of training images (TI).
This approach bears resemblance to MPS, which, however, does not necessarily
require a training phase (i.e. DS, see section 2.5). In addition, MPS methods
typically require one or a few TIs, whereas ML-based methods typically require
a large number of training data. Among generative methods, Generative Ad-
versarial Networks (GAN) have been the most widely used (Goodfellow et al.
2014) for facies modeling so far.

2.8.2 Artificial neural networks

Some studies have explored direct lithology prediction using nongenerative
methods, notable examples include Sahoo et al. (2017), who employed ANN in
conjunction with Self-Organizing Maps (SOM) to forecast the spatial distribu-
tion of lithofacies. They achieved remarkably high prediction accuracy, reaching
up to 90%. Similarly, Hammond et al. (2023) used a comparable approach on
a large scale to predict lithologies in a glacial aquifer from more than 13,000
wells. Although these methods show promise in certain scenarios, they lack
control over the generated facies shapes, as predictions are made cell by cell.
Generative methods prove to be more adept at this task.

2.8.3 Generative methods

As GANs have been widely applied in different areas such as downscaling or
the generation of images of human faces, it was logical that they gained great
popularity in the field of geosciences to generate intricate and detailed images of
the subsurface (Song et al. 2021; Zhan et al. 2023). It is important to note that
the intention here is not to provide an exhaustive list of all research utilizing
GANSs, but rather to highlight notable examples of facies modeling using these
techniques and discuss future prospects. While it is impractical and beyond
the scope to enumerate all potential applications and methodologies of GANs,
readers interested in a comprehensive overview can refer to the review by Zhan
et al. (2023), which delves into the various applications of DL for identifying
sedimentary structures.

GANs, originally proposed by Goodfellow et al. (2014), involve not one, but two
ANNSs that are in competition with each other: the generator (G) and the dis-
criminator (D) (Fig. 2.39). The generator takes a latent vector of random values
as input and produces an image. Subsequently, either this generated image or
an image from a collection of real facies models is fed into the discriminator,
which then outputs two scores, one for real and one for fake images. The loss
function is computed based on whether the image is real or fake, and is used
to update both the generator and the discriminator through backpropagation.
Two distinct loss functions are employed: min and max loss. The discrimina-
tor strives to maximize the loss function, whereas the generator attempts to
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Figure 2.39: Standard workflow of a GAN where the Generator (Gg) generate
images and the Discriminator (Dy) outputs two scores (one real and one fake) to
decide if the image generated by Gy is a real facies model or not. A Loss is computed
according to the scores and used to update both Gy and Dy. Image taken from Song
et al. (2021).
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minimize it. The reason is that these two artificial neural networks are in com-
petition with one another, with the generator seeking to generate images that
are the closest of the training datasets and to trick the discriminator, while the
discriminator attempts to determine whether an image is a real one or a fake
generated.

Initially, at the beginning of training, the generated images are entirely random
and easy to distinguish. However, as training progresses, the generated images
increasingly resemble those of the training data set. Once trained, G can be
used to generate stochastic images nearly instantly by simply changing the
input latent vector.

One of the first applications of GANSs to facies modeling is attributed to Chan
et al. (2017), which divided a large TI river into small images that serves to
train a GAN. The final generated images showed a great similarity to the
training data set and demonstrated the capability of GAN for facies modeling.
Dupont et al. (2018) also proposed a GAN to model 2D conditional images
of a fluvial facies. The conditioning is done through constraints applied to the
Loss function, which penalizes images that do not respect observed conditioning
data. Their GAN was trained on a set of 5000 images generated using FLUVSIM
(Deutsch et al. 1996). They also compared their results with the MPS algorithm
SNESIM (Fig. 2.40) and they have showed that GAN generated channels are
better connected and look more realistic than those generated by SNESIM.

One notable advantage of GANs and other generative methods is their adapt-
ability to inverse problems through adjustments to the latent vector values (e.g.,
Laloy et al. 2018; Mosser et al. 2019; Jo et al. 2022). For example, Laloy et
al. (2018) capitalized on this capability by introducing Spatial GAN (SGAN),
which they combined with a MCMC algorithm to solve inversion problems
in both 2D and 3D settings. Following the training of SGAN, the MCMC
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Figure 2.40: Comparison between the GAN of Dupont et al. (2018) and SNESIM
MPS algorithm (Strebelle 2002). Image taken from Dupont et al. (2018).

procedure enables the sampling of the low-dimensionality latent vector until
the generated images closely match the measurements, such as time series of
hydraulic heads. However, it is important to note that their method can be
highly time-consuming. For example, they reported that it took approximately
12 hours to train the 3D GAN and that an additional day was required for the
MCMC algorithm to reach convergence. Recently, Song et al. (2023) combined
a GAN with a surrogate Convolutional Neural Network (CNN) flow model to
efficiently integrate both geological (facies proportions, channel orientation)
and hydrogeological data (water pressure) to generate the facies models. The
incorporation of the surrogate, which was trained by integrating physical infor-
mation, a the groundwater model, helped alleviate the computational burden
of the flow simulation and expedited the sampling of latent vector values. This
advancement represents a significant step toward more efficient and accurate
facies modeling techniques.

GAN architectures for facies modeling have evolved since the first applications
to better integrate different kinds of data (soft and hard) directly in the training
process such as GANSim (Song et al. 2021), stochastic Pix2Pix (Pan et al. 2021)
or spatially adaptive denormalization (Park et al. 2019; Abdellatif et al. 2022)
architectures. With these methods, soft information such as local proportions,
orientation of channels, width of levees can be considered more easily than with
classical architectures.
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Figure 2.41: Ezample of GAN simulations using a multi-scale discriminator with
different river style and orientations (b) and the training data for comparison.

Another important evolution on the GAN architecture concerns the multi-scale
discriminator that operates at multiple scales to evaluate the realism of the
generated images. It assesses the authenticity of images not only at the final
resolution, but also at lower resolutions. The advantage of this is the genera-
tion of high-resolution images with better quality and finer details compared
to traditional GANs. For example, Hu et al. (2023) employed a multiscale dis-
criminator to simulate highly detailed river segments based on the Yellow River
in China (Fig. 2.41). Their model can output rivers in four main directions and
choose the river regime (meander vs. braided).

Most of the previously cited researches only consider simple fluvial OBM mod-
els, which are quite limited when it comes to producing more detailed and
complex geological settings. However, Jo et al. (2020) and Pan et al. (2021)
have explored the use of GANs to replicate RBM realizations for lobe mod-
els and alluvial models (ALLUVSIM), respectively. The aim was to improve
the conditioning of these methods, which has been challenging as previously
discussed (see section 2.6.5). Both succeeded in reproducing most of the ca-
pabilities and features of the RBM models, such as controlling geometrical
parameters (channel and levee widths). However, it is worth noting that the
alluvial model presented by Pan et al. (2021) did not consider 3D cases. The
GAN lobe model introduced by Jo et al. (2020) offers an intriguing condition-
ing approach. They achieve conditioning by removing part of an unconditional
simulation around the data points. The removed parts are then filled using
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semantic image inpainting, a process that involved the generator where the
latent vector is optimized with a gradient descent method. The objective is to
maintain continuity with the rest of the model while respecting the borehole
data, thereby enhancing the realism and coherence of the generated geological
representations.

Some researchers have pushed the limits further by trying to reproduce process-
based simulations generated with FLUMY software (FLUMY™ 2022). For ex-
ample, Sun et al. (2023b) introduced the fluvial GAN, which accurately repli-
cates 2D horizontal slices of FLUMY models (Fig. 2.42B), despite the complex
shapes and the large number of facies (seven). The Fluvial GAN can consider
the avulsion factor to generate a wider variety of alluvial settings. They ex-
tended their approach to generate 3D realizations using a sequential method
where 2D layers are vertically simulated and conditioned on the previously
simulated layers (Sun et al. 2023a). In their approach, the degree of vertical
correlation between each subsequent layer is controlled by an avulsion factor.
However, direct and soft conditioning was not considered in their method. On
the contrary, Bhavsar et al. (2023) proposed 2D and 3D conditional FLUMY
models with GAN, which incorporate direct conditioning. However, the resolu-
tion of their models is notably limited due to the issues to train 3D generators.

Despite these recent and promising researches, GANs, as for other methods,
suffer from several limitations.

One particular issue is the site-specific nature of GANs, which means that mod-
els trained on one dataset may not generalize well to other sites or to other
resolutions and modeling extents of the same site, necessitating retraining. Fur-
thermore, the effectiveness of GANs often depends heavily on the availability
of a large training data set. Most of the studies cited typically use more than
10,000 images. However, creating a high-quality data set and labeling each im-
age is time-consuming and is an inherent part of every ML approach. Some
approaches, such as the one proposed by Zhang et al. (2023), which relies on
only one training image using a multiscale generator and discriminators, could
be areas of future research.

Although the conceptual framework of the GAN training process is straight-
forward, its practical application is not without challenges. GANs often prove
to be difficult to train, leading to the exploration of various approaches to ad-
dress this issue, such as progressive training (Song et al. 2021), where layers
are trained sequentially from shallow to deeper layers.

Moreover, while conditioning (both soft and hard) is feasible, as demonstrated
by different studies, it is not straightforward and nearly always involves adapt-
ing the structure of the GAN or training the GAN by altering the loss function.
This further complicates the training phase, which is already known to be in-
herently difficult.
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Figure 2.42: A: Ezamples of flumy models with horizontal and vertical slices. Each
model has been generated with a different avulsion factor. B: Corresponding Fluvial
GAN simulations with the similar avulsion factor. Image modified from Sun et al.
(2023b).

Finally, 3D models are important in facies modeling as it is required to cor-
rectly simulate 3D flow and transport. However, 3D GANs are known to be
extremely computationally and memory-intensive. Indeed, 3D images contain
more complex spatial correlations of different facies compared to 2D images,
necessitating GANs with more parameters and a higher number of training
images. However, memory issues arise as it is not feasible to use more than
10,000 large 3D images, especially if one-hot encoding for categorical variables
is employed, which further multiplies memory usage. As for the MPS approach,
getting 3D training data is also an issue. It is even worse than for MPS because
a large number of images are required. An option to circumvent this problem
has been proposed by Coiffier et al. (2020). Only 2D images are used to train
the GAN. The generator is constructed to generate 3D images, but the discrim-
inator is working on 2D sections extracted randomly within the 3D simulations
(possibly in different directions) and compared to 2D training data using a 2D
discriminator.
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2.8.4 Summary

The significant advantage of GANs and other generative methods lies in their
ability to rapidly generate highly complex images once they are trained. This
feature facilitates the use of inverse methods to optimize generated images
to align with observed data, including hydraulic heads, geophysical data, and
more. GANs can generate really complex and highly detailed features, as
demonstrated by the work of Sun et al. (2023b) or Hu et al. (2023), rendering
that are nearly impossible to obtain with other methods other than physically-
based methods. Despite these advantages, some notable issues persist that
currently restrict the widespread applicability of GANs and other generative
methods in facies modeling. However, ongoing research and advancements may
help overcome these barriers and improve the utility of generative methods
in geosciences. For example, ML diffusion models (Sohl-Dickstein et al. 2015)
have recently gained popularity because they require fewer parameters and
are easier to train than GANs. To date, the use of diffusion models for facies
modeling has been poorly explored (Lee et al. 2023) and is still in its infancy.
Further research is needed to investigate the advantages and how it compares
to GANSs.

2.9 Process-based

The last category of facies modeling methods discussed in this overview is the
process-based methods (PBM). These methods are known to produce the most
realistic and faithful models compared to what can be observed in sedimen-
tological records, although they are also the most challenging to parameterize
and constrain to observed data. The defining characteristic of PBM is their
reliance on physical processes and related equations, whether simplified or not.
For this reason, they are sometimes also referred to as "physically-based meth-
ods". "Stratigraphic Forward Model" is also a popular name, particularly in
basin and reservoir modeling. This mathematical nature necessitates numeri-
cal solution techniques, such as finite-difference, finite-element, or finite-volume
methods, along with the definition of initial (IC) and boundary (BC) condi-
tions. In some cases, assumptions are made to derive analytical equations that
alleviate this constraint. In all cases, this highly contrasts with other previously
seen methods.

Another notable distinction of PBM compared to other methods is that they
typically do not output lithological classes, but instead provide proportions of
each lithology. Additionally, PBM models contain much more information than
standard methods as they store several additional variables. For example, PBM
can track the spatial origin of lithologies, paleobathymetries through simulation
time, mean sediment age, etc. However, unlike other methods, PBM models
do not directly output the geometrical and hydrodynamical shapes commonly
used in OBM (such as channels, lobes, etc.). Instead, these shapes and features
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emerge naturally from the combination of mathematical expressions, related
parameters, and IC and BC conditions.

Several classes of PBM have been developed, each designed to address specific
geological contexts and sedimentological processes. Again, it is important to
note that this overview aims to provide a snapshot of existing PBM method-
ologies rather than an exhaustive coverage of all possible approaches. The fo-
cus will be on the most widely used and prevalent software and methodolo-
gies. In sedimentary modeling, the main PBM include diffusion-based models,
hydrodynamic-based models, and channel migration models.

2.9.1 Diffusion-based

Diffusion-based models aim to replicate sediment transport by employing dif-
fusion processes, typically proportional to local slope, water flow, and sedi-
ment concentration. A notable diffusion-based model is the Diffusive-Oriented
Normal and Inverse Simulation Of Sedimentation (Dionisos) (Granjeon 1996,
2014). Dionisos incorporates two primary processes to model sediment trans-
port: a slow slope-driven and a fast water-driven and slope-driven diffusion
transport. In Dionisos, the flow direction is determined based on the slope us-
ing a multiple-direction method (Granjeon 2014). The equations controlling
these processes are the following (Granjeon 2014):

Qsc,k = Kc,kcksmc (213)

Quk = Ky kcrQpyS™ (2.14)

where Qs 1 is the slow slope driven flux of sediment £ and @, 1 is the fast water
and slope-driven flux. Each equation requires its own diffusion coefficient Ky
which also depends on the sediment class k. ¢ is the surface concentration of
the sediment k, S is the local slope and m., m,, and n are coefficients between
1 and 2. Finally, @, is the local water discharge.

These equations govern the movement of sediments across the model, from
sources to sinks. However, it is important to note that these equations represent
the local maximum sediment discharge, which may be lower if the local sediment
availability does not exceed it. This depends on weathering and incision rates.

Dionisos is a versatile model capable of handling a wide range of sedimen-
tological processes, such as clastic sediments, carbonate sediments, evaporite
precipitation, or basement erosion. However, each sediment class in Dionisos re-
quires the definition of diffusion coefficients for both the slow slope-driven and
fast water-driven and slope-driven processes. Additionally, BC (e.g., sediment
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concentration influx, water influx, eustatic curves), IC, and geometries (pale-
obathymetries) need to be defined, often at different time steps. This leads to
highly parameterized models. Nevertheless, Dionisos offers a simplification of
processes by not explicitly solving complex hydrodynamic equations. This sim-
plification enables the model to run relatively quickly, and simulations typically
take several minutes to complete (Falivene et al. 2014).
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Figure 2.43: Two calibrated Dionisos models on layer thickness and sand propor-
tions at well locations (indicated by the black dot). The two models have very different
input parameter where model 63 has a low input sand percentage and concentration,
compared to model 59. Image taken from Falivene et al. (2014).
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However, the direct calibration of such models is not feasible due to the large
complexity and the high number of parameters of such problems but there
have been several attempts to partially condition Dionisos to soft data (sed-
iment layer thickness or local sand probability). For example, Falivene et al.
(2014) utilized a genetic algorithm to sample the posterior probability of a re-
stricted number of parameters (Fig. 2.43). Similarly, Patani et al. (2021) opted
for a different approach by employing a surrogate model, specifically a poly-
nomial chaos expansion which maps the Dionisos as entries and outputs some
values of interest to match (e.g., sand proportion at well position). This surro-
gate model helped accelerate the parameter sampling process, making it more
computationally efficient while still allowing for the incorporation of soft data
into the modeling process.

These conditioning methods are interesting as they employ stochastic ap-
proaches. They seek to estimate and optimize the appropriate combinations
of input parameters to generate multiple realizations necessary for uncertainty
quantification.

Dionisos is generally used to model a large-scale model (basin scale) over a long
period of time (millions of years). The reason is that Dionisos proposes aver-
ages of sediment transport and that the required BCs are difficult to determine
from sedimentological records. Dionisos also do not consider rivers directly,
which are simply modeled by adding water and sediment flux BC somewhere
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in the simulation domain. For more detailed and smaller-scale models, morpho-
hydrodynamic models are generally preferred.

2.9.2 Hydrodynamic-based

Water plays a pivotal role in the transport, deposition, and diagenesis of sed-
iments, making it imperative to understand how and where water flows to
accurately replicate complex sedimentological settings. Hydrodynamic models
serve as an appropriate solution for this task. Hydrodynamic models represent
a more intricate class of models due to their coupling of hydrodynamic equa-
tions, the Navier-Stokes equations, with sediment transport equations. These
models deal with highly complex processes, as the Navier-Stokes equations are
nonlinear partial differential equations known to be, in most cases, impossible
to solve in their full form and for 3D cases. Furthermore, sediment transport
modifies the properties of the fluid, which in turn affects the flow dynamics. Ad-
ditionally, sedimentary environments often involve mixed waters with varying
salinities, temperatures, and sediment loads, further complicating the determi-
nation of fluid density and its impact on flow behavior.

The most widely known and used softwares of this class are the Sedsim pro-
gram (Tetzlaff et al. 1989) and Delft3D (Lesser et al. 2004). Both models use
approximations of the Navier-Stokes equations. For instance, Sedsim simplifies
the flow by utilizing isolated fluid elements to represent continuous flow, an
approximation that has the drawback of not being able to model rapid changes
in fluid flows. Vertical flow is also assumed to be uniform (Tetzlaff et al. 1989).
Alternatively, Delft3D relies on the Boussinesq and shallow water approxima-
tions which neglect the vertical acceleration in the vertical component of the
conservation of the momentum equation. Once the flow is solved, the sedi-
ments are transported according to the principle of mass conservation. Both
softwares incorporate modules to reproduce different sedimentological environ-
ments (e.g., suspended and bedload sediment transport, aeolian transport (for
Sedsim), wave effects (for Delft3D)).

As these methods rely on general principles (hydrodynamic, morphodynamic
evolution, and sediment transport), they are quite general and can be applied to
a large variety of problems. For example, Li et al. (2023b) have used Delft3D to
simulate the creation and evolution of the morphology of braided rivers under
constant discharge. Also with braided rivers, Nicholas et al. (2013) have used
a hydromorphodynamic model (HSTAR) to investigate the effect of vegetation
and several other key parameters (water discharge, slope, sediment discharge)
on the morphologies of the system (Fig. 2.44).

The features that can be obtained from PBM are unique and very similar
to real structures. For this reason, PBM simulation provides very interesting
references that can be used as TI with image reproducing algorithms such as
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Figure 2.44: Morphological evolution of a braided river system using the HSTAR
model at seven different times. Image taken from Nicholas et al. (2013).

MPS or GAN. For instance, Aarnes et al. (2019) have used Delft3D to generate
10 different morphological deltas that have been used as TI with the SNESIM
algorithm. They were able to reproduce the structures of the simulated channel
network and the complex deposits and also showed the benefit of using multiple
TTIs instead of just one to produce more variability.

However, they are still computationally heavy and for this reason, methodolo-
gies have been developed to speed up the simulations (Li et al. 2018). One
common approach is to partially decouple the models and speed up the mor-
phological changing by a certain factor (morphological factor). This approach
assumes that, for a certain period of deposition/erosion, the hydrodynamic is
not changing, which consequently reduces the computational cost by the order
of 10 to 1000 (Li et al. 2018). Another approach involves assuming that most
sediment transport occurs during specific events, such as large flood events,
while smaller daily transports are ignored. Additionally, time compression tech-
niques can be employed, where numerical models emulate the spatial and tem-
poral compression observed in analog models. This compression allows faster
simulations by condensing the temporal and spatial scales of sedimentological
processes.
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Regarding the calibration and conditioning of such models, the examples are
very scarce. But some authors have proposed the use of adjoint methods (Clare
et al. 2022) that have the advantage of practically not being dependent on the
number of parameters, allowing the integration of a large number of parameters,
as well as performing more detailed sensitivity analysis. The concept behind
adjoint sensitivity analysis involves solving two sets of equations simultane-
ously: the forward model equations (representing hydrodynamic and sediment
transport processes) and the adjoint equations, which describe how a defined
cost function changes concerning variations in the system’s state variables. In
the study by Clare et al. (2022), they successfully calibrated a synthetic river
model using adjoint methods. Additionally, they conducted a spatial sensitivity
analysis of several parameters, including grain size, bed reference height, and
sediment density.

Finally, the interesting use of PBM for glacial environments where subglacial
flow and sediment transport models are combined to estimate till formation
should be mentioned (Delaney et al. 2019, 2023). The sediments are eroded,
based on an equation that depends on the sliding velocity of the glacier, and
routed across the glacier bed according to the subglacial flow model. Figure
2.45 shows the thickness evolution of a till using this model in 2D.
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Figure 2.45: Numerical exzperiment of the model of Delaney et al. (2023) where the
till thickness is shown at two different times as well as the sediment discharge and
water discharge. Image taken from Delaney et al. (2023).
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2.9.3 Reduced complexity models

Another approach to address computational challenges is through Reduced
Complexity Models (RCM), which aim to achieve outputs comparable to com-
plex PBM but with significantly simplified physical expressions and/or rules.
RCM can be seen as a hybrid method that bridges the gap between PBM and
RBM. RCM often utilizes cellular automaton techniques to simulate water and
sediment transport, as demonstrated by Delta-RCM (Liang et al. 2015). The
Delta-RCM approach involves releasing particles (or parcels) of water and sed-
iment at specified input points. These particles are then dispersed throughout
the simulation domain via a weighted random walk process that is influenced
by the evolving bed topography and hydrology of the system over time (Fig.
2.46). Delta-RCM has also been used to test the effect of sea level rise and
input sand fraction on connectivity in a synthetic case (Xu et al. 2021). Quite
surprisingly, they have found that the muddier deltas have higher normalized
connectivity because the channels stack better.
25% sand 0% el
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Figure 2.46: Time snapshots of the evolution of three different scenarios (sand
content) using the Delta-RCM model. Image taken from Liang et al. (2015).

2.9.4 Channel migration-based

Meandering channel-dominated environments represent a distinct sedimento-
logical setting where the spatial distribution of lithologies in the subsurface
is largely influenced by the evolution of the channel. Consequently, the avail-
ability of information on channel meandering facilitates the determination of
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subsurface heterogeneity. In pursuit of this goal, several authors have proposed
models that are typically based on certain approximations. For instance, some
models assume a river of constant width and posit that channel erosion is di-
rectly proportional to the velocity of the flow near the bank (Howard 1996) or
the curvature upstream (Howard et al. 1984). In a notable contribution, Sun et
al. (1996) derived an equation that establishes a relationship between the hy-
draulic constant and the curvature of the upstream channel to the flow velocity
near the bank.

In particular, this equation has been used to build the more complete FLUMY
fluvial model (Lopez 2003; Lopez et al. 2009; FLUMY™ 2022). FLUMY com-
bine physical equations (meandering evolution) and stochastic approach to re-
produce the deposits of a typical meandering environment. In FLUMY, the
channel deposits primarily coarse sediment along its centerline, while periodic
or irregular flood events result in deposits in the levee and overbank. Addi-
tionally, FLUMY can simulate chute cutoffs, avulsions, and levee breaching
events. By blending physically-based channel migration models with stochastic
methodologies, FLUMY can generate all the key elements of fluvial deposits
with remarkable fidelity compared to field observations (Fig. 2.42A). Moreover,
FLUMY and similar channel meandering models are efficient, as they do not
heavily rely on complex physical equations and can rapidly generate large-scale
models.

FLUMY does not allow for conditioning to hard data, but is able to reproduce
facies proportional trends by playing with the erodibility coefficient which con-
trols the facility (or difficulty) for the channel to erode a particular area (Lopez
2003; Lopez et al. 2009). Erodibility maps are used to constrain the path of
the channel in areas where the wells have sand and to avoid boreholes with
overbank deposits. An alternative is also to use GAN or MPS, as has already
been discussed in the previous section.

FLUMY is not the only existing model of meander channels, and several al-
ternatives have been proposed over the years, such as the integrated landscape
development model of the channel-hill slope (CHILD, Tucker et al. 2001) or
the python package meanderpy (Fig. 2.47, Sylvester et al. 2019) which is based
on the equations of Howard et al. (1984).

The decision to use a particular PBM method is highly context-dependent. If
the deposition environment to model is relatively shallow, then hydrodynamic
models such as Delft3D may be used. Delft3D has notably demonstrated its use
in coastal and deltaic environments. If, on the other hand, large sedimentary
basins are involved, then diffusion models (Dionisos) or hydrodynamic models
such as Sedsim are more appropriate. In the case of meandering rivers, channel
migration algorithms are ideal.
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Figure 2.47: 3D diagram of a model made with meanderpy. Image taken from
Sylvester et al. (2024).

2.9.5 Summary

In conclusion, although the physics of sediment transport is universal and can
be applied to many different contexts and problems, a large number of param-
eters need to be defined, as do the boundary conditions, which are generally
poorly understood. This makes the use of such methods difficult in concrete,
applied cases, all the more so when the modeler is not familiar with the com-
plex physics being modeled. Moreover, the extensive time required for simula-
tions makes calibration difficult, and ensuring effective conditioning becomes
even more challenging with an increasing number of conditioning data points.
This can be seen as a paradox where PBM (and OBM and RBM) require a
certain amount of data to effectively constrain the models and replicate geo-
logical structures accurately. However, if too much data is introduced, the task
of constraining the models becomes infeasible, prompting the need to resort
to simpler and easier-to-condition methods. As a result, the decision to use a
PBM for modeling a reservoir depends greatly on the context but, above all,
on the availability of the data.

However, PBM are still interesting. They can complement existing training
data sets and offer insight into the underlying processes that govern sedimen-
tological structures. As many studies have noted (Miller et al. 2008; Michael
et al. 2010; Aarnes et al. 2019), process-based models contain valuable infor-
mation that can support facies modeling. The notion that "the present is the
key to the past," a fundamental principle in sedimentological studies, assumes
that past systems are analogs to modern systems. However, the validity of this
hypothesis is subject to debate, as geological processes can change over time.
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Nevertheless, physical processes and laws remain constant, and PBM can accu-
rately reproduce various processes, providing that past conditions are known,
enabling the simulation of a wider range of scenarios than those observable
today. Therefore, PBM plays a crucial role in bridging knowledge gaps, statis-
tics, and discrepancies between past records and current observations, thus
contributing to a deeper understanding of geological processes and their evo-
lution over time. Furthermore, the possibility of using recently proposed ML
techniques, such as physical information neural networks (PINN, Raissi et al.
2017), to overcome some of these limitations may be promising and remains to
be investigated.

2.10 Synthesis and classification of the methods
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Figure 2.48: Proposed classification of the existing facies modeling groups and their
interrelationships.

Now that all the methods have been presented, it is time to summarize them
and propose some classifications. Figure 2.48 summarizes the different cate-
gories of methods and how they are related to each other. Deterministic meth-
ods have a special place, as the vast majority of facies methods are stochastic,
but can be adapted or used for deterministic models. As such, they are cen-
tral to almost all methods. Globally, the methods are separated but can be
easily linked together as their development and history are intricately linked.
For example, the SIS algorithm is the basis of many methods such as some
MPS algorithms, MCP or TPROGS. However, the most important separation
in methods probably lies between OBM-PBM and other methods. OBM-PBM
methods are based on a representation of heterogeneity by delimiting zones or
by facies proportions, but always with a reflection on geological processes and
geometries. The problem is therefore not only statistical but also geological
and sedimentological. Reproductive methods (reproducing patterns of a TD)
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Table 2.1: Requirements and limits in terms of inputs for facies modeling methods.
The compared inputs are the ease of integration of soft and hard data, the requirement
of a grid, the scale of application, the sedimentological context to which the methods

can be applied and the the requirement of an image or training data set.

Method Soft data Hard data Grl.d Scale Sedim. Ima.ugc
Required context required
Deterministic
Method yes yes no all all no
SIS yes yes yes all all no
IK yes yes no all all no
TPROGS yes yes yes all all no
MCP yes yes no all all no
TPGS yes yes no all all no
TK yes yes no all ordering required no
MPS yes yes yes all all yes
Standard OBM partly partly no all d;?élrelfitebnt no
SBM no partly no m to km limited no
RBM partly difficult no m to km d:;ii;)ilt no
Geometric no no no cm to km alluvial no
based
GBM partly yes no m to km i;;igl;ft no
Deformation
based yes yes yes all all yes
ML (GAN) yes partly yes all all yes
basins,
Diffusion-based  difficult no yes km cont. shelves, no
etc.
Hyd;);lg;:mlc yes no yes cm to km all no
Meander
Migration possible difficult no m to km alluvial, abyssal no
models

such as MPS or GANs are at the interface of these methods, trying to bridge
the gap between these two worlds. We placed RBM (Rule-Based) between the
OBM and PBM categories. The distinction is based on the placement of ob-
jects. RBM and RCM (reduced complexity models) are distinguished by the
fact that they mimic physics by placing objects in a certain way, while RCM
may incorporate simplified physical processes or use them as a basis for rules.
RCM are simplified versions of physical models that consider physical concepts,
including deposition and transport rules. They do not seek to position objects
in space.

Table 2.1 provides a more comprehensive analysis of each method’s capabilities,
it indicates the constraints and required inputs for each method. Once again,
we see the contrast between OBM-PBM and the other methods, particularly
concerning the sedimentological context. As these methods are partly based
on sedimentological processes, they are often site-dependent in terms of the
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objects or physical processes represented. We also clearly observe a gap in terms
of conditioning. Statistical methods rely on data and can efficiently integrate
them without difficulty, conversely to OBM and PBM.

Concerning the scale of application, many methods can be adapted to all scales.
However, some methods require more effort (e.g., OBM, PBM, MPS) whereas
some only require adjusting scale parameters (e.g., SIS, TPROGS, MCP). This
depends on the generated structures. If the simulated structures are abstract
and not geologically realistic, enlarging or shrinking them has little impact on
the quality of the simulations. Object methods, on the other hand, produce
models at a precise scale, and it is often not possible to change the size of the
objects, as this would make no sense geologically. The same applies to PBMs,
which reproduce processes at defined scales. If one wants to make a model at
a different scale, a complete conceptualization work is necessary.

Geological

Arealiim "

Computing time

SECOonds ).

Parameterization

Figure 2.49: Comparison of the facies modeling methods on three criteria: geological
realism, parameterization which represents the efforts and time to put to setup a
model and computing time. Computing time represents average values to obtain one
realization for typical cases. Note that manual interpretation was not considered in
this figure.
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In addition, these methods can be compared using other criteria, as shown in
Figure 2.49. This figure illustrates how the methods compare roughly in terms
of their ability to produce realistic models as a function of the time required for
model parameterization. The parameterization includes several tasks, such as
conceptualizing the model, analyzing data or databases to define parameters,
training the model on data, and adjusting the parameters of the model. In
addition, the general computing time for a standard model of each method
is indicated. Note that these values are provided to give a rough idea of the
relative computational requirements of each method. A few important points
to note: the position of each method also represents a kind of ideal average of
the models generated by that method. Also, the limits are arbitrary and can
be extended in certain situations and contexts. For this reason the limits are
dashed lines.

In general, geological realism increases with parametrization, as more time is
spent integrating more and better geological information. No methods are lo-
cated in the lower right corner, as this would indicate a high parameterization
time for poorly realistic models. On the opposite corner are the ideal methods
which would require very little parameterization for very realistic models. Un-
fortunately, such algorithms do not exist (yet) and they are in between these
two extremes. Simpler methods such as SIS or TPROGS are located in the
lower left corner, while more advanced and realistic methods such as PBM and
RBM are located in the upper right corner. The other methods are close to the
center, with quite a few differences. It may be noted that the use of objects
(standard OBM, SBM, RBM, GBM, Geometric models) often improves the
quality of models, but makes them more complicated to set up. Concerning
the computing time, it also increases with parameterization but with some ex-
ceptions such as GANs and related generative ML techniques that can quickly
produce models once the models have been trained. It is important to note that
the duration of this training can vary greatly depending on the specific cases
and may require several hours or even days. There is also a large difference
between PBM and the others as they often need to solve complex systems of
equations over large periods of time, resulting in a high computational cost
that can lead to simulations exceeding the hour.

This figure emphasizes the significance of taking parametrization into account
during the modeling process. It can be a time-consuming process that requires
expert advice. This does not mean, however, that we should systematically fall
back on the methods that require the least time and effort, as it is important to
inject this element of knowledge into the models. This is the only way to improve
models. On the contrary, we think it is more important to consider geological
realism. It is also expected that the effort involved in parameterization will
diminish over time as more and more geological modeling studies and open-
source solutions become available.
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2.11 The practice of facies modeling

The previous section on facies modeling and synthesis highlights the diversity
of methods used, ranging from rigorous mathematical and statistical theories
to intricate physical processes. While these methodologies were summarized in
the preceding sections, several overarching questions and issues have emerged.
The purpose of this section is to discuss these questions and suggest solutions
for the future of facies modeling.

2.11.1 How to compare and select?

A natural question arises: how to compare these methods and determine the
most suitable one for a given application? And is it useful to compare them?
The answer to this last question is obviously yes, because we need to have
confidence in the selected methods. After all, the subsurface will always be
uncertain and only partially investigated. Indeed, it is imperative to empha-
size that without exhaustive subsurface exploration, it remains impossible to
ascertain which method will yield the most realistic predictions definitively.
Uncovering the truth requires the complete extraction of the subsurface. Un-
fortunately, such a systematic survey based on meticulously mapped ground
truth, fully delineating the internal heterogeneity in unconsolidated and sed-
imentary environment has never been carried out. The impracticality of such
an undertaking requires excavating large volumes of underground materials,
which renders it prohibitively costly and politically difficult.

In the literature, several studies have compared different methods (e.g., Falivene
et al. 2007a; Dell’ Arciprete et al. 2012; Deveugle et al. 2014; Serrano et al. 2014;
Marini et al. 2018; Major et al. 2023), but these comparisons typically involve
only three or four methods at once. Moreover, comparisons often focus on the
same traditional methods (SIS, TPROGS, SNESIM, etc.). Additionally, the
cases considered and tested are often limited and may favor certain methods
while yielding different results in other settings. The metrics used in these com-
parisons are also frequently restricted to facies predictions, local proportions,
and variograms, without considering flow and transport simulations.

For example, Dell’Arciprete et al. (2012) have compared three pixel-based
methods (SIS, TPROGS, MPS) in terms of local proportions but also in terms
of connectivity. They show the difficulty for MPS to simulate low-portion fa-
cies, but also its ability to generate the complex geometries of dominant facies,
compared to SIS and TPROGS. Another interesting study is that of Deveugle
et al. (2014) who have compared SIS, MPS, and a standard OBM. They found
that no method particularly outperformed the others and that the results were
more dependent on the conditioning data and geological concepts underlying
the construction of the models. Furthermore, Major et al. (2023) compared
TPGS with FLUMY models for a geothermal reservoir and surprisingly found
comparable results between the two models. This suggests that in certain cases,
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traditional methods may suffice. However, it is important to note that these
findings are not universal and that further studies are necessary in different
settings with varied parameters to draw general conclusions.

To compare and select a method efficiently, Deutsch et al. (1992) have estab-
lished a list of criteria which has been further refined by Koltermann et al.
(1996): (1) the capacity to generate plausible realizations within a reasonable
timeframe, encompassing conceptualization, parameterization, and computa-
tion; (2) the ability to incorporate data and expert knowledge into the mod-
eling process; (3) the capability to explore a broad range of uncertainties, not
only within facies models but also within physical forward models reliant upon
them (e.g., flow, transport); (4) the aptitude to address relevant scales of het-
erogeneity pertinent to specific flow and transport problems; and finally (5) the
ability to generate parameter models that yield plausible forward simulations.

These criteria are well detailed and discussed in Koltermann et al. (1996) and
underline the importance of integrating facies models with their intended pur-
pose, that is, combining them with flow and transport models. As stated by
Koltermann et al.: "A valid method for map generation is one that accurately
reproduces both the spatial patterns of hydraulic properties and the observed
subsurface fluid flow and transport behavior" (Koltermann et al. 1996, p. 2652).
Therefore, a facies model serves not as an end in itself, but as a means to an
end.

However, all of these criteria are not quantitative and can be subjective. For
example, what is a "plausible" realization? What is a "reasonable" comput-
ing time? What is a broad range of uncertainties? In addition, these criteria
depend on a large number of external factors (e.g., algorithms optimization),
not directly related to the methods themselves. A way to circumvent this is
to rely on quantitative metrics such as cross-validation. In particular, Juda et
al. (2023) have proposed a complete cross-validation framework for categorical
variables with this aim. However, this type of cross-validation only allows to
quantify the quality of the predictions of the methods on a cell-by-cell basis.
This means that other features, more difficult to assess, such as feature geome-
tries or geological concepts (e.g., fining-upward sequences) are not tracked. In
this way, certain methods that can more easily respect conditioning data (e.g.,
SIS, TPGS) will have an advantage over others that have less control (stan-
dard OBM, SBM, RBM, PBM). However, these methods show more realistic
features that respect the geological concepts defined by the modeler.

This raises a crucial question: can a model that is not approved by an expert
be considered valid? Or conversely, can a model that does not perfectly respect
the data be considered valid?
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2.11.2 Issues with data

The level of geological accuracy that a facies method should aim to achieve
depends on the particular objectives and needs of the modeling task. Even if
the model does not appear to be highly realistic, it can still be useful for its
intended purpose if it accurately represents or closely approximates important
metrics, such as proportions and connectivity. It is also important to remember
that the purpose of facies models is often to be used in flow (and transport)
models. In addition, the aim is for the observations in these models to be re-
spected as closely as possible, rather than the underlying geology. But, the
data themselves may be uncertain. For instance, soft data is often an interpre-
tation, which can be subjective and depend on the methods and people used
to assess them. Uncertainty of hard data must also be considered (e.g., wrong
or erroneous descriptions, quality of the boreholes, etc.). If we add to this the
effect of support (Chiles et al. 2012) inherent to geostatistical problems, we can
legitimately ask whether it is necessary to blindly respect all data and how to
integrate at best this source of uncertainty, often neglected.

Moreover, this raises a potential data paradox, mentioned in the section on
process-based methods. Usually, the more hard data there is, the better the
models are supposed to be for variogram/transiogram-based methods, but it
may not be the case for other methods. For example, the more data there is, the
more difficult it is to condition the realizations of process-based models. When
the number of data is large, the data may become incompatible with each other
within a given geological concept, the realizations can become awkward. The
conditional realizations then differ significantly from unconditional simulations
and no longer completely represent the concept they are intended to model.
The attempts to constrain channel migration in FLUMY by adapting locally the
erodability is a good example (Lopez 2003). FLUMY realizations aim to respect
both hard and soft data by adapting and modifying local physical parameters,
such as erodability, to direct the evolution of the river channel. However, the use
of this approach is debatable as it may not fully constrain the river migration
to follow the natural evolution dictated by the physical equations, since some
physical parameters are adjusted on the fly. As a consequence, artifacts of
simulations are likely to appear.

However, data is still necessary to constrain these models in various ways, such
as choosing parameters, calibration, and boundary conditions. As a result of
this paradox, it is possible that modelers prefer variogram/transiogram-based
methods without considering other options. While this is not the sole reason,
it likely contributes to it. Little can be done about this paradox, except to be
aware of it. It should not be a barrier to the use of advanced methods, as they
can still prove useful in understanding the processes involved, the geometries
produced, the associations of facies, serving as TD for MPS, etc.
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2.11.3 Diversity of the methods

The wide variety of facies methods is an interesting point to discuss. Although
all these methods aim to categorize a given space with facies, no model, al-
gorithm, or software produces identical results, shapes, or features. The only
potential counterexamples are methods that reproduce a TD (MPS, ML), al-
though in this case, the simulations reproduced are not perfect replicas and are
not free of artifacts, especially when the TD is complex. Due to the complex and
intricate nature of the subsurface, this diversity should be seen as an advantage
rather than a drawback. It allows for increasing the number of different realiza-
tions and better estimating the uncertainty. The models can then be validated
or invalidated by comparing the results of the forward models with observa-
tions. It is therefore possible and even recommended to exploit this diversity
to increase the reliability and validity of the models by confronting them and
combining them.

2.11.4 Accessibility and open solutions

The time dedicated to the model is crucial and, unfortunately, often dictates
the choice of the method. It may be tempting to save time by selecting meth-
ods that require little or no implementation or reflection. But this would mean
neglecting the geological origin of the subsurface and replacing it with a simple
geostatistical relationship. The time spent on conceptualization should not be
a major obstacle to the use of certain methods. On the contrary, we should
be pushing to make these more difficult-to-implement methods (OBM, RBM,
SBM, process-based) more accessible and available. It should be noted, how-
ever, that a number of commercial software packages already include these
methods. However, the high cost of such software may limit its use. To address
this issue, it may be beneficial to develop additional open-source alternatives
and workflows. This could include the development of open-source or free-to-
use geological modeling software (de la Varga et al. 2019), the integration of
analogous databases (Colombera et al. 2012), or the creation of a comprehen-
sive TD database for MPS and ML (Pyrcz et al. 2008). The geological processes
have this particularity to be both general and site-specific. It is then necessary
to combine the knowledge with in-depth analysis to completely understand the
geology of a site. The same goes for geological and facies modeling. To facilitate
this, we need to develop more free, open-source alternative software.

2.12 Perspectives for further research
This review and synthesis allowed us to identify a list of key potential gaps in

facies modeling, which could be addressed in future research.

We think that there is a significant need for more systematic comparisons of
facies modeling methods. This is essential for selecting methodology and is
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therefore of primal importance. To this aim, researchers could create several
reference cases, comprising both digitized examples of real-world subsurface
conditions and realistic synthetic models, to rigorously test and compare various
techniques.

Moreover, the development of workflows that seamlessly integrate analog
databases with facies modeling methods, particularly all OBMs and PBMs, is
essential. These workflows can enhance data integration and partially automate
the conceptualization process, facilitating model development and reliability.
However, to simplify the development of such workflows, more open and ac-
cessible tools and databases may be required. Therefore, there is a need to
create more open source and freely available alternatives for geological and
facies modeling. This is a challenge that we will treat in chapters 3 and 7 of
this thesis.

In addition, these workflows must be constructed to integrate at best all possible
data. Indeed, by advancing methodologies for incorporating various data types
such as well logs, seismic data, and outcrop data, researchers can bolster the
accuracy and reliability of facies models. Nevertheless, the substantial diversity
of data sources and scales represents a continuing challenge, complicating their
use and underlining the need for global solutions for the next years and decades
to come.

PBM and RBM are the methods that produce the most realistic models. Al-
though they are often site-specific and time-consuming to construct, they can-
not be easily conditioned to data, making them challenging to use in practical
situations. Therefore, it is crucial to continue their development to enhance
their accessibility and application to other sedimentological contexts, such as
glacial environments. One interesting avenue is neural networks, which have re-
ceived increasing attention over the last ten years, and could prove very useful.
Examples include generative methods or physically informed neural networks
with PBM.

2.13 Conclusion

This review demonstrates the diversity of facies models and covers a wide range
of methods. It includes a state-of-the-art review of the most common facies
methods, as well as a classification and comparison of these methods based
on various criteria. This synthesis should help users in the complex and often
difficult selection of one or more methods to suit their specific needs.

However, the lack of systematic comparative studies makes method selection
difficult. This is partly due to the lack of references and standards in facies
modeling. There is also a lack of diversity in the sedimentological environments
presented in the literature. Most papers consider the same environments, such
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as fluvial or abyssal. Other environments, such as glacial, eolian, or volcanic,
have been much less modeled. Another issue is the integration of data from
a wide variety of sources, such as boreholes, outcrops, analogous geological
databases, geophysical, or groundwater data, into the modeling process. The
integration of all of these data should improve significantly the reliability of
models, as they would be validated by several independent data sources.

To partly solve the issues addressed in this review, several solutions can be
considered. First, the community should continue developing methods based
on geological processes, such as rule-based or process-based methods. These
methods enable geological concepts to be better integrated and can be used
as training sets for other methods such as multiple point statistics or machine
learning. Facies methods also need to be made more accessible and integrated
into open-source workflows. This will not only facilitate their use, but also their
combination and data integration. A strong emphasis must also be placed on
the conceptualization of models to better define the sedimentological context
of each study area and therefore choose the methods best suited to reproduce
it.

Facies modeling stands as a pivotal step forward in refining subsurface char-
acterization, acknowledging the profound influence of facies in shaping het-
erogeneity. The evolution of facies modeling will be driven by the future im-
provements in modeling techniques, particularly with multiple-point statistics,
machine learning, process-based, and rule-based methods. The convergence and
synergy among these approaches promise important breakthroughs in the fore-
seeable future, enriching geological modeling for years and decades to come.
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Abstract

When modeling groundwater systems in Quaternary formations, one of the first
steps is to construct a geological and petrophysical model. This is often cum-
bersome because it requires multiple manual steps which include geophysical
interpretation, construction of a structural model, identification of geostatisti-
cal model parameters, facies and property simulations. Those steps are often
carried out in different software, which makes the automation intractable or
very difficult. A non automated approach is time consuming and makes the
model updating difficult when new data is available or when some geological
interpretations are modified. Furthermore, conducting a cross-validation pro-
cedure to assess the overall quality of the models and quantifying the joint
structural and parametric uncertainty is tedious. To address these issues, we
propose a new approach and a Python module, ArchPy, to automatically gen-
erate realistic geological and parameter models. One of its main features is that
the modeling operates in a hierarchical manner. The input data consists of a
set of borehole data and a stratigraphic pile. The stratigraphic pile describes
formally and in a compact manner how the model should be constructed. It
contains the list of the different stratigraphic units and their order in the pile,
their conformability (eroded or onlap), the surface interpolation method (e.g.
kriging, sequential Gaussian simulation (SGS), multiple-point statistics (MPS),
etc.), the filling method for the lithologies (e.g. MPS, sequential indicator sim-
ulation (SIS), etc.) and the petrophysical properties (e.g. MPS, SGS, etc.).
Then, the procedure is automatic. In a first step, the stratigraphic unit bound-
aries are simulated. Secondly, they are filled with lithologies and finally the
petrophysical properties are simulated inside the lithologies. All these steps
are straightforward and automated once the stratigraphic pile and its related
parameters have been defined. Hence, this approach is extremely flexible. The
automation provides a framework to generate end-to-end stochastic models and
then the proposed method allows for uncertainty quantification at any level and
may be used for fully inversion. In this work, ArchPy is illustrated using data
from an alpine Quaternary aquifer in the Upper Aare plain (south-east of Bern,
Switzerland).

3.1 Introduction

When constructing a 3D groundwater flow model, one of the first steps is to
build a geological model. This includes defining the geometry of the strati-
graphic units, filling them with a spatial distribution of litho-facies, and finally
filling the litho-facies with petrophysical parameter values. The construction
of these models is often complex and involves multiple assumptions and com-
puting tools (Pyrcz et al. 2014; Ringrose et al. 2016; Wellmann et al. 2018).
It is necessary not only to evaluate the uncertainties related to the parameters
values. Indeed, geological structures of the aquifer or inversion using hydro-
geological or geophysical data are also important sources of uncertainty. It is
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therefore extremely important to be able to construct all the components of
these geological models in a manner that is fully automated, well documented,
and repeatable. In this paper, our aim is to introduce a new tool that can be
used for this purpose for Quaternary aquifers.

The history of geological modeling techniques is rich and diverse (Matheron
1963; Mallet 1989; Koltermann et al. 1996; Ringrose et al. 2016). However,
some geological features such as the Quaternary formations are still difficult to
model. These sediments were deposited during various sedimentological events,
acting at different scales, both temporally and spatially, leading to complex
relations and hierarchical structures. Larger and bigger units are the results of
the aggregation of sub-units of smaller hierarchical order, that can themselves
be the results of the aggregation of sub-sub-units of even smaller hierarchical
order, and so on (Miall 1991; Heinz et al. 2003a; Bridge 2009). The definition of
this stratigraphic hierarchy is very important when analyzing field data (Aigner
et al. 1996; Ford et al. 2014) but also to develop stochastic modeling techniques.

However, one difficulty is that the concept of hierarchy is used differently de-
pending on the modeling techniques, and the hierarchical modeling does not
necessarily match exactly what is meant by stratigraphic hierarchy. For exam-
ple, Neuman (1990) approaches the question of the hierarchy by showing that
it is likely that the hydraulic conductivity of hierarchical sedimentary deposits
should have a truncated-power law variogram, Ritzi et al. (2004) used the same
type of tools but derive different types of variograms. In these approaches the
sedimentological heterogeneity is not represented explicitly but represented by
multi-Gaussian fields having specific correlation structures. On the opposite,
Scheibe et al. (1995) or Ramanathan et al. (2010b) constructed highly detailed
simulations of fluvial deposits using the concept of hierarchical deposits to in-
vestigate the effective properties of these types of sediment.

When modeling aquifers, the word hierarchy is often used with a slightly dif-
ferent meaning. It generally means that the modeling of the hydraulic conduc-
tivity field includes several steps such as the modeling of stratigraphic units
with a given technique, followed by the modeling of the litho-facies within the
stratigraphic units, and finally followed by the modeling of the hydraulic con-
ductivities within the facies. This hierarchical modeling approach may include
only two or all of these steps. It was used in many case studies (Weissmann et
al. 1999; Feyen et al. 2006; Comunian et al. 2011a; Bennett et al. 2019). We
note that this approach can be refined by using categorical geostatistical mod-
eling methods to define stratigraphic units in which sub-units can be modeled
using again categorical simulations tools, and so on to obtain multiple-levels
of hierarchy (Zappa et al. 2006; Comunian et al. 2016a). But this last method
does not account for the fact that sedimentary units are usually deposited as
sub-horizontal layers and that in general their geometry is controlled by a set
of stratigraphic rules. Other methods account for that information, such as
the implicit interpolation method implemented in the Geomodeller 3D or in
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the Gempy software (Calcagno et al. 2008; de la Varga et al. 2019). In this
approach, the user defines the order of the stratigraphic units and the re-
lations between them, allowing to model automatically the volumes. This is
convenient to build complex models in an efficient manner, but Zuffetti et al.
(2020) show that these tools cannot handle properly the concept of sub-units
within a stratigraphic unit. These authors propose therefore to formalize the
stratigraphic hierarchy and define rules allowing to automatically construct 3D
models based on that concept, and they show promising results.

All these observations show that there is still a need for a tool that would
facilitate stochastic 3D geological modeling. The tool must allow the user to
conduct a complete and proper uncertainty quantification including uncertainty
at the level of the units geometry as well as their lithologies and properties.
The tool must allow to carry out cross-validation efficiently, meaning that it
must be possible to remove any type of data and reconstruct an ensemble of
models automatically. The model must also be easy to update when new data
are acquired or if the geological interpretation is modified.

The aim of this paper is to present the ArchPy approach. The method includes
the two types of hierarchy discussed above. ArchPy defines the stratigraphic
units from borehole data while accounting for as many hierarchical levels as
needed from a stratigraphic point of view. But the method is also hierarchic in
the sense that the same method will include the modeling of the stratigraphic
units, and then the modeling of the litho-facies within the units, and finally
the modeling of the properties within the litho-facies. ArchPy is a methodology
but it is also a Python module allowing the automatic generation of stochas-
tic, reproducible, and hierarchical models from borehole data and a geological
concept.

To minimize the user interventions during the simulations, we rely on a formal
description of the geological concept that ArchPy uses to construct the hierar-
chical model. This type of formal description is not new, it was described for
example by Renard et al. (1994) for fracture networks, and is at the core of
Geomodeller 3D or Gempy in which a geological pile is defined to express the
relations between the geological events and must be given explicitly (Calcagno
et al. 2008). However, as revealed by Zuffetti et al. (2020), the manner in which
the pile is defined and used in these codes does not allow to describe the strati-
graphic hierarchy. It is therefore necessary to find more general ways to describe
the pile. One approach using a tree was proposed in Zuffetti et al. (2020). Here
we adjust this initial data structure, and we extend it to include additional
information allowing to encapsulate all the knowledge required to build au-
tomatically the 3D model. We call this formal description, the Stratigraphic
Pile (SP). The SP contains the description of the interpolation methods for all
surfaces bounding the stratigraphic units, as well as the description of the sim-
ulation methods and parameters for filling the different units with litho-facies
and properties.
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It is important to note that the geological data in boreholes or outcrops are not
always representing the actual position of the boundary between two units but
instead they indicate that this boundary should be lower or above this data.
Such situations arise in presence of erosion or hiatus in the deposition sequence,
or because a borehole is too shallow and does not reach the base of a given unit.
These data are frequent and can be treated as inequalities (Dubrule et al. 1986;
Mallet 1989; Freulon et al. 1993a; Straubhaar et al. 2021). The use of such data
can increase significantly the quality of the simulations as shown for example
by Freulon et al. (1993a). In the ArchPy methodology, we include not only the
possibility of interpolating the boundaries between stratigraphic units using
such inequalities, but we also propose a method to automatically identify the
inequalities in the borehole data to facilitate the automatic updating of models
with large borehole data sets.

ArchPy is also an object oriented python package allowing to illustrate the
applicability and the benefits of the proposed approach. While describing the
methodology, we will also discuss the key objects that are used to implement
the concepts underlying the approach. Its python interface and open-source
nature facilitate its use for a large number of users.

The main novelty of the proposed approach and this software is to allow fast
and reproducible simulations of Quaternary aquifers as well as their related
uncertainties to any desired hierarchical level (unit, sub-units, facies and prop-
erties).

This paper first describes the different components of the ArchPy approach and
then illustrates its main features using a synthetic and a real case example.

3.2 The ArchPy approach

In this section, we first present a brief overview of the main components of the
proposed methodology. We then describe in detail the concept of Stratigraphic
Pile (SP) as well as the way we deal with the stratigraphic rules (erosion,
hiatus). All the simulation steps and modeling guidelines are explained using a
synthetic case. In the following, and for the sake of brevity, the word unit will
refer to the stratigraphic unit as defined in the SP and lithology or facies will
refer to the different litho-facies that can be found inside these units.

3.2.1 General overview

The final aim of ArchPy is to generate an ensemble of petrophysical models
(or property models) that describe the spatial distribution of specified prop-
erties consistent with the location of the units and facies. To achieve these
results, ArchPy proceeds in several steps (Figure 3.1). The input data are a
Stratigraphic Pile (SP) and a set of Hard Data (HD). The HD can be either
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Figure 3.1: Overview of the ArchPy approach.

borehole data or punctual information (e.g. from outcrops). First, the HD are
processed to extract the contact points (equalities and inequalities). Then, a
whole simulation takes place hierarchically in three main steps:

1. simulate the surfaces delimiting the units boundaries and thus allowing
to define the stratigraphic units domain;

2. simulate the facies to fill each unit using various geostatistical methods
according to prior geological knowledge;

3. simulate the properties inside each facies independently.

All these steps are done conditionally to the HD. In the end, the final models
are validated by the user. If they are not satisfying (based on expert knowledge
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or on some criterion), the SP can be modified (on the simulation methods
for example) and previous steps are re-executed, depending on the modified
parameters.

ArchPy can be used in several manners. It can be used to generate one or
an ensemble of models to quantify uncertainty. It can be used to facilitate the
update of geological models when new data are collected in the field. And it can
also be coupled with an inversion technique to express the prior distribution of
the geological and petrophysical parameter values.

It is important to note that each step depends on the results of the previous
ones. For example, after a first complete simulation, if the only parameters
changed are those of the filling step, it will only be required to simulate the
facies in the units and subsequently the properties inside them. Similarly, if
only one surface has been recomputed and the others have been kept, the only
unit domains that will need to be re-simulated (as well as their filling) will be
those impacted by a modification of this surface. This flexibility is important
for dealing with large inverse problems as the number of unknown parameters
can make the problem tedious and difficult (Biegler et al. 2011). It allows to
focus on particular units of interest and only simulate parts of the domain at
any desired level, without being forced to simulate the whole system each time
a modification is decided.

3.2.2 The Stratigraphic Pile
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Figure 3.2: Schematic representation of an ArchPy stratigraphic pile (B) given a
geological concept (A): “interp. method" stands for interpolation method, GRF for
Gaussian random functions, DEM for Digital Elevation Model, “Prop method" for
property simulation method, MPS for Multiple-Points Statistics, SIS for Sequential
Indicator Simulation, TPG for Truncated Pluri-Gaussians, HO for homogeneous, K
for hydraulic conductivity, FFT for Fast Fourier Transform, SGS for Sequential Gaus-
sian Sitmulation.
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The concept of Stratigraphic Pile (SP) is the backbone of the ArchPy method-
ology. Indeed, it contains almost all the information needed for the simula-
tions including the stratigraphic relations between units and the description of
the simulation methods of the surfaces, the filling, and the properties as well
as the parameters controlling them (Figure 3.2). The SP is made of different
components (coded as python objects): units, surfaces, facies, properties and
possible other piles. Following an object-oriented programming logic, all these
objects have different attributes (name, color, interpolation method, etc.) that
define and differentiate them. These object attributes can also be composed
of other different objects. A practical example is the unit object which have a
list_lithofacies attribute, containing the litho-facies objects that populate this
unit.

e Surfaces. They delimit the top of the units and are defined by an inter-
polation (or simulation) method and by a contact type to indicate if the
surface is conformable (onlap) or erosional (erode). The difference is that
an erode surface erodes older units where it is simulated below their top
surface while an onlap surface is simply ignored in such locations meaning
there is no deposition (see section 3.2.3).

e Units. They correspond to stratigraphic units that can be observed in
HD or on outcrops. Each unit belongs to a SP, and has a specific order
index to determine its position in the pile. A unit also needs a surface
object to determine its upper boundary, its lower boundary is defined by
the surface at the top of the underlying unit. Finally, the unit contains
a description of the filling method and a list of facies objects to simulate
inside the unit domain.

e Facies. The facies describe the hydro or litho-facies that are contained
inside the units. They can be very different depending on the modeling
purposes and data available (e.g. stratigraphic facies, lithologies, or USCS
codes). A list of facies is given for each unit to indicate which ones to
simulate during the facies simulation. Furthermore, each facies can be
composed by one or more properties that are simulated inside the facies
domain (where a specific facies is present).

e Properties. They are independent ArchPy objects that composed the
different facies. For each property inside a facies, some parameters can
be set such as the mean value of the property (inside a specific facies),
the covariance model, the method of simulation, etc.

e Stratigraphic Pile. A SP is the combination of all the objects described
above that synthesize the geological concept. Note that a SP can be in-
serted as a filling method within a unit. This allows to construct a strati-
graphic hierarchy. For example, in Figure 3.2, the sub-pile PB is used as
input for filling unit B.
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Thus, the Stratigraphic Pile is an object that can easily be manipulated and
modified. Using such an approach, the user can focus more on the conceptual
aspects of the modeling (units relations, erosional events, spatial distribution
of the lithologies or facies, etc.). In fine, the whole modeling process can be
easily reproduced because all the steps are documented in the SP.

3.2.3 Erosion rules

Erosion (stratigraphic) rules (ER) describe how the surfaces influence each
other after having been simulated. They are similar to those denominated “ge-
ological rules" by Calcagno et al. (2008). The Figure 3.3 shows a simple ex-
ample of the difference between onlap and erode behaviors. Here two surfaces
are simulated: S1 (old) and S2 (young), while the gray surface is simply set
to the topography or the Digital Elevation Model (DEM). S1 is defined on-
lap and S2 has both behaviors. If S2 is specified onlap, the unit 2 (young, in
black in the figure) is not deposited where S2 is below S1, whereas if S2 is
specified erode, the effective top of unit 1 (young, yellow in the figure) is set
to S2. This approach allows incorporating geological time directly by choosing
the appropriate truncation operation to remain consistent with the sedimento-
logical history (Wellmann et al. 2018). Another rule is that a surface cannot
be above (or below) the DEM (resp. bottom of the domain), if this case arises,
the surface will be automatically set to the DEM (resp. bottom). These ER are
applied each time a new surface is simulated during the surface simulation.

L _DEM Simulated 52 before ER - DEM

52 v_.-ﬁzi?]

Adjusted surfaces after applying ER
52 anlap 53 erode

Figure 3.3: Schematic ezample of the erosion rules (ER) used in ArchPy. The
surfaces are first simulated from oldest to youngest and then adjusted following the
ER.

3.2.4 Synthetic example

To illustrate the ArchPy capabilities, Figure 3.4 shows one stochastic realization
of hydraulic conductivity and porosity based on the SP of Figure 3.2. The
domain dimensions (x,y, z) are 3 x 1 x 0.2 km?® with a spatial resolution of 15 x
15 x 4 m?. The model is purely synthetic but it mimics a valley filled by a series
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Figure 3.4: Realizations of two different properties (A: Hydraulic conductivity, B:
Porosity) for the synthetic case. C and D are 3D blocs of the A and B realizations
respectively. The simulations used respective corresponding facies realization of the
figure 3.7 as simulation domains. Vertical exaggeration = 3z.

sedimentary episodes. For this example, we assume that unit A is a moraine
deposit only filled with gravel and silts. The B formation is deposited during
three sub-steps (sub-pile PB, 3.2). It represents a fluvio-glacial environment
including three stages (B1, B2, B3). On top of that unit C is an important
glacio-lacustrine phase where only fine particles are deposited (clay and silt).
The unit D ends the process by setting up a fluvial environment that was more
active in the southern part of the area (towards -y main axis). The different
steps to obtain this result will be explained in detail in the following sections.

3.2.5 Data pre-processing

The main hard data to describe the geology in a Quaternary environment are
the borehole information. For each borehole, ArchPy requires: a borehole ID,
the depth, and location (z, y and z) of the borehole as well as a stratigraphic
unit log and/or a lithology log. Both logs contain the elevation of the top of the
interpreted units and lithologies in the simulation grid reference system. These
locations will be used as conditioning point for simulations. An important thing
to note is that the logs of borehole objects in ArchPy interface only need top
elevation for each units/lithologies encountered. To facilitate the geostatistical
simulation of the properties, we consider only regular Cartesian grid for the
moment in ArchPy (to avoid support effects). The extension and parameters
of the grid are provided by the user. The SP and eventual Sub-Piles are also
given as input. We then pre-process the borehole data (HD) to check that they
are consistent with the SP and to extract the contact points between the units.
The difficulty here (which is not intuitive) is that a contact between two units
in a borehole does not necessarily correspond to the top of the unit located
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below this contact because of possible erosion or sedimentation hiatus. It is
therefore necessary to analyze the borehole logs to identify the information
that the contacts bring about the possible positions of the surfaces. To code
this information, we will define contact points where the position of the surface
is perfectly defined (equality contact point) and those which provide only an
indirect information (inequality contact point). Formally, an inequality contact
point consists of a lower or upper bound for the actual surface.

Figure 3.5 shows how HD are interpreted automatically in the ArchPy pre-
processing step given four different examples. We do not fully detail each ex-
ample for brevity but the main points are covered.

Considering the example showed in Figure 3.5A, three surfaces need to be
simulated, blue, green and red tops (yellow top is defined by the DEM). Equality
points can be safely attributed in B1 between all contacts as there are no hiatus
and no erosion layer in the Pile. However, in B2 and B3 boreholes, as the blue
outcrops directly, its top must go above the surface, assuming erosion at the
surface. This means that the tops of the borehole B2 and B3 are then lower
bounds for the top of the blue unit. Also, the red unit is not encountered by
B2 which indicates that it must go below the bottom of the borehole which is
a upper bound for the top of the red unit. The Figure 3.5B example adds an
erosional event (blue top) that cross-cuts the green and red top layers. This
implies that we must add a inequality contact point (lower bound) in B3 for
green top and equality contacts along the erosion surface (B2 and B3) for the
blue top because of the ER. Indeed, the green top in B3 cannot be considered
as the actual green top since the green unit has been eroded. The same event
occurs in Figure 3.5C in B3 where the red unit has been eroded by an erosional
event (green top).

The more complex example (Figure 3.5D) shows that the number of extracted
data can become important, especially when the number of layers increases.
Here, additional outcrop information has been added with unit contacts (C1
and C2) that inform about a transition between two units. Yellow goes above
as it is the unit reaching the topography. The contact between yellow and blue
is an equality for blue (the only erode layer above blue is yellow but it has been
deposited and thus can not have eroded blue). The bottom of B2 ends in the
blue unit which indicates that all layers below it (dark green and red) must go
below the bottom of the borehole. When two units in a borehole are separated
by two (or more) erosion surfaces, ArchPy assumes that the contact belongs to
the younger erosion surface. This is shown in Figure 3.5D at B4 between the
orange and dark green units. In the pile, these two units are separated by two
other units (blue and yellow) characterized by their erosional top. As yellow is
younger than blue, the equality point is attributed to yellow.

All boreholes are then processed this way, HD are extracted and assigned to
respective surfaces. It is relevant to note that this step is completely automated
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Figure 3.5: Four examples (A, B, C and D) of how inequalities and equalities are
extracted from boreholes and field data. B indicates a borehole information and C a
unit contact (observed on the field for example). For each example a Stratigraphic
Pile is defined to indicates the relationships between the units and the nature of the
surface contact (straight line is onlap and corrugated is erode). Dashed lines represents
simulated surfaces before applying erosion rules (see section 3.2.3).

in ArchPy and the only required inputs are the SP, the boreholes and the
simulation grid.

3.2.6 Simulation of the surfaces and units

Using the HD and the information provided by the SP, ArchPy performs a
2D simulation (interpolation) for each surface of the SP over the complete do-
main. Simulations are generally perform conditionally on HD but unconditional
simulations are also possible by defining a mean altitude.

The surfaces are simulated successively from the oldest to the most recent
(for a hierarchic level). After having simulated a surface, we apply the ER (see
section 3.2.3). The surfaces are also simulated hierarchically, which implies that
surfaces of higher order (main units) are simulated before those of lower order
(sub-units). For example, in the case of the pile in figure 3.2, ArchPy first
computes the surfaces of the top of A, B, and C and only after, the surfaces
of the top of B1 and B2 are computed inside the unit B. It means that no
surface of the top of these sub-units can go above or under the limits of B unit,
even if it is an erode surface. The other lower hierarchical units (if present) are
simulated following the same strategy. The top unit surface is not simulated
since it must be equal to the Digital Elevation Model (DEM) for consistency, it
is then simply sets equal to the DEM. Equivalently, as lower limit of all units
are defined by the top of the underlying unit, the bottom last unit must be
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defined. In ArchPy, this is done by setting it to the bottom of the simulation
domain.

In the SP, the user must indicate for each layer an interpolation method among
the following choices: simple and ordinary kriging (SK, OK, resp., Chiles et al.
2012), multi-Gaussian random functions with or without inequalities (GRF,
Chiles et al. 2012), basic 2D interpolation methods (linear, nearest neighbors,
cubic) using SciPy (Virtanen et al. 2020) and finally direct sampling multiple-
points statistics algorithm with or without inequalities (MPS, Mariethoz et al.
2010b; Straubhaar et al. 2021). For the multi-Gaussian simulation methods,
a normal-score transform, can be applied automatically to the HD if they do
not follow a Gaussian distribution. Most of the methods are taken from the
python module Geone that provides a set of geostatistical and MPS modeling
tools. For each method, the user has to provide the set of required parameters.
For example, for the kriging or multi-Gaussian simulations a variogram model
must be provided. The inference of the parameters can be done manually or
automatically if sufficient data are available using the Geone toolbox. For the
MPS approach, a training image and the relevant parameters also need to be
provided. Anisotropy can be easily modeled by choosing appropriate variogram
or MPS parameters.

Once all the surfaces of the SP are defined, it is straightforward to define the
volumes representing the units (unit domains) knowing for each unit the top
and bottom surfaces according to the ER. These volumes are discretized by
defining for each (x,y) location which cells are intersected by the surfaces. All
the cells lying vertically between these two cells are assigned to the unit domain.
Concerning the intersected cells, they belong to the unit domain only if they
go above (or below) the middle of the cell for top surface (or bot resp.).

Figure 3.6: Two realizations (A, B) of the units (1st step of the ArchPy simulations)
for the synthetic case. C and D are lateral view of the realizations A and B respectively.
The colors of the units are those defined in the Stratigraphic pile of Figure 3.2. They
are presented with cross-sections for visualization purposes. Vertical exaggeration =
3.
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Figure 3.6 shows two realizations of the unit domains. The realizations are
conditioned to the borehole data and the stratigraphic pile. The effect of using
sub-units is clearly visible: the B2 (middle green) top surface (which is set as
erode) does not cross-cut the unit A (as expected) in the front cross-section of
both realizations. This approach allows representing the uncertainty of the po-
sition and extension of the units. By running a large number of realizations, the
uncertainty can be quantified: for example probability maps can be produced
for each units by post-processing those results.

3.2.7 Simulation of the facies

Once the stratigraphic unit volumes are defined, it is possible to fill these vol-
umes with different facies or lithologies using different geostatistical methods.
The simulation takes place in each unit independently, even if the same facies
is present in different units, as in the example in Figure 3.2 where the sand ap-
pears in B and D units. This means that only the sand HD located inside the
unit D will be taken into account when simulating the facies (sand) inside the
unit D. If a certain facies HD, that does not belong to a specific unit, is present
inside its domain (e.g. a sand HD in unit C, Figure 3.2), these HD will be ig-
nored. In such cases, warnings are issued by the software. This situation leads
to inconsistencies with facies HD that principally reflects a probable mismatch
in the HD (false geological interpretation) or in the geological concept.

As facies (resp. property) simulations are dependent of units (resp. facies) sim-
ulation results, at least one facies (resp. property) simulation must be done
for each unit (resp. facies) realization. It means that if the modeler choose 100
units realizations and 100 facies simulations, a total of 100 x 100 simulations
will be generated. The same logic applies for the property simulations.

In the SP, the user must define one simulation method for each unit. The choices
available in the current version of the code are: homogeneous (one unique fa-
cies for the whole unit), Sequential Indicator Simulations (SIS, Journel 1983a;
Journel et al. 1984), Truncated PluriGaussians (TPG, Loc’h et al. 1994; Ma-
riethoz et al. 2009; Armstrong et al. 2011), Multiple-Points Statistics (MPS,
Mariethoz et al. 2010b; Straubhaar et al. 2021), and Sub-Pile which indicates
that the unit will be populated by another pile containing sub-units (e.g. PB
in Figure 3.2).

Thus, multiple facies simulation techniques can be used to assess the uncer-
tainty. Note that it is rather straightforward to switch from one method to
another. This capability allows to cover a broad uncertainty space by providing
the user with different simulation methods within the same framework. Hence
if little geological knowledge is available for the spatial distribution of the fa-
cies within a unit, SIS can be used since little user inputs are required, while
if there is more detailed geological knowledge available, other methods can be
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Figure 3.7: Two realizations (A, B) of the lithofacies (2"¢ step of the ArchPy
stmulations) for the synthetic case. C' and D are 3D blocs realizations of A and B
respectively. The simulations used the respective corresponding units of the figure 3.6
as stmulation domains. Vertical exaggeration = 3z.

used such as TPG or MPS if an analog geological concept can be defined (e.g.
Training Image). All the geostatistical methods used for this step are included
inside Geone except for the TPG that are directly included inside ArchPy with
various tools to define the truncated flag or estimate the variogram parameters
of the underlying multi-Gaussian random fields.

Figure 3.7 shows two realizations of lithologies according to the unit realizations
(Figure 3.6). The spatial variability of the lithologies is significant despite the
fact that only four lithologies have been defined. This is mainly due to the
combination of structural heterogeneity coming from the stratigraphic units
and the lithology distribution within these units. This allows exploring many
different plausible realities that are consistent with the HD and the concept.
We can also observe the non-stationarity in the unit D where the channels are
sparser in the back than in the front (along the y axis). Indeed, it is important
to mention that most of the facies simulation methods available in ArchPy can
be non-stationary, allowing a much better representation of geological trends
and exploration of the uncertainty.

3.2.8 Simulation of the properties

Once the facies are simulated, the simulation of the properties is straightforward
and requires little inputs. Indeed, there are only two requirements: define the
properties that must be simulated, and define how to simulate them (method
and parameters). The available methods for the moment are multi-Gaussian
Random Fields (GRF) or homogeneous. If a GRF is used, two methods are pos-
sible to generate them: Fast Fourier Transform Moving Average (FFT, Ravalec
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et al. 2000) and Sequential Gaussian Simulation (SGS, Deutsch et al. 1992).
As the FFT method needs to perform the simulations on an entire grid, it can
be less effective than SGS, especially if there are many lithologies and units. It
is important to note that properties are simulated, for a given lithofacies, inde-
pendently and sequentially for each units. For example, if we have a facies which
is present in multiple units (consider the sand in Figure 3.2), the properties will
be simulated first in the sand occurrences of the top unit and sequentially in
the other occurrences in underlying units. This allows to avoid spurious corre-
lations that can arise if we consider the whole sand domains at once. Indeed,
if sands of different units are in contact, they should not be considered as part
of the same entity and thus should not be simulated together.

Conditional simulations are available with punctual data (z,y, z and property
value). As some methods require at most one HD per cell, values that lie in the
same cell are averaged if necessary.

3.2.9 Implementation of ArchPy

The ArchPy methodology is coded in an open source python code?. The code is
designed using an object oriented approach. All the concepts described above
are implemented using classes of objects designed to match the concepts and
to facilitate their use. Most of the data imports and exports are based on
simple text files. The geostatistical kernel of ArchPy is based on the Geone3
python library. For the visualization, ArchPy integrates some functionalities to
produce various figures (e.g. stratigraphic units at a specific hierarchical level,
only specified units, cross-sections, etc.). These plots are generated mainly using
PyVista®. If needed, data can also be exported in a vtk format for further use.
Post-processing tools are also provided, to estimate for example the probability
of encountering a specific unit (facies) or estimate the excepted value of a
property over a part of the simulation domain. The structure and the principles
underlying the ArchPy code are designed to allow the user scripting in a very
flexible manner the construction of the geological model. This also facilitates
the coupling of ArchPy with any forward or inverse simulator. Some example
python notebooks are given on the online repository of the code.

3.3 A first field application

3.3.1 The Upper Aare Valley

The Upper Aare Valley (Figure 3.8B) is a Quaternary alpine valley located
between the cities of Thun and Bern in Switzerland with a complex and rich
geological history due to its proximity with the Alps (Kellerhals et al. 1981;

2http://www.github.com /randlab/ArchPy
Shttp://www.github.com/randlab/geone
4https://www.pyvista.org/
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Figure 3.8: A: Schematic stratigraphic pile used for the ArchPy simulations of
the local geological models in the Upper Aare Valley. It shows the different units that
have been taken into account, their stratigraphic relations (which is above/below (i.e.
younger/older) which), the nature of its contact (erode or onlap), the interpolation
methods used or still the lithofacies (see Table A.1) and the property to simulate (hy-
draulic conductivity (K ) using Sequential Gaussian Simulations (SGS)). More details
in section 3.2.2. B: Situation and simplified geological map of the Upper Aare Val-
ley. Only unconsolidated deposits that are near the aquifer are shown. The moraines
are represented undifferentiated. The coordinates are presented in CH1903+ - LV95
(epsg: 2056). All the data used comes from the Swiss Geological Survey (Swisstopo).

Haeuselmann et al. 2007). Previous studies on Quaternary deposits, on this
particular site (Schliichter 1989; Preusser et al. 2004), or at a regional scale
(Preusser et al. 2011; Graf et al. 2016) have shown the complex relations oc-
curring between multiple depositional and erosional processes (mainly glacial,
glacio-fluvial and glacio-lacustrine). This led the valley to be incised and filled
with a wide variety of sediments and facies (tills/moraines, fluvial gravels,
glacio-lacustrine deposits, lake deposits, alluvial cones, etc.) explaining the
great heterogeneity of this type of deposits. Two main aquifers have been iden-
tified in the valley: a superficial one which is actively used for drinking water
supply, shallow geothermal energy, and some local industries. And a deep one
that is poorly known due to its higher depth (only few boreholes have reached
it). Figure 3.8B shows that the superficial aquifer is mainly composed of the
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Aare gravels, the Late glacial alluvial deposits, alluvial cones and the Miinsin-
gen gravels.

A major hydrogeological synthesis of the valley has been undertaken at the
end of the 1970s and at the begin of 1980s (Kellerhals et al. 1981). Since then,
additional data have been collected (Schliichter 1989; Preusser et al. 2004) for
various projects in different parts of the valley, but no new hydrogeological
synthesis has been assembled and published. Among the new data, the Swiss
Geological Survey has systematically gathered the borehole data for Quaternary
sediments in several pilot sites, and homogenized the data and terminology
(Volken et al. 2016). This data set includes around 800 digitized boreholes in
the Upper Aare Valley. A geological model of the valley filling has also been
produced by the Swiss Geological Survey to illustrate how those data can be
used. In addition, a valley scale towed Transient Electromagnetic Survey has
been acquired and published in 2021 (Neven et al. 2021) by the University of
Neuchétel to better constrain and characterize the aquifer dimensions and its
internal heterogeneity.

3.3.2 Modeling area and borehole dataset

To illustrate the ArchPy approach, we chose an area with a high density of
boreholes located in the south of the Valley (fig. 3.8B). The extent of this area
is given by its coordinates in the CH1903+ - LV95 system, lower-left corner:
2’611°000 m/1’178°000 m, and upper-right corner: 2’613’000 m/1°182’000 m.

The depth of the boreholes rarely exceeds 50 m; they do not reach the deepest
aquifer and stay in the shallow one that is 50-60m thick in this part of the
valley (Kellerhals et al. 1981). The data set contains a large part of the bore-
holes that have been drilled during decades in the area (Volken et al. 2016).
Each borehole is described in terms of intervals with information about the
granulometry (litho-facies), the units encountered, the quality of the interpre-
tations, etc. However, unit data can be missing, contrary to granulometry data,
meaning that for many boreholes, only lithofacies data is available. Granulom-
etry information is described with one, two or up to three different grain sizes,
each defined with a USCS classification code (Casagrande 1948). No hydraulic
conductivity data have been taken into account.

The boreholes (133 in total) intercept a total of four major stratigraphic
units: Aare young gravel (YG, Holocene), Late glacial alluvial deposits (LGA,
Holocene), Late glacio-lacustrine deposits (LGL, Holocene) and Late Glacial
Till (LGT, late Pleistocene). The LGT appears only on two boreholes on the
southern part of this section of the aquifer and will therefore be difficult to
model. YG and LGA are the most present units and constitute the largest part
of the shallow aquifer in this area while LGL and LGT are more scattered and
can be seen as its bottom.
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Note that this stratigraphic pile is simplified given that 23 major stratigraphic
units can be distinguished on the entire valley (Volken et al. 2016). However,
most of these units are absent in the modeled area.

3.3.3 Modeling settings

The extension of the simulation domain is 2 km in the W-E direction and 3.3
km in the N-S direction. The elevation ranges from 520 to 570 m a.s.l and the
resolution is 15 x 15 x 1 m which implies a number of cells of 134 x 220 x 60
(nx x ny x nz). The top of the domain is defined according to the DEM of
Switzerland with a resolution of 25 x 25 m (DHM25, Swisstopo) and the bottom
is defined by a raster map of the bedrock elevation (TopFels25, Swisstopo), also
with a resolution of 25 x 25 m, both are freely distributed by the Swiss Federal
Office of Topography.

The units were defined mainly on the basis of the HD and the geological knowl-
edge of this area (Kellerhals et al. 1981). Five units were recognized (fig. 3.8A).
A superior unit (SUP) was added which includes superficial (soil, peat) and
artificial (anthropogenic) deposits. No sub-unit has been defined as such data
are not available in this actual dataset. The top surfaces of the units have been
modeled with GRF to take the effect of inequalities into account except for
SUP top surface which was set to the DEM as it is the most superficial unit.
The associated covariance models (variograms) were estimated using an auto-
matic fitting method (least squares optimization) on the HD. The optimized
parameters are shown in Table 3.1. Most of the surfaces were defined as on-
lap except the LGA top surface which represents a former terrace of the Aare
river, generally deposited at a slightly higher altitude than YG (Kellerhals et
al. 1981).

Table 3.1: Covariance models parameters (C: contribution and r: range) used for the
surfaces interpolation of each surface. All models are isotropic, except the LGT one
with a orientation N-S for the major axis). No covariance model was fitted for SUP
as its surface is defined by the DEM. Subscripts exp and sph indicates exponential and
spherical covariance models.

Units  1epn [m]  Cgpn [m?] 1enp [m] Ceyp [m?| nugget [m?
YG 2986 8.9 5000 178 0

LGA 2854 24.8 4846 495 1.0

LGL 2531 19.0 3942 38.1 1.0

LGT (2000, 4000)* 200 - - -
*(ranges in x and y direction resp.)

In the HD, the litho-facies are described by up to three different grain sizes.
We chose to only take the most present one for each layer and we also grouped
certain similar USCS codes (Table A.1) to reduce the number of lithofacies to
7: others (O), gravel (G), sand (S), clayey gravel (GC), clayey sand (SC) and
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clay (C). The facies others regroups superficial codes such as OH or Pt. Facies
were then considered within a unit if their proportions exceed 5% (inside that
specific unit).

For the sake of simplicity in that example, all the units were filled using SIS.
Prior variography analysis on the lithofacies HD shows significant variability
which required the SIS variograms to be fitted manually, the chosen parameters
are given in Table A.2. Only the hydraulic conductivity K property has been
simulated for that example using the covariance models given in Table A.3.
Note, that adding other properties is possible and very simple since only the
interpolation method and the covariance models (for each facies) are required.

The ArchPy Aare model was run several times to illustrate its applicability
for uncertainty estimation. In that example, we generated 10 simulations of
the stratigraphic units. For each stratigraphic unit simulation, we generated
10 facies simulations. And finally, for each combined realization, we generated
1 unconditional simulation for K. This procedure resulted in a total of 100
simulations (10 x 10 x 1). The code allows to proceed in this manner, but it
also permits to simulate for each realization all the components successively
(units, facies, and properties). These different modes of simulation can be used
for quantifying the impact of these different sources of uncertainty on the dis-
tribution of the properties but also on their groundwater flow or geophysical
responses.

3.3.4 Results

Figures 3.9-3.12 show the results of ArchPy simulations conditioned to the bore-
hole data. The figures illustrate the type of heterogeneity and complexity that
can be modeled rather simply using the ArchPy approach. For example, the two
units realizations (Figures 3.9A and 3.9B) differ significantly while being con-
sistent and honoring both the borehole data. This variability is important for
quantifying the uncertainty. To visualize that part of the uncertainty, ArchPy
allows the user to compute the probability of observing a specific unit. Figure
3.10 shows in yellow the locations where it is quite certain that a given unit is
present and with which thickness. For example, Figure 3.10A shows that the
unit YG is well constrained in the eastern and northern part of the domain
due to the important number of boreholes that reach it. The unit LGA seems
to be more present in the southern part of the area (Fig. 3.10B), thinner than
the unit YG,and almost absent (or very thin) in the north. The unit LGT (Fig.
3.10C) does not display such trends and has a more uncertain distribution,
probably mainly due to a lack of data (shallow boreholes).

Litho-facies simulations are shown in Figures 3.9C and 3.11 and are the results
of the filling of the simulations shown in Figure 3.9A. These simulations honor
both the borehole data and geometry of the stratigraphic units. As for the
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Figure 3.9: Aare aquifer results obtained for A, B: two unit realizations, C: one
facies realization (within model A), D, E: K standard deviation and mean simulated
along the 100 models, units are in log10 (m/s). Vertical exaggeration = Sx.
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Figure 3.10: Probability of occurrence along the 100 models for units: YG (A),
LGA (B) and LGL (C). Vertical exaggeration = 3z.

stratigraphic units, it is possible to compute and produce figures showing the
probability of occurrence of each facies.

Finally, two simulated hydraulic conductivity fields are shown in Figure 3.12.
They display a broad range of values that is expected for this geology and that
honor all the borehole data. It also shows the complex relations between the
property values, the stratigraphic units, and the litho-facies. The variability
between the realizations suggests a strong heterogeneity that would have been
extremely difficult to model properly without the hierarchical approach (e.g.
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Feyen et al. 2006; Zappa et al. 2006; Zech et al. 2021b). The mean of the loga-
rithm of K (Fig. 3.9E) highlights the location of the aquifer where the values
are likely to be especially high. These locations also coincide with those where
the standard deviation (Fig. 3.9D) is low, indicating that the property values
are better defined inside the aquifer than outside. Elsewhere, the standard de-
viation values may be quite high, reaching easily 2 log,,(m/s) indicating an
uncertainty of up to two orders of magnitude. The variance is low around the
boreholes as expected.

-

Figure 3.11: Two facies realizations that are the results of the filling of the unit
realization in fig. 8.9A. Boreholes show the spatial distribution of the HD.

3.4 Discussion

One of the most important novel features of the ArchPy approach is the ex-
tended concept of Stratigraphic Pile (SP) as compared to Calcagno et al. (2008)
for example. This concept has been shown to be an effective way to formulate all
the geological knowledge into one entity (practically, a python object). Thanks
to this representation, it is easy to embed multiple SPs inside other SPs and
to simulate the units to any level of hierarchy and this without any partic-
ular restrictions. By including various interpolation and simulation methods
which can be applied independently for each unit, lithofacies and properties,
the ArchPy approach offers a high flexibility to the user who can adapt the
methods to the quantity of available data and the complexity that he needs
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Figure 3.12: Two property realizations made on the two facies realization in fig.
3.11.

to represent for a specific site. In addition, the use of inequality data that are
automatically derived from the SP and the borehole data allows ArchPy to
extract a larger amount of information from boreholes than what is usually
done in alternative geo-modeling tools.

The results obtained for the Upper Aare Valley illustrate the type of stochastic
models that can be easily and rapidly constructed for Quaternary deposits using
the ArchPy approach. Due to the simple assumptions made on the geology and
the concepts (simplified SP, use of SIS to fill the units) some aspects of the
proposed method could not be illustrated in this example. Several limitations
in the data set were also identified. For example, the LGT unit is not well
constrained because only a few boreholes reach it. Indeed, most boreholes in
this area are drilled for hydrogeological purposes (Kellerhals et al. 1981), and
local communities are generally not interested in reaching the LGT unit because
of its lower hydraulic conductivity as compared to the YG or LGA unit. A
sampling bias is also expected in the litho-facies inside the LGL and LGT
units. Indeed, we observe that the simulations of these units tend to have more
sand (S code) than expected in glacio-lacustrine or till deposits. This can be
due to a sampling bias in the borehole data base because the areas of high
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permeability are preferentially drilled while clay and silt areas are generally
avoided. Since the simulated proportions of litho-facies are conditioned on the
HD, the litho-facies simulations can reflect this bias. It is however possible
to correct it by imposing proportions that differ from those of the HD, but
further secondary information should then be used to guide the simulations.
One possibility to correct that bias could be also to use geophysical data as we
will discuss more in detail below.

Another important feature of the ArchPy approach is that it allows quanti-
fying the uncertainty by generating an ensemble of models. The uncertainty
can be evaluated at any desired hierarchical level among the units, sub-units,
sub-sub-units, etc., lithofacies or properties. The uncertainty on the geological
concept and Stratigraphic Pile (SP) itself can also be evaluated. This type of
uncertainty was not covered in the example of the upper Aare valley where
the concept was simple. But there are situations in which different geological
concepts or different geostatistical models for the different components of the
SP are plausible. Using the ArchPy approach and its scripting possibilities, it
is straightforward to explore automatically all these possibilities and generate
an ensemble of models that covers this uncertainty.

Due to its recent existence, ArchPy still lacks some interesting features and has
several limitations. First of all, it is only usable through scripts in python which
may prevent a certain number of people from using it. However, examples are
provided and can easily be edited, therefore it is not necessary to be an expert
in python to use ArchPy. This approach has many advantages such as ensuring
efficient model update when new data are acquired or documenting accurately
the model construction steps. In the future, one could construct a graphical
user interface (GUI). The main limitation of ArchPy for the moment is that
it assumes that the boundaries of the stratigraphic units can be modeled us-
ing functions that can be represented on a 2D grid. Therefore, ArchPy cannot
for the moment represent overturned folds. It does not also include faults. We
consider that these situations are extremely rare in Quaternary environments,
adapting ArchPy to account for these structures would be feasible but is not
currently a priority. ArchPy is also limited by the set of geostatistical methods
that are proposed. It implies for example that the code may be slow if the num-
ber of borehole data and inequalities is important. We will continue to optimize
the methods as much as possible. Concerning the simulation of non-Gaussian
data, a normal-score transform should always be considered before using any
GRF method. But the user must be aware that this kind of transformation
is only suitable when the number of data is sufficient (a Cumulative Function
Distribution can be built). When data are sparse, it is simply possible to as-
sume that the data follow a normal distribution or the use of other available
methods can be considered (MPS). Moreover, GRF simulations, performed on
data normally transformed, do not guarantee that the covariance will be pre-
served in the original data space. The use of more advanced simulation methods
such as Direct Sequential Simulation (Soares 2001) could be a solution. A final
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note is about the trends in the data (surface elevations or facies proportions).
Such behaviors can be modeled but not in a fully automated manner as it re-
quires user-inputs (e.g. local facies proportions over the domain). These must
be computed or derived externally. However, implementing such routines in
future updates is straightforward.

Because it is simple and easy to run ArchPy automatically, it is straightforward
to conduct parameter sensitivity analysis. We even suggest that the parame-
ters should be tested as well as the stratigraphic pile including all its various
geostatistical components using cross-validation. This approach should be used
to test and compare different alternative SPs. The procedure consists in split-
ting the borehole data and applying a K-fold cross-validation approach as we
discussed in a previous paper (Juda et al. 2020). An ensemble of models is
generated to predict the units, lithologies, and properties at the location of a
subset of the boreholes (removed from the HD). A score can be then computed
to compare the quality of the stochastic predictions with the actual data. We
plan to incorporate cross-validation frameworks inside the ArchPy architecture.

To go a step further, ArchPy is already coupled with several geophysical and
groundwater flow simulation tools (Cockett et al. 2015; Bakker et al. 2016).
Property models generated by ArchPy (e.g. resistivity, gravity, storativity, hy-
draulic conductivity, etc.) can be passed to forward models. The outputs are
retrieved and compared with real field measurements which are then used to
adapt the ArchPy models to reduce the misfit between both actual and sim-
ulated data. For example, this adaptation could be done in a Monte-Carlo
scheme (Tokdar et al. 2010) or with ensemble methods (Chen et al. 2012).
This approach opens the way towards geologically constrained joint inversion
involving different forward models.

3.5 Conclusion

The ArchPy approach that is proposed in this paper combines many techniques
that are well known (geostatistical simulation techniques for continuous or cate-
gorical variables). One important novelty is to separate formally the description
of the list of tasks that are required to construct the model and the construction
of the model itself. This is done by embedding all the geological and geostatisti-
cal knowledge in an object called "Stratigraphic Pile". Based on this formalism,
a software can be constructed that can automate all the tedious tasks of the
model construction. The python module that implements the ArchPy approach
allows the fast and reproducible creation of an ensemble of stochastic models
respecting both the conditional data and the user inputs (geological concepts).
The only inputs required are the digital elevation model, the borehole data,
and how to interpolate and simulate the different components of the model
(surfaces, lithofacies, properties), the rest is up to ArchPy. The simulations
take place during three main phases: simulation of the units, of the lithofacies
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and then of the properties. Each step depends on the previous ones. A major
novelty is that the stratigraphic pile allows defining a hierarchical stratigra-
phy and therefore allows modeling automatically consistent sub-units of any
hierarchical level within units of higher levels. The code allows quantifying un-
certainty using a sound geostatistical model. It also allows updating the model
easily when new data are available or embedding the model construction into
an inverse procedure. The code is open-source and freely distributed. Due to
its open-source nature, the coupling with other software is facilitated. It opens
the doors to an easier and more accessible geological modeling of Quaternary
aquifers.
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Abstract

The Stratigraphic Pile (SP) is one of the foundation of most geological studies.
It represents, in a compact and practical way, a vertical succession of deposi-
tional events over geological time. Accurate definition of the SP is crucial for
geological modeling, yet challenges arise when relying on borehole data in the
absence of clear biostratigraphic indicators or chronostratigraphical data. This
manuscript introduces an algorithm designed to automatically determine the
SP using borehole unit sequences. The algorithm also addresses the complexities
associated with incomplete sedimentological records and subjective geological
interpretations. The algorithm was tested on various datasets, taking into ac-
count differences in the number of boreholes and available information. The
efficiency of the algorithm was demonstrated through real-world applications,
providing a basis for a comprehensive discussion of its advantages, limitations,
and potential applications. The proposed methodology assumes each borehole
vertical and containing at most one occurrence of a given stratigraphic unit,
with consideration for possible interpretative errors and inconsistencies. With
these considerations, instead of pursuing a single, perfectly consistent SP, the
algorithm aims to establish an ensemble of plausible SPs capable of accommo-
dating variations and uncertainties inherent in borehole data. This ensemble
of SPs and identified inconsistencies provide valuable insights regarding the
geological history and concepts for a specific area. This research contributes
to the refinement of geological modeling workflows, offering a valuable tool for
automatically refining the choice of the SP.

4.1 Introduction

The stratigraphic pile (SP), also often called parent sequence or stratigraphic
sequence, is a major concept in the representation of sedimentary phenomena.
It is defined as a vertical stack of distinct depositional events or stages, often
called stratigraphic units, that have been deposited one on top of another over
geological time. Crucially, the concept of time assumes a central role in defining
these stratigraphic units. They are postulated to be bounded by isochronous
surfaces (Boggs et al. 2012), underscoring the chronological order within the
stratigraphic pile. Consequently, in the absence of tectonic activity, magmatic
activity or sediment remobilization, a unit positioned above another is, by
definition, younger.

Under normal circumstances, defining the SP is not a problem, as there is al-
ready a global geological time scale (Gradstein et al. 2020, GTS). However, its
use depends on the success of correctly dating precise units and relating them
to the different ages, epoch and era defined in the GTS. In the absence of clear
biostratigraphic indicators or radiocarbon data, this task is difficult to achieve.
Moreover, the GTS is defined at a coarse time scale where the finest type of unit
is the stage, corresponding to periods of time generally lasting 1 million years.
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In many cases, it proves more practical to define stratigraphic units with time
scales that are tailored to the specific local geological conditions. This approach
becomes particularly relevant when dealing with Quaternary deposits. In such
geological setting, stratigraphic units are often delineated based on regional
glacial stages, a practice well-documented in the literature (Penck et al. 1909;
Schliichter 1989; Graf et al. 2016; Buechi et al. 2018). These stratigraphies
are often based on lithological features with a temporal notion (e.g., Wiirmian
moraines, Last Glacial Maximum retreating fluvioglacial deposits, interglacial
between two glacial stages deposits, etc.). However, it is important to note that
the identification of these units still involves a degree of subjectivity and is sub-
ject to the interpretation of geologists. As a result, there is often a level of un-
certainty associated with such classifications. Mistaking two distinct moraines
or river deposits with similar lithologies but deposited at different times could
lead to inconsistent interpretations that do not align with the SP. This could
cause significant issues in the geological modeling of these units.

In the special case where all the events forming the SP are present within a
single borehole, the determination of the SP is straightforward. However, it
is important to acknowledge that such complete sedimentological records are
rarely encountered in practice. This scarcity of complete records primarily arises
from the variability of sedimentological processes, including localized deposi-
tions and erosional events, which hinder the preservation of a comprehensive
stratigraphic sequence, even on a local scale (Boggs et al. 2012).

The SP serves as a fundamental component in numerous geological modeling
algorithms (e.g., Calcagno et al. (2008), Allard et al. (2021), and Schorpp et
al. (2022)). Geological modeling typically follows a hierarchical workflow, be-
ginning with the delineation of stratigraphical units using explicit or implicit
surfaces. These units are then filled with facies using facies modeling algorithms,
and finally, continuous values representing subsurface physical properties (e.g.,
porosity, hydraulic conductivity) are assigned to these facies.

The first step in this hierarchical process, the delineation of stratigraphical
units using the SP, is of paramount importance. Inconsistencies in boreholes
compared to a given SP must be identified and excluded from the modeling
process. This is because geological modeling methods rely on bounding sur-
faces that assume a certain spatial continuity. When boreholes are inaccurately
labeled or when an inappropriate SP is used, it can significantly complicate the
generation of these bounding surfaces, resulting in incoherent and unrealistic
geological models.

To tackle some of these issues, Allard et al. (2021) have proposed a method-
ology based on a Markov Chain Monte Carlo (MCMC) algorithm. But, their
approach assumes that units having similar lithologies and are indistinguish-
able, such as multiple events of gravels, sand, etc. Consequently, it becomes
challenging to link a particular gravel event in a borehole to another in the SP.
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Using an MCMC approach and the likelihood of latent Gaussian fields, they
proposed a method that samples plausible borehole configurations. However,
it is important to note that this method requires prior knowledge of the SP, a
challenge that the authors acknowledge remains unresolved.

If boreholes are in disagreement with the SP, a common solution is to exclude
them from the dataset. This assumes that the boreholes have been falsely la-
beled and/or interpreted. However, it is important to verify the accuracy of the
SP, as potentially important boreholes necessary for modeling could be mistak-
enly removed. It is possible that the interpreted units are actually lithofacies
deposited over the same period of time, with potential local variations. There-
fore, it may be more appropriate to consider these geological objects in terms of
facies modeling rather than unit modeling. Various adapted algorithms, such
as Sequential Indicator Simulation (Journel 1989), Multiple-Point Statistics
(Mariethoz et al. 2010b), object-based (Wang et al. 2018) or process-based
(Granjeon 2014)), exist for this purpose.

Therefore, the aim of this manuscript is to introduce and demonstrate the
efficiency of an algorithm for determining the temporal sequence of distinct
geological events, often referred to as a stratigraphic pile, using borehole data.
The proposed algorithm is designed to determine the stratigraphic pile (SP)
within a given area, relying exclusively on borehole data. This SP comprises
distinct stratigraphic units. Assuming no tectonic activity, reorganization of
deposits and that all boreholes are vertical, each borehole log contains only one
or zero occurrence of each unit.

In addition, we acknowledge the possibility of erroneous borehole interpreta-
tions and the existence of inconsistencies (e.g., where unit B is situated below
unit A, contrary to expectations). In such cases, the pursuit of a single SP that
is perfectly consistent with all the borehole data becomes unfeasible. Instead,
our objective shifts toward establishing an ensemble of plausible SPs that can
account for these variations and inconsistencies.

The paper is structured as follows:

1. Initially, we explain in details the algorithm to retrieve the SP.

2. Subsequently, we test the algorithm on several datasets in order to con-
front it with different situations (more or less boreholes, more or less
information in the boreholes).

3. Finally, we apply the algorithm to real data and we engage in a compre-
hensive discussion that delves into the advantages, limitations, and per-
spectives associated with the used methodology and its potential fields of
application.
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4.2 Methodology

4.2.1 Notations and definitions

Let us first consider a list of distinct deposit events that is called the strati-
graphical pile P = (K1, Ks, ..., K), where K; are the different units and & is
the total number of units. Now consider a list of simplified boreholes B, where
each borehole B; is defined as an ordered sequence of distinct units Kj;, from
younger to older, generally following the order of P. By = (K3, K3, K5, K7) is
an example of borehole with four units and K5 is the youngest and K7 is the
oldest.

Borehole logs can be incorrectly interpreted or have units that are not properly
defined, leading to inaccuracies in the description of the boreholes, as in the
case of P. The following algorithm takes these boreholes into consideration. It is
important to note that the number of events in each borehole is, by definition,
less than or equal to k, which represents the maximum possible number of
events.

We also propose an alternative representation of the SP as a matrix M of size
k x k where each row (index i) and column (index j) is attributed to one unit.
These can be set in any order but it must be consistent between rows and
columns. The entries (m;; based on index or mg, r, based on units) of the
matrix are integer numbers that can be either positive, negative or 0. We can
read them as "number of times unit in row 4 is above unit in column j over the
analyzed boreholes". A negative number indicates the inverse, i.e. the number
of times that the event in row 7 is below event in column j. A value of 0 indicates
that the relative position of these two events (i above j) is not known. Lastly,
the diagonal elements (i = j) have no entries as it is meaningless to establish
the relative position of an event with itself. In the end, the advantages of using
a matrix are double: simple logical operations can be easily applied and the
number of occurrences of each relative position can be quantified. The latter is
particularly interesting when comparing multiple possible output piles.

4.2.2 Algorithm

The algorithm’s core concept revolves around a sequential analysis of boreholes,
where the entries of a matrix M are adjusted based on the relative positions of
geological units within the boreholes. To illustrate this approach, let us consider
a four-unit stratigraphic pile denoted as P = (D,C, B, A) for the following
examples.

To streamline the borehole analysis, we propose to focus on pairs of adjacent
units within each borehole rather than examining the entire borehole at once.
Each borehole is divided into n — 1 pairs of adjacent units, where n is the
number of units observed in the borehole. To ensure all possible relationships



156 Chapter 4: Identifying the stratigraphic pile

within the borehole are accounted for, including those involving non-adjacent
units, we apply three geologically inspired analysis rules to update the pile
represented by matrix M for each pair:

1. Update the Contact: This rule involves updating the direct contact
between the units in the pair. For instance, if unit B is positioned above
unit A, the entry mp4 is increased by 1, while m 45 is decreased by 1 to
reflect this relationship.

2. Propagation Upward: Under this rule, all known units located above
the top unit of the pair are considered to be above the bottom unit of
the pair. Consider two pairs of adjacent units, (C, B) and (B, A), when
analyzing the second pair, we can deduce that C' is also positioned above
B and, consequently, above A as well. Corresponding entries are increased
(or by symmetry, decreased) by 1.

3. Propagation Downward: Similar to rule 2, this rule posits that all
known units situated below the bottom unit of the pair are also below
the top unit of the pair.
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Figure 4.1: Schematic visualization of the algorithm applied to two boreholes derived
from SP of four units. The pile is represented as a matriz of size k X k where each
entry can be read as "the number of times the unit in row i is above the unit in
column j". The presence of a 0 indicates that the relative position of these two units
is unknown. Black arrows are used to indicate an update of the contact (rule 1). Red
arrows indicate a downward propagation (rule 3) while green ones indicate an upward
propagation (rule 2). Black arrows are not shown in C for the sake of clarity.

By sequentially applying these rules to pairs of adjacent units within the bore-
holes, we iteratively refine our understanding of the SP, updating the matrix M
to better represent and quantify the relative positions of the geological units.
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The Figure 4.1 is a representation how these rules work and how two boreholes
are analyzed and integrated. First, an empty matrix of size 4 x 4 is defined
filled with 0 in off-diagonals values (fig. 4.1A), let us call it M), A first bore-
hole By = (C, B) is analyzed and by applying rule 1 (update the contact) we

can ascertain that C is above B and increment mc by 1 (and by symmetry,

decrement m Bé by 1), giving the matrix in Figure 4.1B. Rules 2 and 3 are also

applied but as no other information is available (all the others entries are 0),
they have no effect. Considering borehole By = (D, B, A), it is initially divided
into two pairs, (D, B) and (B, A). These pairs are then analyzed in chronologi-

cal order, from older (deeper) to younger (shallower). In this case, (B, A) is the

(1 ) 1)

first pair to be considered. By applying rule 1, mz =1 and m, 5 = —1 and

by applying rule 2, we know that C' is above B (because m( ) > 0), we add

this relation to A as well mAgj = —1 and mgj)q = 1 (green arrows, fig. 4.1C).

Second pair, (D, B) is analysed similarly, first the contact is added mgg =1

and mg}, = —1. By rule 3, as D is above B, D is also above A (mAD = -1

and mgl)él =1, red arrows fig. 4.1C). After only these two steps, the pile is at
this step (ibh = 2, fig. 4.1C) nearly defined. The only contact that is uncertain
is the relative of position of C' with D which is still 0. An ambiguity that can

only be solved if a borehole that contains these two units is analyzed.
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Figure 4.2: Inconsistent boreholes. In this case, the borehole By is in direct con-
tradiction with the pile M®D ip B, which means that it cannot be added to pile M®
(C). In such cases, a new empty pile is created M@ and problematic borehole added
to it (D).

It is important to note that during the update, it is necessary to ensure that
a negative number is not increased or that a positive number is not decreased.
Such updates would be in direct contradiction with the existing matrix, in-
dicating that the analyzed borehole is inconsistent with the current SP. This
is shown in Figure 4.2. In this example, the borehole Bs cannot be added to
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pile MM because it would require to increase mg)c by 1 and m(clj)_fg by -1,

which eventually would lead to go back to a fully empty matrix. This is an
inconsistency. To address such inconsistencies, we propose creating a new and
empty matrix M) which is equivalent to creating a new pile. This process
involves initially analyzing the problematic borehole and then reanalyzing all
previously examined boreholes, consistently applying the rules, but this time
inconsistent boreholes are ignored. From now on, boreholes are analyzed not on
only one matrix but two (M) and M ). This list can be expanded given the
encountered boreholes, allowing all boreholes to be reproduced using different
SP, taking into account the different spatial configurations of the units.

Ultimately, each SP is assigned a score, calculated based on the percentage of
boreholes that align with it. This can be done in several ways, such as retesting
all boreholes for all piles once the piles have been determined, or keeping track
of the number of boreholes used by each pile during the process.

A summary of all the different steps is given in Algorithm 4.1.

Algorithm 4.1

Require: Parameters
B : set of boreholes B;
k : number of expected units in the pile
1: Initialize an empty list of matrix [,
2. Create a first zero-matrix M) of size k x k and add it to I,
3: Set number of piles ny; =1

4: for i < 1 to ng, do > Loop over the boreholes

5: for 0+ 1 to ny; do > Loop over the piles

6: if B, compatible with A/(°) then

7 Split B; in pairs and update M () given the three rules

8: else

9: Create a new zero-matrix M ™+ of size k x k

10: Split B; in pairs and update M ("»+1) given the three rules

11: for j< 1toi—1do > Loop on previous boreholes

12: if B; compatible with M (¥ +1) then

13: Split B; in pairs and update Mv+1) given the three
rules

14: add Mv+D) o 1 and npyy = nay + 1

15: Deliver [

Once all matrix piles have been estimated, they can be back-transformed into
their natural representation. The relationship between the two pile represen-
tations is simple. The position of each unit in the pile can be determined by
counting the number of positive entries n, for each column (e.g. for unit at
index j, ny; = Zle m;; > 0). Alternatively, the number of negative entries

N, can also be used (e.g. for unit at index j, np,; = Zle mi; < 0). If no
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positive entries are found, the unit is at the top of the pile, if one is found, it
is at the second position, and so on. This only works for a perfectly defined
pile, when there are no zero entries in the matrix. When this is not the case,
it is more complicated and units can have several positions. In such cases, it
is necessary to determine the possible positions for each of the uncertain units
(with O entries in their column/row). For example, consider a unit at index j,
the possible positions range from n,; + 1 to the total number of units minus
the number of negative entries found in column j (k — 7).

As an illustration, the back transformation of the matrix shown in Figure 4.1C
is made. Units B and A have respectively two and three positive entries which
means that they are positioned in three and four positions of the pile. However,
units C and D have both 0 positive entry (and two negative entries) which
means that several positions are possible. These can be obtained by applying
the previously introduced expressions, the possible positions range from 041 =
1 to 4 — 2 = 2. Final pile is then P = ((D,C), (D, C), B, A).

4.3 Results

4.3.1 Synthetic data application

Synthetic datasets are employed to demonstrate the algorithm theoretical ca-
pacity to deduce the SP based on a restricted set of boreholes. We consider two
distinct scenarios:

1. Case 1: In this scenario, all boreholes originate from the same SP and
are in concordance with each other.

2. Case 2: This scenario explores a situation where various SPs are em-
ployed to generate different sets of boreholes.

The objective is twofold: to demonstrate the algorithm’s generability and to
identify any anomalies or errors in the dataset. In the context of a SP comprising
k distinct units, nyp, boreholes are generated assuming a constant probability of
occurrence, denoted as pocc, for each unit. As an extreme illustration, if pye. = 1,
it implies that all boreholes will be identical to the SP because each unit has
a probability of 1 to be present (having been deposited and not eroded). For
simplicity, we assume this probability to be constant for every unit. Potential
issues associated with this simple way of generating boreholes will be discussed
later.

Case 1

Figure 4.3 presents two distinct synthetic sets, each comprising ny, = 20
boreholes (Fig. 4.3A and Fig. 4.3C), generated using the same pile P =
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Figure 4.3: Stratigraphic Pile inference (B and D) from two synthetic datasets (A
and C, respectively). The inferred piles (B and D) are shown beside the matriz in
standard form. Red circles indicate an uninformed contact (entry equal to 0).

(1,2,3,4,5,6,7,8) of size k = 8 with a constant p,.. = 0.3 assigned to each
unit.

Considering the first set (Fig. 4.3A), the resulting matrix, as obtained by ap-
plying Algorithm 4.1, is depicted in Fig. 4.3B. Note that despite the relatively
low number of boreholes (20) and the low probability of occurrence (0.3), the
SP is accurately and entirely determined (no 0 entry).

Similar results were obtained with the second dataset (see fig. 4.3C). However,
an undefined contact was observed this time (entry ms4) due to the absence of
an occurrence of unit 4 above 5 among the boreholes. This contact is present
in the first borehole set (see fig. 4.3A) and explains why the first pile was
completely found. In the second case, the inferred SP is still very close to the
reference pile and clearly identifies the missing contact in the dataset. The final
choice of SP lies with the user, who can rely on prior geological knowledge to
determine the correct SP.
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Figure 4.4: Probabilities of getting a defined pile (no 0 entries) based on number of
units in the pile (k), number of boreholes (npn) and the probability of unit occurrence
Poce-

Based on the previous results, we saw that with the same settings and param-
eters, two different borehole sets can give different results. We then investigate
the effect of poee and the number of boreholes (np;,) on the chance of retrieving
the SP. The results are shown in Figure 4.4 where these probabilities have been
computed with different sets of parameters for different number of units in the

pile (k).

As expected the chances of identifying the input pile increases with nyp, Poce
but decrease with k. We can observe that if p,.. > 0.5, the SP is always easily
defined with a probability nearly always greater than 0.8, even when the there
is few boreholes. For lower values of poc., the required np, vary between 20
and 50 for getting similar results, except when k is too high. Indeed, k is also
important to consider, as the greater the number of units to be determined,
the more difficult it is to estimate the SP. This effects is particularly visible for
low poce values where even 100 boreholes are not sufficient to determine a pile
with 15 or 25 units. Generally, the fringe between undefined and well defined
piles (0 and 1) is asymptotic near x and y axis which makes sense, because
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as we approach the x-axis (np, close to 0), there is no longer enough data to
determine the SP, even if p,.. is high, and vice versa.

Case 2

This second case investigates the effect of having boreholes that are not com-
pletely consistent with each other (i.e. generated using different SP). In fact,
data are often inconsistent for a number of reasons such as potential errors in
the data, units have been badly defined or the SP is locally varying. With this
example, we show how to outline these problems. For this case, we use four
different SPs (fig. 4.5A) and generated 80 boreholes, 50 with the first pile using
Poce = 0.5, 10 with the others using p,.. = 0.3 for generating less informative
boreholes.
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Figure 4.5: Second synthetic case results. A: SP and parameters used to generate
boreholes. Main pile is surrounded by red. The resulting SPs after the analysis of the

80 boreholes by Algorithm 4.1 are shown in B along with total number and proportions
of boreholes in agreement with the pile. Main pile is surrounded by red.

The algorithm 4.1 found 5 resulting piles (fig. 4.5B), where the most probable
one is also the main pile. This demonstrates that in this specific context, it is
able to retrieve the main SP from which the boreholes originate. The other piles
found are not identical to piles 2, 3 and 4 in Figure 4.5A, probably because there
are fewer boreholes generated with these piles and also because they are less
informative than the ones from the main pile. However, in these reconstructed
piles, we can observe patterns of our own in Piles 2, 3 and 4. For example, in
the 2nd most probable pile, unit 6 is above unit 5, a relationship found in Piles
2 and 4. Or in the 4th most likely, unit 2 at the top of the pile is necessarily
taken from a borehole in Pile 4.
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4.3.2 Real data application

The study site is located in Switzerland, in the Alpine Rhine Valley (fig. 4.6A).
It consists of a wide valley of about 230 km?, carved out by Quaternary glaciers
and filled mainly by the Rhine, an essentially fluvial environment. A large
number of boreholes (1569) have been drilled, homogenized and digitized in
the context of the GeoQuat project (Volken et al. 2016).
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Figure 4.6: A: the red area represents the geographical location of the Rhine Valley,
situated at the boundary between Switzerland, Austria, and Liechtenstein. The blue
dots on the map indicate the locations of the boreholes that have been collected and
digitized by Swisstopo. B: Evolution of unit proportions and proportions of boreholes
reaching a certain depth. Note that data have not been declustered to estimate the
proportions. ARTI unit was discarded from the analysis as it is only present on the
first meters of depth.

The geology of this valley is a result of the Rhine river’s filling process. The
oldest unit found is a moraine (MORA), which is typically associated with the
Last Glacial Maximum. It generally follows the bedrock with a thickness of
several meters and is generally observed on the sides of the valley. Above it we
find lacustrine deposits (LACU) that are themselves below a unit composed of
delta sediments (DELT'). These two units composed most of the valley infill.
Time order of younger sedimentological units is less clear, presuming that some
of them were deposited synchronously. Regarding the river deposits, we have
direct deposits from the Rhine bed (FLUV) that are mainly composed of gravels
and sands, and aggradation deposits (AGGR) that present finer sediments.
These river deposits are often covered by flood deposits (FLOD). Aside from
the deposits from the Rhine river, we can also observe a significant number of
alluvial fans from lateral valleys (FANS) and rock avalanche deposits (ROCK)
that are very local and present in few boreholes. Recent scree deposits (SCRE)
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are sometimes observed but their proportion in relation to other units remains
very low. Finally, soil and artificial deposits (ARTI) generally covers the units.

In total, there are 10 distinct stratigraphical units that have been identified,
and their observed proportions in boreholes relative to depth are illustrated in
Figure 4.6B. It is clear that the proportions of these units are not equally ob-
served in the boreholes. While some units are quite prominent (LACU, DELT,
FLUV), others are barely visible (e.g., MORA), and some are virtually absent,
like SCRE, which indicates a poor spatial distribution.

The data were preprocessed and all boreholes that present several occurrences
of the same unit were removed from the dataset ensuring that all boreholes can
be analyzed with Algorithm 4.1. This reduces the total number of boreholes
to 1481 (a reduction of about 5.6%). These multiple occurrences of units are
always in pairs, where two units are intertwined. Most common pairs include, by
occurrences, (AGGR, FLUV), (AGGR, FANS), (LACU, DELT) and (FLUV,
FANS) while others are only observed 1 or 2 times.

The results of Algorithm 4.1 are shown in Figure 4.7A. For consistency not all
the piles are shown here and only the five best over eight piles are presented
and discussed.

We can note that despite the high number of boreholes, ambiguity still remains
in the definition of the piles. Generally due to the relative position of FLOD and
SCRE units. This can be explained by the scarcity of the SCRE unit occurrence
in the boreholes, implying that these two units have not been observed together.
This is not surprising as flood deposits are generally observed near the river
(eastern side of the area). Scree deposits on the other hand, are located close
to the relief (western side of the area).

All SPs exhibit a high level of agreement with boreholes, ranging from 90% to
96%. While there are notable similarities among the piles (e.g., the presence
of DELT, LACU, MORA at the base and ARTI, FLOD at the top), there
is also some variability. Specifically, the positions of FANS and AGGR. shift
in several instances, suggesting that these "units" might actually represent
different lithofacies deposited during the same time interval. In certain piles,
AGGR is found below FANS and FLUV, while in others, it is above them.
FLUV is consistently located just above DELT, except in a few cases (#4 and
#5) where AGGR lies in between. Additionally, ROCK consistently appears
just above FLUV in all piles.

To quantify these discrepancies, an analysis of boreholes that do not align with a
particular pile was conducted. Figure 4.7B displays the three most common unit
contacts that conflict with pile #1. Approximately 2.2% of boreholes (32) show
FLUV above AGGR, which is the primary source of disagreement with pile
#1. The second most common discrepancy is AGGR above FANS, observed in
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Figure 4.7: A: Five most plausible SP found for the Alpine Rhine Valley using the
algorithm. When two units are side by side it means that their relative position is
unknown. Percentage indicates the number of consistent boreholes with this pile. B:
Inconsistent unit contacts observed in boreholes that are not in agreement with Pile
#1 with proportions of boreholes concerned. C': Proposition of merging some "units"
into one stratigraphical unit to increase the number of boreholes in agreement.

0.7% of boreholes (11). Interestingly, six boreholes (0.4%) exhibit FLOD above
ARTI, which was unexpected. However, this observation should be interpreted
cautiously, as more than 100 boreholes show the opposite arrangement (ARTT
above FLOD), raising doubts about the authenticity of these six boreholes.
The remaining conflicts are only observed in one or two boreholes and were
consequently considered as irrelevant.

From these results, it makes sense to consider that the FLUV, FANS and
AGGR deposits can be considered part of a single stratigraphic unit. These
diverse lithological deposits may be interpreted as lithofacies, encompassing
fluvial deposits on one hand and episodically deposited alluvial cones on the
other. In between, there are aggradation deposits associated with the river
system. Consequently, consolidating these units into a single entity (as depicted
in fig. 4.7C) would make sense. This operation raises the overall agreement with
boreholes to nearly 99%. Furthermore, by merging these units, many boreholes
that previously contained multiple occurrences of the same units would no
longer exhibit such redundancy, particularly with respect to the FANS, AGGR,
and FLUV units. The inclusion of unit ROCK in the merging was primarily
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driven by its consistent occurrence just above FLUV. Given that FLUV was
merged, it logically follows that ROCK should be incorporated as well.

Importantly, the decision to merge units should always be driven by a valid
geological concept that can elucidate why these three stratigraphic units are,
in fact, not distinct. Merging implies that these three formations are heteropic
facies (i.e., lithologically different but of the same age), which can have sig-
nificant implications for their modeling process. Additionally, it is crucial to
consider the number of boreholes affected by this merging. In this case, nearly
3 % of the boreholes (45) became consistent with the pile. This number can
serve as a justification for such a decision, suggesting that these boreholes may
not have been inaccurately labeled.

4.4 Discussion

The presented results, both synthetic and applied, demonstrate the algorithm’s
ability to efficiently infer the SP or determine problematic contacts if it is
not possible. The algorithm’s success is highly dependent on the number of
boreholes and the probability of occurrence of different units in the boreholes.
Determining the absolute position of a rarely observed unit is more challenging.
However, the algorithm considers relative positions (through rules 2 and 3) to
define their location in relation to a certain number of units. For example, in
the applied case of the Rhine Valley, the SCRE unit is rare (present in 2-3% of
boreholes), yet it is still possible to identify that it is always located above the
majority of the other units.

In addition to its ability to determine the stratigraphic pile, this methodology
offers the advantage of automatically identifying and quantifying potential er-
rors in the data or the geological concept itself. Errors can be detected based
on the frequency of occurrence. For instance, if unit B is observed above unit
A in 100 boreholes, but in just one borehole, unit B is observed below unit
A, it raises questions about the accuracy of the latter interpretation. However,
if this observation is made in 20 boreholes, it becomes reasonable to question
whether these two units are indeed of similar ages, implying that they might
not be distinct stratigraphic units.

This brings about several conceptual questions, and it is important to recall
that the aim of the present algorithm is to automatically find the sequence
of stratigraphic units, units with different ages of deposition. Under normal
circumstances, this sequence is known and serves as the basis for the interpre-
tation of the boreholes, interpretation that normally is expected to respect the
pile. However, the boundary between units and facies is sometimes blurred, as
it is easier (and more natural) to interpret a geological horizon based on its
lithology (granulometry, structure, mineralogy, etc.) than its age. As a result, it
is entirely possible that some boreholes could be misinterpreted, but also that



4.4 Discussion 167

the geological concept behind them (the stratigraphic pile) could be wrongly
conceived. This is particularly true in the case of the Rhine Valley (Figure 4.6
and Figure 4.7). In this case, many of the so-called stratigraphic units were, in
fact, facies deposited over an identical time span. We were able to show that the
4 units FANS, AGGR, ROCK, and FLUV make more sense, stratigraphically,
grouped together than separated. Their delineation would require further geo-
logical investigations to capture their spatial arrangement and heterogeneities
in order to apply adapted facies modeling algorithms.

The choice of this grouping is also reinforced by the presence of a number of
boreholes containing multiple occurrences of these same units. Such boreholes
actually make no sense if these units are considered different, as an event that is
supposed to occur within a single time span cannot be observed more than once.
However, by considering them as part of a single unit, these problems disappear.
Finally, the methodology used in this article has enabled us to perform an
initial stratigraphic analysis of the boreholes, to determine a plausible SP and
to provide clues for rethinking the geological concept of certain units.

Results obtained from synthetic examples should be treated with caution. In-
deed, the model assumed to generate the boreholes is very simple and based
on a simple probability of presence or absence of the unit, largely missing
the great complexity of sedimentological systems. Furthermore, some geolog-
ical units may naturally occur less frequently, resulting in a lower likelihood
of being encountered in borehole data. This lower likelihood adds to the algo-
rithm’s challenge in accurately determining their positions in the stratigraphic
sequence, as demonstrated in the specific case study.

Furthermore, it is essential to consider sampling bias when dealing with real
geological data. Boreholes are frequently located near towns or villages and
are typically drilled to relatively shallow depths. As a result, certain geological
units may not be encountered or be poorly encountered. This sampling bias
can introduce limitations and affect the performance of the algorithm, but as
it has been demonstrated, this does not prevent to define a coherent SP for the
Rhine valley.

This algorithm has direct applications, mainly providing piles for software that
require them such as Geomodeller (Calcagno et al. 2008), GemPy (de la Varga
et al. 2019), or ArchPy (Schorpp et al. 2022). However, the presented algorithm
may pose challenges for Geomodeller and GemPy due to their ability to consider
a wide range of geological settings, including folded or faulted environments,
which contradict the assumptions made in the algorithm. However, it can still
be used if the polarity of the layers in each borehole can be determined. ArchPy
is an ideal python module for Quaternary environments where folds or faults
are absent. In terms of availability, the present algorithm has already been
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integrated into ArchPy’s GitHub repository °, as well as the synthetic examples
of this study.

4.5 Conclusion

Using a matrix approach and simple logical rules, the algorithm presented
showed that it was capable of retrieving a stratigraphic pile (SP) given a limited
set of boreholes. However, this greatly depends on the "completeness" of the
boreholes and how a unit is likely to be recorded, as well as the total number
of units in the SP. All in all, the algorithm and methodology presented in this
research have a number of interesting benefits:

e a way of determining plausible stratigraphic sequence automatically;

identify potential falsely labeled boreholes;

quantification of the vertical relations between the units;

e and finally, help to rethink the geological concept of stratigraphical unit
of a certain area.

Additionally, the synthetic cases presented help to investigate the limits of the
approach. We have notably investigated the effect of several parameters such
as the number of boreholes required to estimate a complete pile. We found that
this is dependent on the total number of units in the pile, but principally to
the probability of a unit to occur in the pile. In some cases, if this probability
is too low (< 0.10), even with more than 100 boreholes, the pile can hardly be
determined. Conversely, if this probability is high enough (> 0.5), 20 boreholes
are sufficient in most cases.

Finally, this tool should not only be seen as a simple tool for determining
the stratigraphic pile, but rather as an aid in the pre-processing of geological
data and in the construction of the geological conceptual model. Therefore, its
applications are wide and diverse.

Shttp://www.github.com/randlab/ArchPy
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Abstract

This study presents a three-dimensional geological model of the Rhine Val-
ley near Buchs in the canton of St. Gallen using ArchPy, a free open-source
geological modeling software. The hierarchical approach is based on a formal
description of a stratigraphic pile that is then used by the code to build the
3D model automatically. It provides a rapid synthesis of the available data, an
initial analysis of the data in order to define the stratigraphical pile, and de-
scribes the modeling strategy. Various geostatistical approaches have been con-
sidered depending on the units: classical Gaussian Random Functions (GRFs)
for surfaces and Multiple Point Statistics (MPS) simulations for syndeposi-
tional units. The MPS approach required a Training Image (TI) that was built
using an object-based model, attempting to reproduce the main features of
the geological setting of the units concerned (VERL, BAC, and FLUV). The
K-fold cross-validation showed that the model is capable of reproducing the
units with an overall precision of the order of 80%. The good results obtained
on FLUV, VERL, and BAC units show that the MPS method combined with
the object-based TI was efficient in reproducing and simulating these units.
Overall, ArchPy’s flexibility and robustness enabled us to combine different
interpolation methods to better characterize the valley’s intricate Quaternary

geology.

5.1 Introduction

The geology of the Quaternary Rhine valley, situated near Buchs in the canton
of St. Gallen, is intricate and has not yet been modeled using up-to-date tools.
Therefore, we propose a geological model using the recently developed (Schorpp
et al. 2022). The code is available in open access®. It is a hierarchical approach
based on a formal description of a stratigraphic pile. Once the pile is defined,
the code uses this description to automatically build stochastic 3D realizations
of the study site.

In ArchPy, this stratigraphic pile encompasses several hierarchical levels. First,
it describes the order in which the sedimentary units have to be modeled,
according to their deposition chronology. Second, the pile contains also the de-
scription of the modeling methods used for each geological formation that needs
to be modeled. ArchPy uses a set of embedded geostatistical methods to inter-
polate surfaces delimiting vertically the geological units, and the litho-facies and
their properties populating the delimited units. Furthermore, ArchPy allows
quantifying uncertainty by generating multiple realizations. ArchPy integrates
an algorithm that automatically processes borehole data to extract necessary
information for surface interpolation while maintaining data integrity. The re-
sulting realizations are compatible with the conceptual model (the pile) and
borehole data.

Shttps://github.com/randlab/ArchPy
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This chapter presents an application of the ArchPy approach to a real case,
including the selection of modeling method and related parameters. It provides
a concise summary of the available data, an initial analysis to define the strati-
graphic pile, and an explanation of the overall modeling strategy. Additionally,
this chapter proposes a model validation using a cross-validation approach.
The chapter is structured as follows: Section 2 describes the modeling site and
presents the data. Section 3 explains how the stratigraphic pile was defined
using the novel algorithm presented in Chapter 4. Section 4 presents the global
methodology and modeling parameters. Section 5 depicts the obtained models
and their cross-validation. Finally, Sections 6 and 7 conclude this chapter by
discussing limits and future perspectives for the present models.

5.2 Site description and data summary

The modeling area is about 228 km? and covers the whole Swiss side of the
Rhine Valley between the city of Buchs SG and the Bodensee. The simulation
area is defined on the basis of the shape file provided by Swisstopo (Fig. 5.1).

The data consists of a set of 1569 boreholes described in terms of stratigraphic
units. The data are numerous but not evenly distributed. The largest number of
boreholes are located in the northern part of the area. They are also generally
deeper there than in other locations. The ArchPy modeling approach considers
3 different hierarchical levels: 1) the stratigraphic unit, 2) the litho-facies and
3) the petrophysical properties. In this study, the aim is to model stratigraphy
solely. It means that we are mainly concerned with the first hierarchical level
of ArchPy, and we need to establish the stratigraphic pile.

A total of 36 different units are reported, of which 33 need to be modeled. The
remaining 3 are neglected as they are artificial deposits and only present lo-
cally near the surface. These are the different Bachschutts (BAC, 24 units) that
are very local, Bergsturtz formations (BERG, 2 units), Deltasediment (DELT,
1), Fluviatiler schotter Rhein (FLUV, 1), Hangbildungen (HANG, 1), Lackus-
trisches sediment (LAKU, 1), Moréine (MORA, 1), Uberschwemmungssediment
(UEBE, 1), Verlandungsbildung detritisch (VERL, 1). For simplicity during the
analysis, the 24 Bachschutts have been grouped together, as have the Bergsturtz
formations. In the end, nine base units are modeled; the different Bachschutts
and Bergsturtz are identified uniquely but only in a second stage.

A certain fraction of the boreholes (5.5%) contain multiple occurrences of the
same units along the vertical in their log descriptions. Normally, as a strati-
graphic unit corresponds to a given stratigraphic interval (geological age inter-
val), this should not happen. This situation occurs because the stratigraphic
codes correspond to deposits occurring simultaneously, but having different na-
tures (slope deposits on one side of the domain, and fluvial deposits in another
area for example). These multiple occurrences involve the following pair of
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units: (FLUV, VERL), (BAC, VERL), (FLUV, BAC), in 75% of the concerned
boreholes and they involve to a lesser extent (LAKU, DELT'). However, com-
pared to the total number of boreholes containing these units, multiple occur-
rences of (LAKU, DELT') were only found in 3% of the boreholes that contained
both units. In contrast, the ratio was almost 20% for the pair (FLUV, VERL).
It is suggested that boreholes with multiple occurrences of LAKU and DELT
units can be reasonably neglected without significantly affecting the modeling
results. However, it is necessary to address the other boreholes with multiple
occurrences.

The vertical proportion curves of the different units have been computed from
the boreholes and are shown in Figure 5.2. First, it is important to consider this
Figure with caution, as those statistics are affected by two sampling biases. The
boreholes are not evenly distributed throughout the study area. Some areas are
extremely densely sampled, while others are not covered at all by any wells (Fig.
5.1). A second aspect of the bias is related to the depth. The shallow units tend
to be over-represented because most of the wells were drilled to reach shallow
targets.

Nevertheless, Fig. 5.2 shows significant changes in terms of distribution of units
with depth. The most frequent units at shallow depth are FLUV, UEBE and the
different Bachschutts. But they tend to disappear with depth. Some older units
in the pile (LAKU, DELT) become dominant. The transitions are usually very
smooth. It is also interesting to note that all units are represented at shallow
depth (< 5m), which implies a great variety of possible environments at this
depth. At larger depth (below roughly 90 meters) the data show almost only
the presence of lacustrine sediments and very marginally moraines. However,
the data are much less scarce and therefore this absence of variability may be
simply due to the lack of sufficient data at that depth. However, we observe
nearly 20% of the data at these depths which assumes that the number of data
is however sufficient.

5.3 Stratigraphic pile identification

A more detailed statistical analysis of the boreholes allows to determine the
possible stratigraphic piles for the area (Fig. 5.3). The algorithm presented
in chapter 4 was used for this purpose. The Rhine valley was also used as a
test case in this chapter, but the major difference with the present chapter is
that the superficial and anthropic units have been taken into consideration.
This explains the slight differences that can be observed in terms of percentage
of match. For the analysis, only the boreholes where there were no multiple
occurrences of the same unit have been taken into account. They represent
around 95% of the boreholes.



174

Chapter 5: ArchPy: Rheintal model

Depth [m]

121

04 06
Proportions of facies / boreholes

08

10

B RO TURSRBLAGERUNG. USDW
BERGSTUAZRBLAGERUNG SALFE SINAmALD
BACHSOmUTY _WUSSEADN

BACHSCHUTYT CLASERHOLTBACH
BALHSCHUTT ROFIBACH

BACHECHUTY CHILINBALH
BACHSO=UTT_ALELBALY

BACHSCSLUITT USNDPF

} BACHSO=UTY MuLBals

PCRRRRec e i

BACHEOWITT A TERSURGEATH
BACHSCHUTT WIOUFSBACH

BACHRCHUTE §TuOnTRRAdH
BACHSCsITT DOSFRACH Ak
BACHECHUTT STINE MBACH

BACHYCSUTT WAOE MBAC

BACHSC-UTT DUSEERMBATH LD AL ARACH
BACHLCSUTT FORELBACH RUTH
BACHRECHUTY GARE NPINBACH
BACHSOsITT_BRETTLADARACH
BACHSOSUTT LIEAZERBACH

AL HSCHLITY Saana

BACHECSUTY FaiEAlH UMD STENLBACH
BACHSC=UTY STADTERAED= Uil O SSELBADH
BACHSCSUTT CRANGE RBACH

BACHSCHLITE UTTEMBACS UNT LOCHEALH
BACHSCSLITE POBE LRI

FUUAARTILEE SCHOTTER &=y
VERLANDIAG S DUNG. D TRITISON
PR N

AN TRSCHES SEDENT

D LTESE DIMENT

HANGER DUNGEN

LB R HWE MAMURNG S8 DIMENT

Progrtian of bonebates

Figure 5.2: Vertical proportions computed from the boreholes on the modeling site.
Red lines indicates the proportions of borehole information that can be found at a

specific depth.

Best pile (96.5

% match)

Proposition

Problems

The rest is
non significant

Ustr
I

(99.4 %
match)

Figure 5.3: Pile analysis summary. The % of matches correspond to the proportions

of boreholes in agreement with the given pile.



5.4 Methodology 175

The pile that matches the largest number of boreholes in the area (96.5%) is
shown on the left side of Figure 5.3. If we consider the stratigraphic contacts
that are in disagreement with this pile, most of the time it concerns a set of 3
units: FLUV, VERL, and BAC. As discussed in the previous section, we think
that these units should be treated as syn-depositional and not distinct units.
Consequently, they would need to be modeled as a litho-facies, allowing them
to be intertwined. To do so, we propose to group these three units into one
(called “Unit B”) which allows now to have a Pile that matches 99.4% of the
boreholes. The proposition of grouping these units is also reinforced by the fact
that they often appear several times in a borehole. This stratigraphic unit B
represents then a syn-depositional phase, during which the three lithological
units (BAC, VERL and FLUV) were deposited simultaneously but inhomoge-
neously spatially.

5.4 Methodology

5.4.1 Overview

The aim of this application was to produce a stratigraphic unit stochastic model
of the Rhine valley. Due to the choice of regrouping some units into one, the
public version of ArchPy has been slightly modified to the specific situation
encountered in the Rhine valley.

The methodology can be summarized in three main steps: (1) the units sim-
ulation, (2) the subunits simulation, and (3) the delimitation of the different
Bachschutts. The whole procedure is illustrated in Figure 5.4.

First, we apply the ArchPy approach to simulate the 2D surfaces delimiting the
units using the pile defined in the previous section (Fig. 5.3) using Gaussian
Random Fields (GRFs). The covariance parameters are inferred directly from
the borehole data, except for a few underrepresented layers. In such cases,
conceptual knowledge was used to determine a compatible variogram.

Secondly, the subunits that have been grouped together in unit B (the different
Bachschutts, VERL, FLUV) are simulated using a 3D categorical geostatistical
method: Multiple-point statistics (MPS). The geological concept required for
the MPS simulation has been made using an object-based approach.

Then, the different Bachschutts are assigned within the large Bachschutts unit
using a nearest-neighbor algorithm. A similar procedure is applied for the
Bergsturtz deposits. This step does not change where the Bachschutts are de-
posited spatially, but just assigns them the specific Bachschutt label observed
the closest in the borehole data set.

To test the quality of the models, we performed a K-fold cross-validation anal-
ysis. The wells are divided into groups and a simulation is performed intention-
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Figure 5.4: Modeling workflow. It is divided in three steps: 1): Simulation of the
magor units that consists of strict stratigraphic units. They are simulated using 2D
stochastic surfaces. 2): Categorical MPS simulation of the Bachschutts, Verlandungs-
bildung detritisch and Rheinschotter inside the unit B. 3): Bachschutts and Bergsturtz
label assignment using a nearest neighbors algorithm.

ally omitting one group of boreholes. The resulting model is then compared
with the absent data. When constructing the k-fold data sets, we carefully
check that these data sets are well balanced in terms of statistical distribution
of the wells characteristics. By comparing the model forecast and the omitted
boreholes, we can select the best modeling parameters and geological concepts.

Finally, the general philosophy of ArchPy is to generate multiple equiproba-
ble simulations to represent the uncertainty. However, it is sometimes asked in
the end to provide one model which is assumed to be the most probable one.
Therefore, we explored different approaches to select one single model. One
usual approach is to postprocess the simulations to determine which strati-
graphical unit is the most likely in any location. However, this approach can
incorrectly represents the rare units, therefore we tested three other alterna-
tive models and compare their performances using cross-validation. The details
of these methods are given in the following sections. To quantify uncertainty,
we provided in any location the probability of occurrence of all the lithologies
and we summarize this information by providing a 3D grid of Shannon entropy
values over the whole simulation domain.
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5.4.2 Detailed workflow

This section details each of the modeling step undertaken. The modeling pa-
rameters are shown in appendix A.2.

Spatial discretization

The 2D extent of the model was defined by the red polygon shown in Fig. 5.1.
The target model has the following characteristics:

e cell size (x, y, z) is 50 x 50 x 2 m?, in a regular grid
e model dimension in cells is 400 x 835 x 251 (nxz X ny X nz)
e model dimension in meters is 20’000 x 51’750 x 502 m3 (Lx x Ly x Lz)

e model origin (lower-left corner) in Swiss CH1903+ / LV95 (EPSG:2056)
are

2749247.0,1222618.0, 200 (oz, 0y, 02)

The simulation grid defined above is a regular rectangle. Within the box, the
cells outside of the modeling domain are inactivated and not considered for
the simulations. In this case, some cells can be above the topography, below
the elevation of the bedrock or outside of the polygonal mask provided by
Swisstopo. The final model consists of a total of more than 4 millions active
cells while 8 millions are inactive. Model top boundary was set according to the
Digital Elevation Model (DEM) of the Swiss Geological Survey at a resolution
of 25 x 25 m? (DHM25, Swisstopo). The bottom of the model was defined the
Swiss model of bedrock elevation (TopFels25, Swisstopo), also at a a resolution
of 25 x 25 m?.

The lowest altitude of the model was set to 200 meters above sea level (m.a.s.l.),
even if bottom of the valley can locally be much deeper. As no boreholes goes
beyond this depth, the uncertainty on the exact distribution of units is very
high. Indeed, our model will not be able to represent the units at these depths
and the associated uncertainties for multiple reasons. First of all, it is possible
that unknown units that have never been encountered by drilling exist at these
depths. The model will then not be able to simulate something that has not
been seen in any of the wells. Second, as ArchPy simulates top surfaces of each
unit, it will fill the bottom with the last unit, here Morédne or Lakustrisches
sediment. Hence, increasing the depth of the model without more data will
simply result in a hundred meters filling by these units. This will be completely
non-informative and will add unnecessary computational costs. For all these
reasons, we decided to set the lower boundary of the model at 200m above
sea level. We think that modeling the deep part of the valley would require
acquiring additional data and information from additional sources (geophysics,
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analog data from other deep valleys in Switzerland). Based on these data, it
should be possible to construct a realistic model with reasonable uncertainty
estimates, but this additional work was beyond the scope of this study.

Simulation of the surfaces

This subsection describes how step 1 (Fig. 5.4) was undertaken. Once the strati-
graphic pile has been defined through borehole analysis, the units can be defined
and separated by 2D surfaces. According to the ArchPy modeling procedure,
surfaces can be of two different types: onlap or erode. This impacts how the
surfaces interact with each other and represent different sedimentological con-
ditions. For this model, all surfaces were considered as onlap.

The top surfaces of each unit are simulated successively using Gaussian Ran-
dom Functions models (GRF, Matheron 1963) that were generated using the
sequential gaussian simulation (SGS, Alabert 1989; Deutsch et al. 1992) algo-
rithm.

The conditioning points for the simulation can be of two nature: equality points
and inequality points. The first type is encountered when a borehole encounters
a certain layer. At this stage, an equality "TOP" point is defined, and the al-
titude of the transition is defined. On the contrary, an inequality point reflects
that a borehole has not reached a deeper layer, and that this one should be
simulated at a depth unknown, but deeper than the borehole. Additional sit-
uations may arise due to the complex interplay of sedimentological processes,
such as deposition and erosion. These processes are discussed in the dedicated
chapter on ArchPy (see chapter 3).

In addition to the conditioning points, it is necessary to provide a variogram
model for each of the surfaces. The variogram model is a function that repre-
sents the spatial variability (or correlation) of the surface (Chiles et al. 2012). A
variogram model for each surface was automatically fitted to the experimental
variogram when enough points were available from the borehole data (Fig. 5.5).
The data were insufficient to identify clearly the variograms for the following
units: Hangbildungen and Bergsturtz. Consequently, we attributed to them a
default variogram, with a range of 7500 m and a sill of 200 m?. We chose these
values based on a visual rough estimate as well as from the expected values of
spatial correlations (range) and variability (sill).

The surface delimiting the Moréne is treated differently. We think that the
Moréane cannot be modeled properly by just interpolating the available borehole
data. Even if this unit is observed in boreholes, we believe that a sampling
bias exist. Indeed, it is expected, given the general geological knowledge of the
area, that the Moréne should follow, more or less, the bedrock with a variable
thickness ranging from 0 (absence of Moréne) up to 30-40 meters according to
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Figure 5.5: Ezperimental variograms and the variogram models for Uberschwem-
mungssediment, unit B, Lakustrisches sediment and Deltasediment. Blue dots are
measures of the variance based on the boreholes. Interfaces circled in black are sur-
faces that did not have enough data points to estimate an experimental variogram.

the boreholes. However, the boreholes that hit the Moréne are almost all on the
sides of the valley, where the unit is shallow, and probably do not represent the
real spatial variability. In addition, due to the absence of boreholes that contain
Moréne in the center of the valley, the model would be totally unconstrained.
If we would interpolate directly the observed depth, the risk is the creation of a
layer having a very high thicknesses with a Moréne close to the topographical
surface, without respecting the concept stated above. To prevent this, we can
impose in ArchPy a mean elevation to the top of Mordne that we have set
at 15 m above the bedrock depth based on the average thickness of moraine
in the boreholes. The variogram was chosen to respect the Moréne thickness
distribution.

At the end of this step, the result is an ensemble of unit models, including the
grouped unit B. Similarly, all Bergsturtz are grouped in one unit.

Sitmulation of Rheinschotter, Verlandungsbildung and Bachschutts in unit B

This subsection details how Step 2 (Fig. 5.4) has been undertaken. This step
aims to populate the unit B in three litho-stratigraphic units: Rheinschotter,
Verlandungsbildung detritisch and the Bachschutts, using DeeSse, a Multiple
Points Statistics (MPS) algorithm based on the direct sampling approach (Ma-
riethoz et al. 2010b). MPS is a family of geostatistical techniques that can be
used to model complex spatial distribution of a variable. The MPS approach
involves building a training image (TI) or training data set, which is often a
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simplified representation of the expected geological structure. The training data
set is then used and iteratively sampled (Mariethoz et al. 2010b) to generate a
set of realizations of the variable of interest at the target locations.

Training image generation

Bach O Rhein @ Verl @

Figure 5.6: Schematic representation of the object-based approach used to generate
the Training Image. Three successive simulation time are shown both in aerial view
(A) and transversal view (B). Transversal views at the position of the black line of
aerial views.

A training image aims to represent the conceptual model of deposition. It rep-
resents the expected patterns and spatial statistics.

To generate it for the case of the Rhine valley, we had to code a specific object-
based method. These methods (Chiles et al. 2012) allow to control the shapes
and sizes of the geological objects, and generate realistic models. But in general
they are difficult to condition to borehole data. This is why we use them here to
create the training data and then use the MPS approach to condition locally the
simulations with the borehole data. Object-based methods rely on predefined
geometries representing geological objects that can mimic geological features
such as riverbeds, levees, deltas, etc. The objects are positioned stochastically in
a simulation domain. An example of a similar approach is FLUVSIM (Deutsch
et al. 2002), a relatively common and widely used object-based software to
simulate alluvial environments.

The Figure 5.6 summarizes the procedure used. Here, we interpret unit B as a
mix between a fluvial environment, from which the Rheinschotter (FLUV) and
the Verlandungsbildung (VERL) are deposited, and alluvial fans coming from
the side of the valley (Bachschutts, BAC). All these depositions can occur at the
same time but at different positions in space. These two sedimentological fea-
tures are treated as two different independent objects. River objects constrain
the position of the Rheinschotter. They are elongated objects whose center po-
sition is determined by a 1D stochastic process and their transversal profile is
given by their thickness and width which are user inputs. The streams have the
ability to remove previous channels and Verlandungsbildung sediments. We also
consider that deposits outside of the river channels are considered as the Ver-
landungsbildung detritisch deposits. Alluvial fans are half-disk objects whose
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thickness linearly decreases from their center to their outer limit. Thickness
and radius are values drawn randomly in user-given probability distributions
each time an event takes place. Instead of having events at each time step, we
let them occur with a certain probability. The events stack on the rest of the
simulation and can then overlap with the other facies. Three alluvial fan source
locations were considered to generate the T1.

The simulation is sequential and can be seen as a progressive filling of the
simulation domain (Fig. 5.6) where the surface continuously increases through
time. Hence, at each time step, the river object will be set a little higher than
the previous one, and a draw is made to determine if a Bachschutt deposition
event occurs or not. We can denote the size differences between two different
bachschutts events and the incision made by the rivers on previously simulated
sediments. The final TT can be seen in Figure 5.7 A.

Auxiliary variables

To better constrain the MPS simulations, we added two auxiliary variables.
These variables are not simulation variables in themselves, but they guide the
direct sampling algorithm, by adding knowledge. These variables are informed
in both the training image and the simulation grid. As mentioned before, the
MPS will sample the TT image iteratively to fill the simulation grid. By adding
an auxiliary variable, we want to preferentially sample some areas of the TI
for some areas in the simulation grid. The assumption is that some features
are more represented in some areas of the TI, and that the same behavior is
expected in the simulation grid. For example, the Bachschutts must be close to
the valley outlets in the TI, and should also be preferentially disposed close to
valley outlets in the simulations.

MPS simulations

Within ArchPy, we use the DeeSse algorithm to run the MPS simulations. In
addition to the auxiliary variables, the boreholes are added as conditioning
points.

The algorithm tries to find not only the pattern that best matches the bore-
hole data, but also the position in the TI that has similar auxiliary variables
(Mariethoz et al. 2010b). If no borehole data is available, but the location is
near a valley outlet, a Bachschutt is more likely to be simulated. Conversely,
river channels are expected to appear far from the valley sides.

Two auxiliary variables are used: the distance from the valley outlets (Figure
5.7 B, C) and the distance from the present river path line (Figure 5.7 D, E).
To obtain the distance from the Bachschutts for the real model, the exits of
all the lateral valleys leading to the Rhine valley have been identified manually
using a DEM.
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Figure 5.7: Resulting Training image (A ) using the object-based approach developed
in this research. The associated auziliary variables: distance from Bachschuitts (B) and
distance from river path line (D) are also shown. C and E show the spatial distribution
of these auxiliary variables over the simulation domains.
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At the end of this simulation step, the unit B is divided in 3 distinct subunits:
the Rheinschotter, the Verlandungsbildung and the Bachschutts.

Attribution of the Bachschutts and Bergsturtz deposits

As mentioned before, all the different Bachschutts are grouped in one Bach-
schutt unit. However, they consist of 24 distinct units. Since only the grouped
units have been modeled for now, it is necessary to divide it in 24 according
to the descriptions of the boreholes. This is done using a Nearest-Neighbors
(NN) algorithm. An existing grouped Bachschutt cell will be assigned to the
nearest local Bachschutt unit described by the boreholes. Same approach is
used to differentiate the Bergusturtz stratigraphic units. The use of MPS and
NN in combination is an easy and simple way to model relatively complex
distributions such as the Bachschutts. NN is well suited as it is efficient and
Bachschutts entities are spatially well distinct.

Final model selection

The ArchPy standard workflow is stochastic. Instead of providing only one
model, ArchPy can simulate hundreds of models to quantify uncertainty. The
collection of models are all plausible. To select a single model, an appropriate
method must be used to identify a model that corresponds to the user’s needs.
This problem is usually not well defined. For example, one could select the
model that is able to provide the highest risk in terms of tunneling if a tunnel
would be drilled in the area. This would allow to design a safe tunnel project.
But it could also be the model that would predict the worst groundwater pro-
duction to surface contamination to ensure again the best protection if one
consider water supply issues. Most probably, considering the high remaining
uncertainty, these two models would be very different.

Since in the framework of this project, we did not have one single and specific
objective outside of providing a geological model, we decided to simply illustrate
the issue by providing four different unique models based on four different
criteria. Aggregating multiple realizations into one is an arbitrary choice and
it leads to various results according to the adopted methodology. In this study,
we have selected a local area (Fig. 5.1) to illustrate the impact of choosing four
different approaches in order to compare each method.

The approaches that we consider here are:

e Method 1: Taking the most probable unit in each cells without any ad-
ditional constraints.

e Method 2: Progressive assignation based on probability distributions and
proportions.



184 Chapter 5: ArchPy: Rheintal model

o Method 3: Use of the mean of the ensemble of surfaces to delimit the
units.

e Method 4: select one realization that is the closest to the center of the
statistical distribution of the ensemble of realizations.

Method 1 is very straightforward. The final unit in a cell is the unit that
is simulated most frequently in this cell. If A was simulated 6 times and B 4
times, unit A would be kept. The drawback of that method is that if a unit is
rare in the area of interest, it will normally have a low probability in almost all
cells, and will not be selected in most of the case. As a consequence, it is likely
to almost disappear in the final unique model. At least its global proportion is
likely to be smaller in the final model than in the observed data and in any of
the simulations.

Method 2 aims at minimizing the issue highlighted above. It begins by com-
puting the proportion of each unit (from 1 to ¢) in all cells of the domain,
through all simulations (pModell, ). If a cell is simulated 6 times A and B 4
times, the pModelﬁy for that cell will be 0.6 and pModelfiy will be 0.4. We

also calculate piyp, which is the proportion of each unit through all the wells.
If there are 2 boreholes of same length, one completely described as A, and the
other completely described as B, p4;; = pB; and will be 0.5. This is the target
proportion of values. We then fill an empty model iteratively, starting from the
unit that has the lowest global occurrence using thresholds on the pM odelﬁc’y
values. We determine the probability threshold (7) between 0 and 1 so that
the proportion of cells in pModel’, @y = T 1s the closest to pi . We then assign
these cells to unit 7 in the empty model. We then move to the next unit, still
following the order of the occurrence. The cells that have been assigned cannot
be updated anymore. We continue iteratively until the whole model is filled.
This method has the advantage that the proportion of the different lithologies
as observed in the wells is respected by the final unique model.

Method 3 consists in averaging the surface depth. All realizations of the
TOP of a surface are averaged. The final model is then constructed. This
methodology cannot be applied for units that have been simulated without a
surface. The different Bachschutts, Verlandungsbildung, Rheinschotter and the
two Bergsturtz were constructed as different facies. For these particular units,
we have decided to simply apply Method 1 within Unit B, which regroups them.
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Method 4 is different as we do not use an aggregation of models, but select
only one within the ensemble. This model is supposed to have a higher probably
of occurrence. To estimate the probability of each model, we first need to define
a measure of distance between each model. Different distance algorithms can be
defined depending on the applications. For example, one could use any of the
geological model and compute the travel time of a contaminant from a given
location (such as a waste disposal) to a target (such as a water production well).
The difference in travel time could be our difference between the two geological
models. Here, we simply use the number of cells that are different (at the same
location) between any two models. The distance is computed between all pairs
of models and a distance matrix is constructed (Fig. 5.8 A). The matrix is
symmetric around the diagonal. We can denote that in this example, a few
models are extremely different from the majority (e.g. index 29). From the
distance matrix, we use an algorithm called Multi Dimensional Scaling (MDS),
which is a dimension reduction algorithm to obtain a 2D representation of all
the models (Fig. 5.8 B). Any point in this 2D map represents one model, the
coordinates are abstract scalar values. The distances between the points in
this map represent the distances between the 3D geological models that have
been computed in the first step. The spread of the cloud of points represents
the variability between the models and the uncertainty. If many models are
mapped in this graph, it is possible to estimate locally a density of probability
and estimate the probability of occurrence of the various 3D geological models
(with respect to the selected distance). Here, we decided simply to take the
model that would be the closest to the center of gravity of this cloud. The
center of gravity of all models is represented by the red cross. The best model is
assumed to be the one the closest to the gravity center and is easily identifiable
(green dot in Fig. 5.8 B). On the contrary, Model 29 for example is the farthest
from the red cross and corresponds to the dot to the extreme left of the point
cloud.
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Figure 5.8: Illustration of the use of the distance method and MDS, to select one
among 50 realizations made for the test site. A: Distance matrix between each of the
50 models. B: MDS applied on the matriz in A. Red cross represents the center of

gravity of all the points and the green dot is the closest to the center of gravity (i.e.
the most "representative” realization).
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Cross-validation

To assess the performance of the model, we have performed a cross-validation
procedure. This consists in separating the borehole data set into a predefined
number (k) of sets (or folds). One after another, one fold is removed from the
data and only used as validation data set, while the others are used as training
data. Hence, this procedure is done k times, one for each fold. In our case, we
chose a number of five folds (k = 5) for the complete model and three folds
(k = 3) for the unique model comparison. Each of the folds has been determined
to respect that they all have the same statistics in terms of unit proportions.
This method is robust and allows us to estimate what is the expected error of
the model and on which stratigraphical units. It also provides insight into false
unit predictions. This makes it possible to know, for example, which units are
confused with each other by the model.

Uncertainty representation

The complete uncertainty quantification is given by the set of realizations.
This information is summarized in local conditional probability distributions
(cpdf) for each of the units. Due to the large number of units, it is difficult
to visualize all these cpdfs in the domain. Therefore, the Shannon entropy has
also been computed as a measure of the quantity of information to represent
the uncertainty in a synthetic manner. The entropy values range from 0 to 1,
with higher values indicating greater uncertainty. A value of 0 indicates that
the model predicts a unit with total certainty, while a value of 1 indicates that
all units have an equal probability of being present. The entropy (H) for each
cell of the model is calculated as follows:

i=1

where p;’y is the probability of occurrence of the unit ¢ computed over all
the models at the cell z,y, and n is the number of different units that can be
encountered. If all the different Bachschutts are considered, n is too large which
can alter the results of the entropy. We then proposed to compute the entropy
at the second level of hierarchy (Fig. 5.4) where there are nine units. Therefore,
the uncertainty in prediction of one precise Bachschutts is not assessed.

5.5 Results

This chapter presents the resulting model of the Rhine Valley. First, we compare
the four tested methods for the selection of one unique model. Based on these
results, one final model is presented in a second time, as well as the stochastic
realizations and the measure of the uncertainty using the Shannon entropy.
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5.5.1 Unique model comparison

To select one single model (see section 5.4.2), we used a test zone (Fig. 5.1)
to compare the different options introduced in the methodology. To do so, we
used a k-fold cross-validation procedure. The number of folds was three in this
part of the work, and the number of realizations for each one was 100.
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Figure 5.9: West - Fast cross-sections at the same place in the model using each of
the 4 aggregations methods M1-M4 (Method 1 - Method 4).

Figure 5.9 shows the geological models obtained along the same cross section
using the four methods at the test site. Visually, the four methods give rather
similar results, except for M4. This behavior is expected, since the model M4
is one realization chosen within the others, when the other methods involve
averaging and, consequently, smoothing. M1 and M3 are very close. M2 shows
more complexity, especially at the boundary of multiple units (BAC, DELT,
LAKU), for example at a distance of about 600 - 800 m from the left of the
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cross-sections. We see also that the moraine are more present in M2 than in
M1 and M3.

Table 5.1: Different scores of the four aggregation methods used. Percentage of
correct cells, the sum of the diagonal of the confusion matrix and the number of times
the method had the highest score per unit are presented.

M1 M2 M3 M4

Percentage correct [%] 73.74 73.65 75.81 74.97
Sum of the diagonal confusion matrix [-] 4.46 4.42 4.56 4.41
Number of best score per unit [n#] 1 0 3 3

The k-fold procedure allows quantifying the performances of the 4 methods in
terms of geological predictions. Table 5.1 provides the main statistical scores
and show that all 4 methods give pretty decent results with an accuracy ranging
from 73 to 76%. These results shows again that the 4 methods are rather close.
The best statistics are obtained with the M3 method, while the worst are
obtained with M2, which is very close to M1.

We can refine those results by comparing the confusion matrix obtained for each
method (Fig. 5.10). Each row represents a predicted category (units), while
each column represents what was measured in the borehole. The percentage
of correct answers are normalized along the predicted values (row wise). The
perfect case would be when the diagonal is filled with "1" and the other cells of
the matrix are at "0". This means that the correct unit is predicted correctly
each time it is observed. Fig. 5.10 shows that all methods give similar results, at
least visually. The differences are rather minor. One thing that can be noted is
that method 4 seems to be more uncertain on the simulation of the Moréne than
the other methods. And more generally, method 4 has slightly more distributed
errors across the different units (less cells close to 0), so it seems less "confident"
than the other methods. The sum of the diagonal of the confusion matrix
(tab. 5.1) provides a global score where each unit has the same weight. Hence,
even rare and sparse units have the same importance as common and spatially
distributed ones. These results are given in table 5.1, the best score is again
obtained by the method M3 while the worst are obtained by M4 and M2.
Finally, the last line in table 5.1 counts the number of times the method was
the best to predict a specific unit (i.e. the best score on the diagonal of the
confusion matrix for each unit). M3 and M4 are the best, as they both predict
three units better than the other methods. M2 is the worst with a score of 0.

Overall, and considering only the scores that were used in this comparison,
method 3 (M3) gives the best results. It provides a rather smooth descrip-
tion of the 3D geology of the area. The model M4 gives surprisingly decent
results, considering that it is a single realization. It provides a representation
with more spatial variability that is probably closer to the reality than model
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Figure 5.10: Confusion matriz of the different aggregation methods obtained through
the cross-validation performed on the test site. Each row is normalized.

M3. For example, it shows in this section that the deltaic sediments may not
be continuous over the complete section. As a reminder, simulations are con-
structed specifically to represent properly the expected spatial variability of
the unknown reality but their aim is not to be locally accurate. In that exam-
ple, this specific simulation seems to be slightly more accurate locally than the
methods M1 and M2 based on the identification of the most probable units,
and this is unexpected.

To conclude that part, without having a specific application and goal for the
geological model, we decided to use M3 as our single model for illustration
purposes in the following of this chapter.
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5.5.2 The regional simulations and unique model

This section details the results obtained at the regional scale. A total of 50
realizations were generated to construct the mean stratigraphic unit model.
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Figure 5.11: Pile and reference for the colors used in the different figures.

For readability, the legend of the geological units (Fig. 5.11) is not shown in
conjunction with each of the figures in the results section.

A 3D view of the final model is shown in Figure 5.12 A and the corresponding
Shannon entropy is shown in Figure 5.12 B. As expected, the different units
are well spatially distributed, both vertically and laterally. In depth, we mainly
observe DELT and LAKU units while the other units share the space near the
surface. FLUV deposits are located closer to the river than VERL deposits
(Fig. 5.13 and 5.14). BAC units are located near the west side of the valley, at
the outside of the lateral valleys. UEBE unit is only presents at shallow depths
and near the river.

Inactivated cells are not displayed in the model. The small moréne cells that
are going up the hill are areas where the DEM and the Bedrock model are close,
but not exactly collocated. Therefore, in these areas, the cells are activated.

The entropy shows, for each location, the amount of information through all
50 realizations. We see that near the boreholes, the entropy is near 0 while it
increases until 0.5 at some locations, generally at the interface between multiple
units and/or there is no data. In this model, the theoretical maximum entropy
is 1. We should be careful in interpreting these results, in particular the one at
depth where the entropy is 0, which would imply that there is no uncertainty.
Obviously, this is not true, since we have little or no information at these
depths. This is due to the fact that LAKU unit is the last one to be simulated
(if we exclude MORA which is simulated closer above the bedrock). It will
consequently fill the whole model from its top to the Mo6rane, which better
follows the bedrock. But it does not take into account the possible variations
of the thicknesses of the units (for example, Moréne unit thicker at the bottom
of the valley) or the presence of other unknown units.
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Figure 5.12: A: 3D view of the final model after aggregation of the realizations. B:
Shannon entropy associated to the final model, computed using the 50 realizations.
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Overall, the Shannon entropy should not be seen as a "pure" measure of the
uncertainty (it is impossible to obtain), but rather as the uncertainty related
to the underlying conceptual model used. If one need to consider or investigate
a situation that is not yet included in the conceptual model, one would need to
rebuild a model and include these new considerations in the conceptual model.
These questions are discussed more in details in section 5.6.

Some cross sections have been drawn to show the internal spatial variability
of the units from South to North (Fig. 5.13). We see that LAKU deposits fill
the largest part of the model as it is the last unit in the pile (if MORA is
not considered). The interfaces between the units are generally smooth and
relatively flat. However, the contact between Bachschutts units and VERL or
FLUV is very sharp and vertical. This is due to the Method 3 aggregation
that, for these three units, takes the most probable one in each cell indepen-
dently. And, according to the geological concept (TI, Fig. 5.7 A), slope deposits
events have a random extent and thickness from the valley outlets. Thus, at the
transition zone between BAC and VERL/FLUV, the simulations will produce
realistic alternations between these units, simulating the temporal variations.
However, when averaged and in the absence of conditioning data, we tend to
obtain a vertical contact that no longer represents the geological concept. This
phenomenon can be seen on the Figure 5.14 where realizations (Fig. 5.14 A
- C, F - G) have a more "natural" contact between Bachschutts and VERL
compared to the mean model (Fig. 5.14 D, I).

With respect to the uncertainty of the model, entropy is particularly high at
intermediate depth (around 410 m.a.s.]) and to the left of the model (Fig. 5.14
E, K). This is due to the fact that more units are potentially plausible at these
locations. Far from the valley sides, we tend to only have UEBE, FLUV, DELT
and LAKU that are generally relatively well defined. In contrast, on the left
close to the valley sides, practically all the units can be present and cause
a high uncertainty in the prediction. Again and as mentioned before, we can
notice the entropy of 0 at great depth, more than 100 - 150 m, because only
LAKU deposits are simulated at these depths. Therefore, the results should be
interpreted with care.

The longitudinal profiles (Fig. 5.15) shows the possible trends of the units.
FLUV deposits seem to be thicker in the south than in the north. On the
contrary, the thickness of the DELT deposits seems constant. The difference
between the realizations (Fig. 5.15 A-C) and the average model (Fig. 5.15 D)
can be clearly seen.
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Figure 5.13: Set of cross-sections made on the final model from south (A) to north
(K). The colors correspond to the units in Fig. 5.11. The boreholes that are displayed
are those located at a distance of less than 100 m from the cross-section.
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entropy.
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5.5.3 Cross-validation

Cross-validation was performed using a 5-fold procedure with a total of 50
realizations for each fold. Realizations were then aggregated using the method
3 and the resulting "mean" model was used for comparison with the data.
Boreholes were randomly selected for each fold. For the sake of simplicity, the
different BAC and BERG units have been merged for this section.

The results (Fig. 5.16, tab. 5.2) show drastic differences in results between units.
Some units are well predicted (e.g. FLUV, VERL, BAC, LAKU, > 80% correct
predictions). These are mainly very common layers. However, the results are
relatively poor for other units (e.g. UEBE, DELT, MORA, HANG < 56%)).
It can be noted that most of these layers are relatively sparse or thin units.
Consequently, the probability of it being correctly simulated is much smaller.
For example, the HANG layer is present only in 2.5% of the boreholes. An
exception must be denoted with the DELT deposits. DELT has a score of
about 55%, but is quite a common layer. Most of the time, DELT is confused
with LAKU deposits (Fig. 5.16, "DELT" row). It indicates that the major
problem is the determination of the limit between these two units. The use of
a "near-nugget" variogram (Fig. 5.5, Lak) is probably the origin of this. The
nugget effect in a variogram can usually be explained by noise in the data. Two
neighboring wells show important differences in terms of the depth of transition
between DELT and LAKU. The variogram was fitted on the data and reflects
this important noise. The good results obtained on FLUV, VERL and BAC
units show that the MPS approach seems appropriate to simulate these units.
The BERG unit also has satisfactory results by reaching almost 75%. Finally,
the overall accuracy of the model reaches 82%, demonstrating the rather good
overall capabilities of the modeling strategy presented here.

Table 5.2: Percentage of correct predictions per unit. Bachschutts and Bergsturtz
deposits have been aggregated (BAC and BERG, respectively). "Overall” indicates the
overall proportions of correctly simulated cells.

Units Correct Number of Boreholes  Percentage of total
prediction [%|  with the Layer =~ number of Boreholes [%]

UEBE 39.10 539 34.35
BERG 74.40 29 1.85

FLUV 85.45 911 58.06
VERL 82.05 381 24.28

BAC 88.97 304 18.24
HANG 0.0 38 2.42

DELT 55.34 446 28.43
LAKU 89.93 543 34.61
MORA 48.83 203 12.94

Overall 82.42 1569 100
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Figure 5.16: Results of the cross-validation performed on the full model (Fig. 5.12).

5.6 Limits and perspectives
5.6.1 Unique model selection

Regarding the results obtained through the model selection section (Section
5.5.1), it may seem clear that M3 or M4 are the best choices, but it is necessary
to clarify some points.

Method 2 could certainly be improved as it is subject to a sampling bias prob-
lem. The wells are not equally distributed spatially, both laterally and vertically.
This unequal distribution of the data generally leads to an over-representation
in certain areas and consequently of units in the data. A declustering technique
(e.g. Olea 2007) could be applied to correct for this spatial bias. Weighting the
data using such a method could be a possible solution to mitigate the issue
identified and probably improve the performance of the method 2.
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It is important to note that all these methods require a large number of real-
izations to provide good results. But concerning method 4, it is very likely that
it requires even more realizations than the other methods. Indeed, the model
space should be sufficiently covered. The question is how many simulations are
needed if the model is large and complex as in this case. For the test case,
we have used 100 realizations on a small area, with limited variability, which
gave very good results (tab. 5.1, M4). But concerning the whole model, only 50
realizations have been made, and it is difficult to know if it is enough to really
get the most representative model. But the question remains whether 100 or
even 200 simulations would have had a significant impact on the final model.

Method 4 also has the problem of defining an appropriate distance between the
models (sec. 5.5.1). In the present chapter, the distance was set as being the
total number of cells in disagreement between two simulations. This measure of
distance should be fine in many situations, but one can imagine, for example,
distances based on the proportions of the units or the connectivity of the units,
or even more specialized quantities related to some specific applications. The
choice should be a function of the final purpose of the model. We believe that
if the models were used later as a tool to forecast groundwater, for example, it
would be more appropriate to run the hydraulic simulation on the ensemble of
model (in this case 50) and then integrate the results. We can then obtain the
predicted heads, with a uncertainty reflecting the uncertainty on the geology.

In the end, what needs to be remembered is that no aggregation method is
perfect and general. Keeping this point in mind is important, even if our results
show that the global accuracies are very similar (between 73.5 - 76%) for the
4 methods, and hence the choice of aggregating the realizations into one final
model is quite arbitrary. Further research and investigations on all these aspects
could be undertaken to clarify the impact of one or the other methods on
practical decisions taken on the base of this unique 3D geological model.

5.6.2 Model quality and confidence

Even if the results are good on the overall, the accuracy can vary drastically
between the units. The worse results are obtained for sparse or thin units
(UEBE and HANG). Concerning HANG deposits, whose accuracy result is
0%, it is important to note that this unit is rare and scattered in the data
set (present in 38 boreholes). In ArchPy, some boreholes were also discarded
because they fall in the same cell. If multiple wells are present, the deepest
well is kept, since it is assumed to provide more information. Then some wells
containing HANG deposits are likely to have been discarded. In addition to
that, during the cross-validation process, 20% of the wells are removed for each
fold, and it is possible that the HANG deposits are almost not represented.
UEBE for example does not have this problem as it is present in one third
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of the boreholes. However, it is particularly thin, making its simulation more
difficult.

Stochastic models allow quantifying uncertainty. Here we summarized these
results using the Shannon entropy. The entropy map shows some reasonable
results. For example, it can accurately identify where the model is the most
uncertain (generally at intermediate depth (20 - 50 m) and to the left of the
model). But this map does not highlight well the places where the uncertainty
concerns only two different units such as UEBE vs FLUV. In addition, it does
not show at all the large uncertainty existing at large depth (> 100 m), the
entropy becomes 0 because the only outcome of the realizations is LAKU de-
posits. Obviously, at these depths, the uncertainty should be greater because
of the lack of conditioning data. The issue is not related to the use of the en-
tropy measure but it relates to the fact that the ArchPy model relies on the
stratigraphic pile reflecting a given conceptual geological model. If some un-
known aspects of the geology at these depths are not considered in the original
geological concept, they cannot be simulated and the uncertainty cannot be
quantified. Hence, the Shannon entropy of 0 at these locations does not mean
that there is no uncertainty.

To overcome this limitation requires further research. One approach could be
to consider multiple conceptual models of equal (or not) prior probabilities.
The realization of multiple realizations with different conceptual models would
then infuse uncertainty. For example, the presence of a deeper unknown layer
or variations in the Morédne concept could be added. The question will then
be to define a strategy and acquire data to construct and test these various
conceptual models.

Another approach to quantify the uncertainty could be to consider a measure
of the distance from the conditioning points. Cells at a distance greater than a
given range would be considered highly uncertain. To link the distance with the
uncertainty, one could rely on classical geostatistical techniques and infer 3D
variograms. Based on this type of models, it would be possible to apply kriging
and define an indicator of uncertainty across the entire simulation domain. The
difficulty will then be to combine this measure with the results of ArchPy. Also,
it should be recalled that the Shannon entropy is a measure that assumes that
any unit can be found anywhere. But geologically speaking in this case, we know
that it becomes increasingly difficult to find, for example, Bachschutts (BAC) or
floodplain (UEBE) units with depth. To take account of this bias in the measure
of uncertainty, it could be beneficial to spatially estimate the maximum number
of units we expect to find. Some numerical experiments should be conducted
to test the feasibility of these ideas and adjust the methodology in order to
obtain meaningful results.
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5.6.3 Morane simulation

MORA is simulated differently from the other units. We have constrained the
top of the moréne to be simulated, on average, 15 meters above the bedrock
elevation. The purpose of this constraint is to respect a particular geological
concept. The results of this modeling choice are not very good, given that one
out of two cells predicted as "MORA" is wrong. MORA is often mispredicted by
LAKU and BAC units (Fig. 5.16) in the majority of cases. This can be the result
of an inappropriate covariance model or an incorrect modeling strategy. MORA
being the last unit in the pile, it is rarely completely sampled by boreholes. And
when it is, it is usually on the side of the valley, where the Moréne thickness is
probably affected. Consequently, the MORA thickness that was inferred from
the boreholes and used to estimate its position above the bedrock is very likely
to be underestimated. This inevitably leads to incorrect data integration in the
modeling process. It would be interesting to test different geological concepts
and variograms in order to determine which ones give the best results for this
challenging layer.

There is also an issue regarding the simulation of the Moréne in the center of
the valley. Boreholes only reach the MORA on the west-side of the valley. There
is no information on the depth or thicknesses distributions of the moréne at
other locations. This does not influence the results of the cross-validation (as no
data are available), but it is important to take this into account because there
is a high uncertainty at great depth on the spatial distribution of the MORA
unit. More data should be collected and more investigation should be carried
out. For example, information on the distribution of moraines in similar Alpine
valleys could be sought. Geophysical data (such as seismic) could be useful
if the contrast between moraine, bedrock, and LAKU deposits is expected to
be strong enough. Ideally, the best thing to do would be to drill a couple
of boreholes over the valley to reach the Moréne in order to get real in-situ
information.

5.6.4 Other issues and perspectives

The lateral alluvial fans or slope deposits (BAC, BERG) are currently identified
using the nearest neighbor algorithm. This results in sharp vertical boundaries
between these units. These boundaries are not geologically realistic since two
fans are expected to be intertwined along their boundary. Improving this feature
of the model is feasible but would require to develop a novel manner to model
the boundary between these types of objects. In the present model, we decided
to consider that this was not necessary since the type of lithologies that one
can find in each of these fans are rather similar.

One technical issue that we faced during this work was that the grid was very
large and contained a majority of inactive cells. This lead to some memory
and visualization issues especially when handling a large number of stochastic
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simulations. One perspective is therefore to work on the data structure to
make it more efficient when the lateral extension of the model domain is not
rectangular.
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5.7 Conclusion

This study presents a stochastic geological model of the Rhine Valley near
Buchs, SG. The model was constructed using the ArchPy approach and mod-
ule. Various geostatistical approaches have been considered depending on the
units: classical Gaussian Random functions (GRF) for surfaces, and Multiple
Point Statistics (MPS) simulations for syndepositional layers. We estimated the
GRF parameters using an automatic approach available in ArchPy that ana-
lyzes the boreholes, extracts the data points and infers the covariance functions
(variograms). The MPS approach required a Training Image (TI) that was built
using an object-based model, attempting to reproduce the main features of the
geological setting of the concerned units (VERL, BAC and FLUYV). Finally,
all of the different Bachschutts deposits were differentiated using a Nearest-
Neighbor algorithm. A total of 50 realizations have been made to quantify
the uncertainty that was estimated through the Shannon entropy and a 5-fold
cross-validation procedure.

k-fold cross-validation showed that the model is capable of reproducing the
units with an overall accuracy on the order of 80%. There are, however, a lot
of differences between the units. Some are rather easy to forecast and therefore
well simulated (FLUV, VERL, BAC, LAKU) while others are more difficult to
simulate properly (UEBE, HANG, DELT, MORA). The good results obtained
on FLUV, VERL and BAC units show that the MPS approach combined with
the object-based TI was efficient in reproducing and simulating these units.

In general, this study has demonstrated how ArchPy, a free Open-Source soft-
ware, performed on a real large case of Quaternary modeling. It also identified
some of its limitations and how it could be improved to make it more robust
and general-purpose. In addition, key issues in stochastic geological modeling
were raised, such as the determination of a single model among a set of stochas-
tic realizations, or the representation of uncertainty. These are issues that will
certainly require further study in order to be fully understood.
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Abstract

Geological models form a crucial foundation for hydrogeological models, sig-
nificantly influencing the spatial distribution of key hydraulic parameters such
as permeability, transmissivity, and porosity. The conventional modeling work-
flow involves a hierarchical approach that simulates three levels: stratigraphical
units, lithologies, and finally properties. Although lithological descriptions are
often available in the data (boreholes), the same is not true for unit descrip-
tions, leading to potential inconsistencies in the modeling process. This limita-
tion not only hinders the delineation of unit boundaries but also uses existing
data, given that the information is present in an alternative form, lithologi-
cal descriptions. To address this challenge, a geostatistical learning approach
is presented, which aims to predict stratigraphical units at boreholes where
this information is lacking, primarily using lithological logs as input. Various
standard machine learning algorithms have been compared and evaluated to
identify the most effective ones. The outputs of these algorithms are processed
and utilized to simulate consistently the stratigraphy in boreholes having only
lithological information. Subsequently, these boreholes contribute to the con-
struction of stochastic geological models, which are then compared with models
generated without the inclusion of these supplementary boreholes. This method
is instrumental in reducing uncertainty in specific locations and mitigating in-
consistencies between units and lithologies. It not only improves the accuracy
of stratigraphical unit predictions, it also maximizes the use of available data,
contributing to more robust hydrogeological models.

6.1 Introduction

The preceding chapters have demonstrated the usefulness of the ArchPy ap-
proach in various geological contexts. However, it has some important limi-
tations that could restrict its application. This chapter focuses on a specific
issue with the ArchPy approach (see Chapter 3), which concerns the need for
a significant amount of geological data, primarily obtained from boreholes, to
generate accurate and reliable models. Boreholes can provide information on
units (stratigraphic logs), facies (lithological logs), and properties (e.g. pump
test values). Although lithological logs are usually easier to obtain, determining
stratigraphic units can be a challenging task, often resulting in the absence of
stratigraphic logs. The problem is that inconsistencies can arise when units and
facies are modeled sequentially.

Even though there may be no simple relationship between units and litholo-
gies, the definition of stratigraphic units often adheres to a logic that tends to
separate geological time periods with different climatic and sedimentological
settings, resulting in the deposition of different types of sediments (Teles et al.
2001). As a consequence, some units can be mainly composed of coarse sedi-
ments (gravels, sand) or, conversely, fine sediments (clay, silt). In cases where
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Figure 6.1: lllustrative ezample demonstrating a possible consequence of the absence
of the unit log. Borehole B2 is excluded from the simulation of the surface (green line),
leading to inconsistent results. The surface must pass at the interface between unit B
and A, corresponding to the interface between the facies clay, silt vs gravel, sand
(indicated by the asterisk).

stratigraphic logs are missing, simulations may yield inconsistent facies models
compared to unit models, as illustrated in Figure 6.1. In this simple example,
the absence of the unit log for borehole B2 leads to an inaccurate representation
of the interface between A and B. Subsequently, the simulated facies will be
partially erroneous, and a portion of the facies log for B2 will not be respected.
Note that while this is a simplified illustration, determining the true unit log is
not challenging in this case. In reality, more complex relations emerge, where
dozens of units and facies can be combined.

Recently, Machine Learning (ML) algorithms have emerged as an interesting
alternative to traditional geostatistical methods. For example, Aliouane et al.
(2013) evaluated the performance of various ML algorithms for the prediction
of lithology. Similarly, Hammond et al. (2023) employed Artificial Neural Net-
works in conjunction with Self-Organizing Maps to predict the spatial distri-
bution of lithofacies in a large and intricate glacial aquifer, using a substantial
database of more than 13,000 boreholes. Another notable example is the work of
Sahoo et al. (2017), who applied a similar approach on a smaller scale, achieving
highly accurate prediction results with precisions reaching 90%. Furthermore,
Zhou et al. (2019) suggested the application of a recurrent neural network, a
form of Deep Learning network, to directly model sequences of geological units
(i.e., boreholes) based on geographical coordinates.

However, it is crucial to note that these methodologies were developed to model
specific geological entities (such as units or facies) in isolation, without an ex-
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plicit consideration of the interdependence between them. Addressing this lim-
itation, Li et al. (2023a) have introduced a sequential approach in which a
stratigraphic ML model is initially trained on spatial coordinates only. Sub-
sequently, the results of this model are used to constrain a facies ML model,
ensuring coherence between stratigraphic and facies representations and avoid-
ing the challenges depicted in Figure 6.1.

To fill this gap, our study introduces a novel approach for inferring strati-
graphical units using lithological descriptions and geographical coordinates.
This methodology is applied to the Upper Aare Valley. A stochastic geolog-
ical model is generated and compared with a similar model that integrates
these new sources of information. The paper is organized as follows. Section 2
provides an overview of the study area and the available data, while Section 3
elaborates on the construction of the geological model. In Section 4, we dive into
the machine learning methodology used to infer stratigraphy. Finally, Sections
5 and 6 present and discuss the results, along with an exploration of potential
limitations and avenues for improvement within the current workflow.

6.2 Study Area

6.2.1 Geological context

The test area selected for this methodology is the Upper Aare Valley, which
is a Quaternary Alpine Valley situated between the cities of Thun and Bern
in Switzerland (Fig. 6.2). This valley has undergone a complex geological his-
tory primarily influenced by glacial and river processes (Kellerhals et al. 1981;
Haeuselmann et al. 2007). The main river in the valley is the Aare, which flows
from south to north. Previous investigations focused on Quaternary deposits,
regionally (Schliichter 1989; Preusser et al. 2004), as well as locally (Preusser et
al. 2011; Graf et al. 2016), have revealed complex relationships among various
depositional and erosional processes, including fluvial, glacial, glacio-fluvial,
and glacio-lacustrine. Consequently, the geology of the valley is diverse and
exhibits a wide range of sediments and facies, such as tills/moraines, fluvial
gravels, glacio-lacustrine deposits, lake deposits, and alluvial cones, contribut-
ing to the notable heterogeneity of these deposits. From a hydrogeological point
of view, two primary aquifers have been identified: a shallow aquifer actively
utilized for drinking water supply, shallow geothermal energy and local indus-
tries, and a deeper aquifer, which remains poorly understood due to its greater
depth (with only a limited number of boreholes reaching it). The thickness of
the shallow aquifer exhibits variation, ranging from 0-5 meters in the north,
where a local absence of the aquifer can be observed, to 50-80 meters in the
south.

A brief summary of the geological history is presented, but a more complete
geological review can be found in Kellerhals et al. (1981). It begins in the
Pleistocene, where the erosion of the Swiss Molasse (bedrock) by the glaciers
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has shaped the valleys that can be observed today. The earliest Quaternary
sediments, locally denominated as "Alte Seetone" (AT), are old lacustrine de-
posits that make up the valley’s predominant geological volume, presuming the
presence of a large lake at that time. Locally, these deposits are overlain by
Oppligen sands (OS), a unit mainly composed of sand (> 70%), compared to
the others. Ascenting further, the Uttigen-Biimberg-Steghalde gravels (UBS), a
fluvial deposit, rest atop AT and OS. This particular formation is known to be
a major constituent of the deep aquifer. AT, OS, and UBS do not outcrop (Fig.
6.2), and are shallower in the southern and lateral parts of the valley. Following
these events, one or more glacial episodes were recorded, attributed to the pre-
viously named Riss glaciation. These episodes entailed the erosion of existing
deposits and the deposition of new ones, specifically glaciolacustrine deposits
(GL), "Altmoréne" (AM, Old Moraine, probably from Riss glaciation), and
retreat fluviogravels, following a typical glacial sequence. The retreat gravels
have practically all been eroded. This sequence is followed by an interglacial
lacustrine clay (IGT). Outcrops and borehole observations of GL, AM, and
IGT are limited, predominantly located on the northern sides of the valley.

Following the interglacial stage, a major gravel deposition event, Miinsingen
gravels (MS) can still be found across the whole valley. This occurs right be-
fore the last glacial maximum (LGM), during which large moraines have been
deposited. After LGM, phases of late glaciation followed, with localized and
anecdotal deposits of gravel and moraine. The conclusion of these late glacial
phases is marked by post- to late-glacial lacustrine deposits (LGL). In addi-
tion to the LGLs, postglacial to lateglacial gravels (LGA) were also deposited.
Subsequently, the Aare River contributed to the deposition of gravel (YG),
forming a significant component of the upper aquifer. These gravels are occa-
sionally overlain by slope deposits and lateral alluvial fans (HB), as well as
swamp and artificial deposits (SUP). LGL, LGA, YG and HB are located in
the center of the main and lateral valleys and are surrounded by the bedrock
and the other units.

6.2.2 Available data

The Swiss Geological Survey has compiled and standardized a significant bore-
hole database (Volken et al. 2016), resulting in a substantial data set that
comprises 791 boreholes for the designated area. The distribution of the depths
of the boreholes is highly uneven. The vast majority (> 95%) of the depths
of the boreholes range between a few and 50 meters deep, while some outliers
can reach up to 200 m. Each borehole is characterized by intervals containing
information on granulometry (lithologies), stratigraphical units, and details re-
garding the quality and reliability of the interpretations. The rich geological
history has contributed to the identification of many interpreted stratigraphi-
cal units (24 in total). However, it should be noted that only one third of the
wells includes a unit description (266 out of 791 boreholes, see Fig. 6.3), and
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certain units are absent within the modeling area. Granulometry information
is described with one, two, or up to three distinct grain sizes, each defined
following the USCS system (Casagrande 1948).
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Figure 6.3: Borehole and cross-section positions over the modeling area. Boreholes
with stratigraphic unit descriptions are colored in green while those without are colored
in red. Two cross-sections, whose positions are marked by A-A’ and B-B’, are also
shown. The colors used in the cross-sections to represent the units are described Figure

6.4.
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In addition to boreholes, a set of geological cross sections has been drawn by
Kellerhals et al. (1981) (Fig. 6.3), complemented by a geological map (Fig. 6.2),
derived from the GeoCover dataset of the Swiss Geological Survey. The cross
sections do not reach the bottom of the valley and provide limited information
about deep geology, but still provide constraints at shallow depths (< 50 m).

6.3 Geological model

Recently, several studies have tested different approaches to model the het-
erogeneity of the valley (Volken et al. 2016; Neven et al. 2022a; Schorpp et
al. 2022; Neven et al. 2023), supported by recent geophysical data acquisition,
nearly over the entire valley (Neven et al. 2021). Neven et al. (2022a) proposed a
clay fraction model that combined boreholes and geophysical data in a stochas-
tic workflow. However, a limitation of their approach was the lack of geological
consistency in the final model. This issue was addressed to some extent in a
subsequent work, where ArchPy was integrated with a joint inversion workflow
utilizing an Ensemble Smoother with Multiple Data Assimilation (Neven et
al. 2023). However, the geological model used in this refinement remained re-
stricted (complete stratigraphy not considered, lacking a facies modeling step),
leaving room for further enhancements. In response to these considerations,
a comprehensive and stochastic geological model of the Upper Aare Valley is
presented, drawing on available geological data.

The model is constructed using the ArchPy geological modeling package
(Schorpp et al. 2022), which is based on the Geone 7 geostatistical library.
ArchPy workflow is hierarchical and relies on three major steps: units, facies
(lithologies), and properties. In the unit simulation, 2D surfaces are simulated
to delineate the upper and lower boundaries of each unit. Subsequently, facies
simulation employs 3D categorical methods (facies methods) to fill the previ-
ously simulated units with facies. Finally, independent continuous simulations
are performed within each facies to obtain the property models.

6.3.1 ArchPy Pile

The main ingredient of an ArchPy model is the definition of the Stratigraphic
Pile (SP). The SP does not solely consist in defining the order of deposition of
the units but also the interpolation (and related parameters) to use to delimit
their lateral extent, the type of contact of their top surface, the lithologies that
compose these units, etc. Alternatively, the SP can be viewed as the geological
concept translated into a format comprehensible by the modeling package, in
this case ArchPy. The SP for the present study is shown in Figure 6.4.

"http://www.github.com /randlab/geone
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The simulation of all unit surfaces (interp method column, Fig. 6.4 A) uses
Gaussian Random Functions (GRF) (Chiles et al. 2012), except for the SUP
unit, where its top surface is simply set at the elevation of the Digital Elevation
Model (DEM). Two surfaces, MS and UBS, are treated as erosive. This decision
is based on the assumption that, at the conclusion of these units, a significant
glaciation event occurred, suggesting a corresponding major erosive episode. To
keep things simple, Sequential Indicator Simulation (Journel et al. 1990, SIS)
is used to model the distribution of the lithology.
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Figure 6.4: ArchPy Stratigraphic Pile for the Aar model. A: Details about the
stratigraphic unit such as interpolation method (GRF: Gaussian Random Function),
contact of top surface, filling method for the facies step and the list of facies to model
inside this unit. B: Facies table containing details about the facies such as the prop-
erty to simulate (K: hydraulic conductivity), Interpolation method (SGS: Sequential
Gaussian Simulation) and USCS codes that correspond to the facies.

Lithologies are categorized into six groups according to the main grain size,
expressed in terms of USCS codes. The corresponding codes for each category
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are provided in Figure 6.4B. Sequential Gaussian simulation (SGS) (Deutsch et
al. 1992) is used to simulate the hydraulic conductivity (K), the unique property
considered in this study, but others can be easily and quickly integrated.
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Figure 6.5: Lithologies group proportions in each of the stratigraphic units. In ad-
dition, proportions are also given for the bedrock unit and when the unit is unknown.

The facies proportion in each unit are shown in Figure 6.5. The assignment of
facies to units is determined by their relative proportions. If a facies constitutes
less than 5%, it is supposed to be absent from the unit. The facies associations
for each unit allows to clearly identify the lithological nature of these units.
For instance, LGM and AM, both moraines, encompass nearly all categories,
aligning with the expectation that moraines exhibit very poor sorting. However,
we can observe that the aquifer formations (YG, LGA, MS, UBS, and OS)
mainly contain the most permeable categories (G, S, and GC). However, MS
and UBS also include clay (C) and clayey sand (SC), which shows that the
relationship between facies and units is not so straightforward.

6.3.2 Data and modeling grid

Input data are the boreholes described in the previous section as well as the
geological map (Fig. 6.2) and the cross sections (Fig. 6.3). To be used with
ArchPy and take advantage of its automated processing step, these two data
(map and cross-sections) are converted into fake boreholes.

The extent of the modeling considers the polygon shown in Figure 6.2, with a
spatial resolution set at 25 x 25 x 2 meters (sx X sy x sz). The origin of the z
direction is established at 350 m above sea level, with the maximum elevation
reaching 590 m above sea level. This configuration results in a grid size of
548 x 958 x 120 cells (nz X ny x nz). The top of the domain is defined by the
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Swiss DEM with a resolution of 25 x 25 meters (DHM25, Swisstopo). At the
same time, the bottom is determined by a raster map of the elevation of the
bedrock (TopFels25, Swisstopo), which also has a resolution of 25 x 25 meters.
Both datasets are accessible through the Swiss Federal Office of Topography.
Only cells in the domain delimited by the polygon, top and bottom are actives.

6.3.3 Modeling parameters

Once the SP, a grid, and the data are defined, ArchPy processes the boreholes
which are analyzed and necessary data are extracted. This step automatically
determines the equality data (data points through which a surface must pass)
and inequality data (data indicating that the surface must go above or below
this point) for surface interpolation. The result is a list of coordinates for the
equality and inequality data for each unit. More details on this procedure can
be found in chapter 3.

In order to use GRF, covariance models (variograms) must be specified for
each top surface. For YG, LGA, and LGL, where no discernible anisotropy is
apparent, isotropic models were automatically fitted (through least-square op-
timization) to their equality points. However, for the remaining units, a clear
anisotropy is observed, aligned with the main axis of the valley. Unfortunately,
the number of points is insufficient to estimate a reliable 2D variogram. Con-
sequently, a default anisotropic variogram model was estimated using the ele-
vation surface of the bedrock (TopFels25) as a surrogate, which is known and
assumed to represent the general shape of the unit surfaces. The total variance
for each unit was adjusted on the basis of the observed variance in the data.
Additionally, this model incorporates a locally variable anisotropy through a
rotation map that accounts for the orientation of the axis of the valley.

The facies modeling stage using SIS also necessitates variograms, one for each
facies within each unit. These variograms were manually adjusted, assuming
that there was no horizontal anisotropy (i.e., the variogram range in the x-
direction equals the range in the y-direction) whenever the number of data
points was sufficient. In cases where the data points were insufficient, vari-
ograms for the same facies in another unit were considered.

For the simulation of hydraulic conductivity (K), no available data were used
to estimate the variograms. Instead, they were defined on the basis of previous
research in the area (Schorpp et al. 2022; Neven et al. 2023) and the scientific
literature related to similar lithologies (Das et al. 1990; Fogg et al. 1998).

Complete details of the variograms for each unit, facies, and property, as well
as the anisotropic map, are shown in Appendix A.3.
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6.4 Borehole units inference

This section outlines the methodology used to predict stratigraphic unit in-
formation in boreholes where it is absent, relying on lithological and spatial
information. The approach is divided into two distinct steps: first, a machine
learning (ML) step where algorithms are trained and applied to derive probabil-
ities of unit occurrences along the boreholes; and second, the utilization of these
probabilities in a simulation step to generate plausible boreholes. The data con-
sidered for this analysis are boreholes from the GeoQuat database, simplified
according to the ArchPy Pile (Fig. 6.4), resulting in 13 units for six lithofacies.
Two more classes, not used in the geological model, have been considered in
the ML process, which are Bedrock and Unknown. Unknown represents a gap
in the unit log interpretation.

6.4.1 Machine learning step

Initially, the boreholes are divided into two datasets, a training set and a test
set, for the validation of the present methodology. Of the 791 existing boreholes,
only 266 contain stratigraphic information (Fig. 6.3), forming the total data
set. From these 266 boreholes, a training set is generated, consisting of 75%
(200) of the boreholes, while the test set comprises the remaining 25% (66) of
the boreholes. This partition is achieved through iterative stratified sampling,
ensuring a similar unit proportion distribution in both sets. It is important to
note that some units, such as AM or IGT, are very rare and are present in only
a few boreholes. This rarity posed challenges for stratified sampling, resulting
in a less straightforward and imperfect process. However, efforts were made to
restrict the disparity in class distribution between the two sets to within 2%,
relative to the total proportion.

To integrate borehole information into the ML process, it is essential to trans-
form training and test sets into data structures consisting of features (inputs)
and labels (outputs). ML algorithms, operating on each data point charac-
terized by multiple features, generate predictions for a single label or assign
probabilities to each potential label. Obviously, algorithms are trained to give
the best possible predictions. Features can take a variety of forms, including
continuous or categorical values, but each data point must consistently have
the same number of features. Figure 6.6 illustrates how a training borehole
is transformed into a collection of multiple data points, each with its list of
features and the resulting labels.

Boreholes are initially segmented into intervals of uniform thickness (e), and for
each interval, a data point is constructed using a list of lithological and spatial
features that vary along the boreholes. The spatial features consist of four
elements: the x, y, and z coordinates of the interval (Xpp, Yo, and Z;), along
with its depth relative to the top of the borehole (D;). Regarding lithological
features, they encompass the lithology observed within the interval (red square
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Figure 6.6: Schematic representation of the features and label creation of training
borehole for the machine learning algorithm. For the sake of clarity, only three data are
shown, but each interval in the borehole, separated by the dashed lines, is transformed.
For each interval i, there is a datum defined by seven categorical lithological features
that correspond to the three lithologies above and below the interval, as well as the
lithology in the interval (surrounded in red). If no lithology data are available above or
below, the feature is set as "none”. Furthermore, four additional numerical features
are considered, which are: the x and y coordinates of the borehole (Xpn and Ypn,
respectively), the elevation (Z;) and depth (D;) of the interval.

in Figure 6.6), as well as a specified number of lithologies above (n,) and
below (nyp). In Figure 6.6, three intervals are considered above and below (n, =
np = 3). If multiple lithologies are observed within a single interval, the most
dominant one is considered (see Figure 6.6).

The inclusion of lithologies both above and below a given interval serves a
crucial purpose in mitigating potential errors in predictions arising from the
presence of rare or inconsistent lithology/unit associations.To illustrate this,
consider a scenario involving an aquifer unit primarily composed of gravel and
sands. In the presence of thin sporadic clay layers (with a thickness of e), relying
solely on the lithology within the specific interval can lead to inaccuracies in
ML predictions, such as incorrectly predicting that these intervals belong to
another unit, possibly one that is more clay rich. However, if we integrate a
larger picture of the situation by considering the lithologies above and below,
this effect can be mitigated.

e, n, and ny are user inputs of the methodology that need to be defined. e
should be low enough to capture vertical variability in terms of lithologies
in the modeling area. On the contrary, n, and np should be high enough to
encompass a sufficient number of lithological variations above and below each
interval. Conceptually, these parameters act as a viewing window through which
the algorithm can gain insight into the prediction problem. For this study, the
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selected parameters are e = 20 cm, n, = n, = 10, indicating the consideration
of a 2 meter span above and below each interval with a resolution of 20 cm.
This roughly corresponds to the finest level of detail that can be obtained from
the geological description of this area.

Different standard ML algorithms have been tested in order to select the one
that gives the best predictions; these include: Random Forest (RF, Breiman
2001), adaptive boost (Adaboost, Freund et al. 1995), gradient boost (Gboost,
Friedman 2001), multilayer perceptron (MLP, Haykin 1998) and finally support
vector classifier (SVC, Cortes et al. 1995). These algorithms were implemented
and used through the Pedregosa et al. (2011) python package. They are com-
pared based on metrics including precision, recall, F-score, and Brier score for
each class (unit). Given our focus on probability predictions, conventional ma-
chine learning metrics such as precision, recall, and F-score might not provide
the nuanced insights we require. For these reasons, we also rely on the Brier
score, which is a metric commonly used for evaluating the accuracy of proba-
bilistic predictions, particularly for classification problems.

Brier score (Brier 1950) was recently proposed as a metric to validate categor-
ical models in geosciences (Juda et al. 2020). It is defined as:

| NoM
BS = NZZ(PU — 04)° (6.1)
i=1 j—1

where BS is the Brier Score, N is the number of data points, M is the number
of classes, P;; is the predicted probability for the j-th class of the i-th data
point, and O;; is an indicator variable (0 or 1) that represents whether the
j-th class is the true class for the i-th data point. A lower Brier score indicates
better performance, 0 being a perfect score, which means that the model pre-
dicts with precision 100%. On the contrary, a score of 1 indicates the worst
performance, where the predicted probabilities are completely inaccurate, im-
plying a prediction of 100% in any other class. Brier score is useful because it
has the ability to evaluate both the correctness of the predicted class and the
confidence in that prediction. It strongly penalizes overconfident predictions
that are incorrect, in contrast to predictions that are wrong but marked by
uncertainty. This feature underlines the importance of conservative forecasts
and provides a more reliable quantification of uncertainty.

Each ML algorithm is tuned by a set of hyperparameters (HP). Their choice
is important because an improper combination of HP can lead to imprecise
predictions and overfitting. For the five algorithms tested (RF, SVC, MLP,
Adaboost, Gboost), various sets of hyperparameters have been adjusted using a
5-fold cross-validation using the RandomizedSearchCV function from the scikit-
learn Python package (Pedregosa et al. 2011). It is also this package that has
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been used to manipulate, train, and test the algorithms. The optimized HP are
given in the appendix A.3.

6.4.2 Borehole simulation step

With the inputs outlined in the previous subsection, the algorithms predict the
unit for each interval independently, rather than considering the entire borehole
as a whole. This approach can result in predictions that do not adhere to
the expected stratigraphy, which should ideally remain consistent throughout
the borehole. To address this issue, the borehole simulation step introduces a
stochastic method to alleviate these inconsistencies.
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Figure 6.7: A and B: lllustrated are examples of borehole simulation under two dis-
tinct settings. The curves depict the ML outputs, representing probabilities for each
class as a function of depth. It is important to mote that simulated boreholes are
purely for illustrative purposes and do not reflect equiprobable simulations from the
given curves. C: Schematic representation of the workflow. The methodology itera-
tively identifies vacant intervals within the borehole and simulates the corresponding
unit based on probabilities derived from ML. Notably, probabilities are adjusted in
accordance with the existing stratigraphy, ensuring that units deemed impossible are
assigned a probability of 0 (blue unit at iteration 2).

Many ML algorithms are able to predict not only one class per data, but they
can also propose probabilities for each class. Taking advantage of this, the idea
is then to use this information to simulate boreholes that are consistent with
the stratigraphy. Figures 6.7A and 6.7B show two examples of this procedure,
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where five plausible boreholes are shown. The procedure is illustrated in Figure
6.7C, and now we detail its different steps.

The adopted methodology follows the sequential algorithm proposed by Journel
et al. (1990), using ML for probability predictions. The process starts with an
empty borehole, segmented into intervals identical to those in the facies log
(refer to Fig. 6.6). Subsequently, a random empty interval is chosen, and the
trained ML algorithm is employed to obtain the predicted probabilities. On
the basis of these probabilities, a unit is randomly drawn and assigned to the
interval. This sequence is repeated iteratively, with additional intervals selected
and filled until the entire borehole is populated. The particularity here is that
probabilities are adapted according to the stratigraphic pile. This means that
impossible to simulated units have a probability set to 0, while the others are
rescaled. This step is shown in Figure 6.7C, iteration 2 where the only possible
units are pink and green due to the previously simulated units (blue cannot be
located below pink).

Note that, this simulation procedure might encounter a deadlock when all prob-
abilities are reduced to 0. In such instances, the simulation is stopped and a new
empty borehole is generated. To avoid being stuck, if the number of these errors
exceeds a specified value (n., user defined), the borehole is deemed impractical
to simulate.

Furthermore, ML predictions can exhibit significant noise, especially when deal-
ing with a large number of units, resulting in numerous small probabilities as-
signed to a vast array of units. This noise can adversely affect the performance
of the simulation algorithm, leading to artifacts characterized by numerous
occurrences of units with small thickness. To address this issue, a filtering
mechanism is implemented to remove probabilities below a certain threshold
(7, user-defined). This threshold should be set high enough to reduce noise, but
a too large value reduces the variations in the simulated boreholes and can even
lead to impossible simulations. After some trial and error, a value of 0.15 was
identified as a suitable compromise for the boreholes within the study area.

6.5 Results

6.5.1 Machine learning

In Figure 6.8A, the mean metric values for different algorithms are compared.
Overall, all models exhibit reasonable performance, except Adaboost, which
demonstrates notably low precision (20%) and a high Brier score (0.9). The
remaining models show precision, recall, F-score, and Brier score values in the
range of 0.5-0.6. In particular, MLP is marginally less accurate compared to
others, exhibiting a higher Brier score that exceeds 0.6, while RF, SVC, and
Gboost maintain scores below 0.55. This indicates that predictions made with
MLP are overconfident, compared to the others. Figures 6.8B to 6.8D provide
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Figure 6.8: A: mean scores for all models. Fach class was assigned the same weight.
B, C, D detailed scores for each class for the RF, SVC and Gboost algorithms.

a detailed summary of the scores for each class for RF, SVC, and Gboost. It
is blatant that certain classes, such as AM, OS, AS, or HB, are not accurately
modeled. This discrepancy can be attributed to the low number of boreholes in
the test set that contain these units, making the validation step less reliable. A
similar situation is observed for IGT, which, despite having very good results,
is represented by only one borehole in the test set. Consequently, assessing the
reliability of the predictions for these units is not feasible. Fels unit, which
represents the bedrock, has a perfect prediction for the only reason that this
unit is characterized by a single and unique "lithology", not integrated in the
geological model, as it defines the bottom of the geological model. The other
units exhibit decent results with precisions around 0.6 and 0.8. The Brier score
is a bit more variable and can be near 0 (for GS) but can reach 0.75 (for UBS,

Fig. 6.8D).

To go further into depth and control that the borehole simulations produce rea-
sonable results, Figure 6.9 shows the simulations for one borehole. 20 boreholes
were simulated in each case and can be compared with the reference unit and
facies logs. Predictions are close to the reference and three out of four methods
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are able to predict the reference borehole correctly. Only MLP predicts the
SUP unit base too deep as compared to the reference. However, all methods
were able to determine the transition between the aquifer and the aquiclude
(YG and LGL) which is clear on the facies log. Note how the method is able
to consider that there is a certain variety of lithologies in the YG aquifer unit
where we find sands, clayey sands, gravels, and clayey gravels.
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Figure 6.9: Borehole simulations for a 10 m depth borehole. Reference and facies
log are shown to the left while simulations are shown to the right, each distinct bar
corresponds to one simulation. The threshold used was set at 0.15, but if simulations
were not feasible with this value, it was decreased until simulations were feasible. See
Figure 6.4 for corresponding colors for unit and facies.
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Figure 6.10 shows less satisfactory results from another borehole. The obser-
vations reveal that MLP and Gboost offer minimal variations, with outputs
exhibiting near-deterministic behavior, in contrast to RF or SVC predictions.
None of the methods predict the reference borehole in any simulation, but they
provide reasonable results if we look at the lithology log. All methods predict
the SUP unit from the surface to a depth of 5-7 meters, similar to the reference.
The lithologies, shown in the facies log, significantly influence the prediction of
this unit, with clay, sand, and clayey sand, which is a common assemblage of
lithologies for this unit. All models predict the main aquifer unit, young Aar
gravels (YG), and a transition to late lacustrine deposits (LGL) around 17 me-
ters in depth. RF and SVC additionally forecast a thin layer of the LGA unit,
albeit deeper than indicated by the reference borehole. Although the predic-
tions do not align with the reference borehole, they make sense based on the
lithological log that shows a clear transition between sand and clay lithologies
around 17 meters in depth.
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Figure 6.10: Simulations of another borehole. See Figure 6.4 for corresponding
colors for unit and facies.
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For the sake of brevity, only simulations for two boreholes are shown, but several
others can be found in the Appendix A.3. For example, Figures A.3 and A.4
show that algorithms can give very different results that are completely different
from each other. In the former case, algorithms predict two distinct units for
the clay-rich layer at 7 meters, where Gboost and RF suggest IGT while SVC
proposes LGL (which is ultimately correct). Just above, Gboost and RF also
suggest a blend of YG and MS with occasional LGA, while SVC predicts solely
YG (which is also correct). In the case of Figure A.4, MLP and SVC anticipate
a sequence of HB and LGL, while Gboost and RF foresee a sequence of YG
and LGL (which aligns with the correct succession, as per the interpreted log).

In certain cases, the facies log provides limited information, as shown in Figure
A.5, where the predominance of gravels complicates the differentiation between
units. The models anticipate a succession of MS and UBS, both predominantly
composed of gravels, with SVC even indicating some LGA at the top. Distin-
guishing between these units based on lithologies proves impractical, prompting
models to depend on spatial features constrained by other boreholes. The UBS
predictions in all models are likely attributed to one or more other boreholes
containing a similar succession of units and facies.

Simulations in Figures A.6 and A.7 show that the algorithm is also able to
predict the correct units (YG, LGA) even when the facies log provides lim-
ited information. Determining the transition between these two units is not
straightforward as they both globally have the same proportions of facies (Fig.
6.5). In such cases, the predictions are probably dictated by other boreholes
that help to find the transition between two similar units such as YG and LGA.
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Despite the adoption of a flexible approach for simulating boreholes based on
probabilities, there is no guarantee that a borehole can be successfully simulated
if the predictions lack consistency. In particular, with RF models, only one
borehole from the test set encountered this situation. In contrast, other models
exhibited less favorable outcomes, with three failed simulations for SVC, six for
Gboost, and a more substantial 15 for MLP. The root cause of these failures
can be traced to overconfident predictions that restrict the necessary flexibility
required for successful simulation.

Taking these findings into account, it appears that there are no large differ-
ences between SVC, Gboost, and RF in terms of standard metrics. However,
RF shows a slightly lower Brier score than the others (0.49 vs. 0.53), while
SVC excels in precision, recall, and F-score. Furthermore, visual inspection of
the simulated boreholes seems to allow us to show that RF proposes better
predictions with greater variability, compared to MLP and Gboost. RF also
seems to propose more accurate simulations than SVC.

Based on these results, the preference is to continue with the RF algorithm over
SVC, despite its lower recall and F-score. This choice aligns with the priority of
favoring models that are not overly confident and retain a degree of uncertainty
in their predictions. Since probability predictions are the focus rather than the
most probable ones, it is deemed more appropriate to continue with models
that demonstrate superior performance in terms of the Brier score.

6.5.2 Geological Models
Comparison

In this section, we present the geological models obtained with and without
the newly added ML boreholes, and compare the models using the test set
boreholes. Moreover, the number of inconsistencies between facies data and
simulated stratigraphic units are also compared. Two models are developed
following the specifications detailed in Section 6.3: a basis model (ArchPy-
BAS) that relies solely on boreholes from the training set, complemented by
geological maps and cross-sections; and an ML-augmented model (ArchPy-ML)
that is enhanced through the integration of ML-generated boreholes utilizing
the tuned RF model described in the previous section.

It is important to note that the SUP unit may unintentionally fill the simulation
grid near the surface, depending on the surface simulations. This is due to
how ArchPy defines the unit domains, which depend on the top and bottom
surfaces of each unit. For the SUP unit, the top surface is set at DEM to prevent
unsimulated cells. However, this can result in a significant exaggeration of the
SUP unit’s thickness, depending on how the older unit surfaces (HG, YG,
etc.) have been simulated. For consistency reasons, the final geological models
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excluded this unit as it was deemed irrelevant. In such cases the SUP unit
simulated cells were assigned the unit of the nearest non-SUP unit cell.

The confusion matrix between the two models is shown in Figure 6.11A. Most
of the units are relatively well simulated, except for AM, OS, and SUP. The
main reason is the same as for ML algorithms validation, as the poor number
of boreholes in the test set containing these units, particularly for AM and OS.
Another reason is also the scarcity of the deposits which are only located in
some part of the simulation domain. ArchPy-BAS model is slightly better than
ArchPy-ML in terms of global predictions (66% vs. 64%), primarily due to
BAS’s better accuracy in reproducing the YG unit, while ArchPy-ML is better
with LGL, LGA, and SUP units. However, ArchPy-BAS exhibits a worse Brier
score (0.56 vs. 0.50), suggesting that the ML-enriched model offers less confident
simulations and enhances uncertainty quantification.

ArchPy-ML models also decrease the number of "errors" (or inconsistencies)
between facies data and simulated units as shown in the Figure 6.1. Incon-
sistencies can arise when a stratigraphic unit is missing from borehole logs.
These errors can be quantified by comparing the number of cells where facies
data are found within inconsistent, simulated stratigraphic units, as shown in
SP (Fig. 6.4). This is shown in Figures 6.11C and 6.11D. In total, the num-
ber of discrepancies decreases from 536 for the ArchPy-BAS model to 374 for
the ArchPy-ML model. However, errors remain after the integration of ML
boreholes. This is because the SP was constructed with the assumption that
lithologies present in less than 5% proportion were absent from a unit. This can
lead to errors, as a lithology present in small proportions may cause these errors.
This is clearly visible for the YG unit, which has low proportions of C and SC
lithologies. These lithologies have not been considered as part of the unit, but
their exclusion results in a high number of errors (Fig. 6.11C and 6.11D), even
with ML model. Therefore, these errors are included in the data and cannot
be eliminated with the current approach. Possible causes of these occurrences
include rare lithology inclusions in specific units or misinterpretation of either
lithologies or units.

Final models

The previous results show that ML techniques can enhance geological model-
ing. To optimize the model’s performance, the RF model was retrained, but
using all the existing borehole data and utilized to simulate the boreholes. This
subsection presents the models (ArchPy-BAS and ArchPy-ML) integrated with
all available borehole data. A total of 50 realizations were made for each model,
for each realization, one different ML borehole simulation is made.

Figure 6.12 provides information on the internal structures of the unit for the
two models. In some cases, the boreholes shown on the cross sections do not
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Figure 6.11: Comparisons metrics between ArchPy-BAS and ArchPy-ML Aar geo-
logical models. Figures A and B show the normalized confusion matriz of the predicted
classes against true (observed) classes in the test set for ArchPy-BAS and ArchPy-
ML, respectively. Figures C and D depict the frequency of inconsistencies found in
terms of lithological data within each unit domain.
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Figure 6.12: Longitudinal cross-section across two realizations of the ArchPy-BAS
(A and B) and ArchPy-ML model (D and E). Cross-sections of highest indicator
facies value for both models are also shown (C for ArchPy-BAS and F for ArchPy-
ML). Closest boreholes of the cross-section are displayed. The Shannon entropy is
also shown for both models (G and H for ArchPy-BAS and ArchPy-ML, respectively).

Location of the cross-section is illustrated in I.
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exactly match the simulated values. This is because the boreholes shown are
not exactly on the section, but at a maximum distance of 100 m from the sec-
tion. In general, both models exhibit similar geological structures at shallower
depths and greater depths. The shallow aquifer appears closer to the surface
in the northern regions (approximately 5-10 m) and gradually deepens towards
the south (up to 50 m, locally reaching 100 m). Southern areas show low vari-
ability in geology, with a shallow aquifer overlaying LGM deposits, which in
turn rest on older clay deposits (AS), indicating the absence of a deep aquifer in
the south. On the contrary, the northern regions display more intricate strati-
graphic sequences, suggesting the presence of aquifer formations (UBS, OS,
MS) at intermediate depths, beneath the shallow aquifer (YG, LGA). Interme-
diate layers typically comprise LGL and IGT units. MS is not necessarily in
contact with UBS, suggesting that the deep heterogeneity in this area is more
complex than just a two-layered aquifer.

Although the two models share common features, discrepancies emerge partic-
ularly in the intermediate depths in the northern part of the area. ArchPy-ML
simulations indicate a thicker presence of IGT compared to ArchPy-ML simu-
lations in this region. This is more clear when observing the "most probable"
models (Figs. 6.12C and 6.12F for ArchPy-BAS and ArchPy-ML, respectively)
that show the most probable unit in each cell according to the realizations. We
see that the mean models are very close except around 7’500 m of distance,
where the IGT layer is clearly thicker and present in ArchPy-BAS than in
ArchPy-BAS model. Locally, we can note differences for the transition between
YG-LGA-LGL units, but these are relatively rare.

Entropy values appear visually similar (Fig. 6.12G and 6.12H); they do not
indicate any significant reduction or increase in uncertainty. The only noticeable
difference is that the ArchPy-ML model entropy is higher at intermediate depth
between a distance of 10’000 and 13’000 m, suggesting a wider diversity in terms
of units.

Transverse cross-sections (Fig. A.9A - A.9I and 6.13A - 6.13I) offer more de-
tailed insights. Similarly to previous observations (Fig. 6.12, the ArchPy-ML
model consistently depicts the IGT as thicker and more extensive in the north-
ern part, compared to the ArchPy-BAS model (Fig. 6.13D vs Fig. A.9D). Fur-
thermore, small and very thin occurrences of certain units, particularly at the
interface between two thick units (e.g., IGT vs. AS in Figure 6.13C), are more
common in the ArchPy-BAS simulations compared to the ArchPy-ML model.
Although only one simulation is presented per model here, these trends are
observable across other realizations as well. Both models clearly show that the
north appears to be more complex than the south, which is mainly represented
by a succession of YG-LGA-LGL-LGM and AS, with some local deposits of OS
and UBS. On the contrary, in the north, all units can be present, according to
the models.
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The two models exhibit minimal disparity in terms of lithologies and properties,
with the primary distinction being the incorporation of unit logs. In particular,
it is difficult to visually discern between the two facies models (see Figures
A.10 and 6.14). The 3D views (Figure A.10K vs Figure 6.14K) suggest that
clay facies (C) are more present at depth in ArchPy-ML than in ArchPy-BAS
model. Although, despite employing a relatively straightforward facies modeling
technique such as SIS, complex, intricate, and constrained facies and property
simulations can be obtained.

Property models (see Figures A.11 and 6.15) offer valuable information on
the potential distribution of hydrogeological characteristics (aquifers and
aquitards). The average hydraulic conductivity within the valley is approxi-
mately 10_5[%], but it greatly varies in space, both vertically and horizontally.
The shallow aquifer is discernible near the surface with a conductivity of more
than 10_3[%], particularly in the southern region, where it exhibits a greater
thickness (over 50 m). The presence of an impermeable layer between the
superficial aquifer and the potential deep aquifer is clearly visible in the north
and seems to have disappeared almost completely in the south. Although some
deeper conductive lenses are observable (e.g., Figure 6.15F or Figure 6.15C),
conclusive evidence of a deep aquifer over the entire valley is lacking. In the
south, the models suggest the presence of only one shallow and thick (50 m)
aquifer. The geology in the north seems more complex, and possible vertical
interactions between shallow and deep water reservoirs can be considered. It is
essential to note that these models represent only averages and do not capture
the complete heterogeneity of the subsurface. They provide information on
areas that are likely to be more conductive to groundwater flow than others.

Between the two models, ArchPy-ML models exhibit a larger contrast, mainly
due to the conductivity of the AS unit, which is lower than for ArchPy-BAS
models. The reason is the proportion of the lithologies that are different between
the two models. The integration of new unit ML generated logs has changed
the proportions of the facies for each units. For rare units, such as AS, this was
sufficient to provoke a reduction of the mean hydraulic conductivity by nearly
one order of magnitude.

We can also compare models based on their "mean" unit and facies models
(Figures A.12 - A.15). In these figures, the unit (or facies) that is shown in
each cell is the one that has the most probability to appear according to the
50 realizations.

Unit models are very similar and only differ in some specific locations, particu-
larly in the Northern part where the first cross-section with ArchPy-ML (Fig.
A.13A) shows a thicker GL unit than with BAS model (Fig. A.12A). IGT unit
is also thicker and widespread in ML model (Fig. A.13D) than in BAS model
(Fig. A.12D).
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Figure 6.13: A-I: transversal cross-sections in one realization of the ArchPy-ML
unit model. Corresponding locations are shown in J. K: 8D visualisation of the real-
ization. Corresponding color for units are given in Figure 6.4.
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Figure 6.14: A-I: transversal cross-sections in one realization of the ArchPy-ML
facies model. Corresponding locations are shown in J. K: 3D visualisation of the
realization. Corresponding color for facies are given in Figure 6.4.



230 Chapter 6: ArchPy: Geostatistical learning

500 - :
400 , 0y
i e T T S — T e T Y

K [logie[m/s]]

Figure 6.15: A-I: transversal cross-sections in mean of all property realizations of
ArchPy-ML. Corresponding locations are shown in J. K: 3D visualization.
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Mean facies models (Fig. A.14 and A.15) are really useful as facies with highest
proportions in each unit are presented which shows the difficulty to obtain
a mean facies model and the risk to aggregate realizations using the "most
probable" method. Nevertheless, aquifer, aquitards and aquicludes are clearly
discernible which can help to identify zones with higher groundwater potential.
Overall, the gravel facies is present close to the surface, with clay and silts at
depth. There are no notable differences between the ML and BAS models.

6.6 Discussion

6.6.1 Geostatistical methodology

The methodology used to infer geological units was able to simulate reasonable
stratigraphic units based on lithology information. Despite the complexity of
the task, ML algorithms yield relatively decent results. In particular, the use
of probabilistic ML outputs rather than deterministic predictions allowed us to
introduce a level of uncertainty and preserve it through the modeling process.

Integration of a larger number of boreholes has improved the geological model,
allowing better capture the spatial statistics of the surfaces that bound these
units. Another interest of this methodology is that it can help detect or correct
potentially erroneously interpreted wells, thereby improving the accuracy of
geological models.

However, there are several challenges and areas of improvement remaining. In
particular, the limited dataset size poses challenges in performing comprehen-
sive cross-validation to assess the method’s viability accurately. If the number
of boreholes is consequent (791 in total and 266 labeled), they are not equally
distributed over the modeling area and rarely exceed 50 m depth. This eventu-
ally reduces the quality of ML predictions for deep boreholes and also increases
the uncertainty of geological models at intermediate and high depths. Grouping
of lithologies and units also requires careful consideration to mitigate potential
biases. It is possible that grouping all lithologies into six groups could remove
patterns useful for predicting units. It is also important to mention that the
definition of the facies and their grouping have to be done according to the
modeling facies methods. Here we used SIS which is flexible and makes no sup-
position on deposit conditions, but if more advanced methods would have been
employed such as Object-based or Rule-based methods, it is clear that a more
detailed description of the data would be required.

In fact, the quality and homogenization of the data is another critical consider-
ation. It is evident that improperly homogenized lithological logs can misguide
ML algorithms. Specifically, the level of detail in descriptions varies widely be-
cause they originate from different companies, individuals, times, and purposes,
complicating the homogenization process. In the case of the upper Aare Valley,
these discrepancies exist and were not filtered or corrected prior to algorithm
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training, likely influencing the predictions. It is crucial to bear this in mind
when interpreting the results.

Another clear limitation is that, overall, the simulation on the boreholes does
not provide satisfactory results in all cases, which points to some limitations
of the current approach. The roots of this problem can be partly attributed
to the ML predictions that are on average quite low (around 50-60 %), with
a high variability between the predicted classes. The reason for this are multi-
ple. The lithologies were aggregated into six groups, which may have impacted
the ML predictions, making them more difficult to estimate. Additionally, the
approach involves a scanning window that provides lithological information 2
meters above and below each elevation. Although this approach has the advan-
tage of neglecting small facies occurrences, it also provides unnecessary infor-
mation that makes it difficult to determine the transition between two units.
Finally, the borehole simulation approach is not very robust and has limited
global applicability. It requires the selection of a parameter (7) and may gen-
erate artifacts in cases where multiple thin layers are simulated based on ML
predictions.

However, it should also be noted that the prediction problem in this case is
difficult where the relations between the 13 units with the lithologies and spatial
coordinates are hard to make. It would be interesting to use this approach
or an improved version on simpler synthetic cases to see in which situations
the methodology works best, or on the contrary when it does not and how it
can be improved. Overall, the problem addressed in this chapter is of primal
importance and the results obtained, despite unsatisfactory, are encouraging.

To address these issues, several improvements can be explored. Alternative fea-
ture strategies, such as integrating more lithologies above and below the target
layers, adjusting layer thicknesses of each feature, and incorporating additional
features (e.g., distance from the center of the valley, geophysical data, predicted
units at borehole location using ArchPy), could enhance model performance.
Data augmentation, such as generating synthetic boreholes with ArchPy, could
also be an option to adhere to stratigraphic rules and improve machine learn-
ing predictions. Furthermore, instead of predicting units layer by layer, a di-
rect prediction of surface elevation could provide a more efficient approach
when coupled with the ArchPy borehole preprocessing algorithm (Schorpp et
al. 2022). To enhance the robustness of the borehole simulation step, a more
robust and general approach should be taken. For instance, instead of using a
random path, a deterministic path, going from the top to the bottom of the
boreholes could be used. In a similar way, a Markov process could be employed,
where transition probabilities are determined by the machine learning predic-
tions. Alternatively, directly predicting the elevation of each unit’s surfaces
would eliminate the need for this step.
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However, it is worth noting that, in most cases, algorithms can generate rea-
sonable predictions. For example, in the borehole depicted in Figure A.2, the
transition between YG and LGL at a depth of 10 meters is characterized by the
appearance of a sand layer. However, since clays dominate the LGL, algorithms
do not predict the transition at this depth. The same comment can be made in
Figure A.3 where the transition between YG and LGL is predicted some me-
ters below the reference (approximately 10 m depth) because the lithological
log shows a transition between sandy deposits to clayey deposits around 10 m
depth. In such instances, the relevance of the data itself comes into question,
prompting discussions of whether it is reasonable to pinpoint the transition at
this precise depth or whether it would be more consistent to provide a range.

6.6.2 Geological models

The geological models show an intermediate uncertainty but that greatly varies
in space. It is particularly high at intermediate depths (between 30 and 100 m),
as shown by the entropy values (Fig. 6.12G and 6.12H). This is logical because
at shallow depth, geology is well known thanks to the numerous boreholes. On
the opposite, in the deepest part, there is only one dominant unit, the AS. In
between, the other units have a certain probability of appearing, depending on
the boreholes and their covariance model. Although this uncertainty may seem
high, it should be remembered that the geological complexity of the study area
(13 units). Moreover, models provide stochastic simulations that consider this
uncertainty and allow to propagate it through the subsequent modeling steps.

Indeed, it is important to emphasize that the prediction of geological units
should not be viewed as an end in itself, but rather as a means to understand-
ing the larger geological context. Imperfections in unit modeling are acceptable
as long as they do not compromise the accuracy of the facies model (litholo-
gies), which exert significant control over the distribution of properties in the
subsurface. Therefore, it becomes imperative to dive deeper into this aspect to
propose facies models that more accurately reflect the geological setting.

In this study, only the SIS method was considered for facies modeling. However,
it should be noted that the inferring of variograms, particularly in the horizontal
direction, posed significant challenges. Variogram parameters were determined
primarily by trial and error, supplemented with expert knowledge of lithologies
in the area. Unfortunately, such knowledge remains critically lacking for many
units, leaving uncertainties that are difficult to address comprehensively.

As a result, the facies models can seem very uncertain, but it should be recalled
that the resolution of the model is 25 m by 25 m, and it is very likely that
the lithology heterogeneity displays a spatial range of heterogeneity below this
value. Additionally, the SIS simulations were constrained in terms of facies
proportions in each unit based on borehole data, but there is a high probability
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that these proportions are wrong due to a sampling bias. Drillers and local
companies generally look for areas that have a high conductivity to better
extract the water, as a consequence, the borehole generally stops when they
reach large and thick clay and silty lithologies. Therefore, the proportions of
sand and gravel in low permeable units are more likely to be overestimated.

The existence of a deep aquifer has been suggested and used as a working ba-
sis in several studies in the area (Kellerhals et al. 1981; Neven et al. 2023).
From the results obtained in this study (Figure 6.12 and Figures 6.13 to 6.15),
it is difficult to assess the existence of a deep aquifer throughout the valley.
However, we can clearly see that in the northern part of the area some con-
ductive units (MS, UBS) seem to be present locally. YG and LGA, which are
part of the shallow aquifer, are separated from these deeper units by LGL and
IGT, suggesting that there are little to no exchanges between these two. These
units seem to vanish as soon as the cross section in Figure A.11D. Some other
deep conductive lenses (50-70 m) can be observed, such as the one in Figure
A.11F but they are not widespread and are not observed in the other cross
sections. All of this suggests that a second aquifer is likely to exist beneath
the shallow one, but its extent is limited to the northern area. Its hydraulic
conductivity is also expected to be lower as a result of the presence of more
clayey deposits (SC, GC) compared to those of YG or LGA. To further charac-
terize this lower aquifer, thresholds could be applied to hydraulic conductivity
models to identify permeable areas. Probabilities of exceeding these thresholds
could then be calculated. Or a numerical flow model could be used to study
regional three-dimensional flows using these geological models.

In comparison of the ArchPy-BAS and ArchPy-ML models, both exhibit similar
geological features. However, a notable difference emerges, particularly evident
in property models (Figures A.11 and 6.15): variable hydraulic conductivity
for identical units. This discrepancy arises from the addition of ML-generated
boreholes, which altered the lithological proportions within each unit. Con-
sequently, certain units, such as AS, display a nearly one-order-of-magnitude
difference in the simulated properties.

Hence, there is a great deal of room for improvement regarding geological mod-
els, mostly on the facies modeling part. Apart from other more complex meth-
ods (Multiple Point Statistics (e.g., Mariethoz et al. 2010b), Surface-based (e.g.,
Schorpp et al. submited)) that can be employed, we can also imagine defining a
more solid and complete geological conceptual model of the area, use of analogs
for each unit, consider locally varying lithology proportions, etc. However, all
of these steps would require an important amount of work that is beyond the
scope of this research.
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6.7 Conclusion

We presented a novel methodology for inferring stratigraphical unit logs based
on lithological data using Machine Learning (ML). Several algorithms were
tested, and it turned out that the Random Forest (RF) and Support Vector
Machine (SVC) gave the best results in terms of accuracy and Brier score. The
RF model was used to simulate consistent boreholes in areas where local stratig-
raphy data were missing. These simulated boreholes were then integrated into
a geological model (ArchPy-BAS), resulting in an enhanced version (ArchPy-
ML). The geological model operates on three hierarchical levels: stratigraphi-
cal units, lithologies (facies), and hydraulic conductivity properties. Although
ArchPy-BAS exhibits marginally better accuracy than ArchPy-ML, the latter
demonstrates superior performance in quantifying uncertainty, as indicated by
its improved Brier score.

Visually, both models yield similar results, albeit with ArchPy-ML showing a
greater presence of certain units, notably IGT. Analysis of these results enabled
the determination of the lateral and vertical extent of potential deep aquifers.
Our models suggest that their lateral spatial extent is limited and that there are
uncertain connections between them. Furthermore, their hydraulic conductivity
appears to be lower than that of the shallow aquifer, particularly in the south,
where the aquifer is thicker. Exploiting these potential aquifers requires further
investigation to obtain accurate estimates of their petrophysical properties.

This work also shows that there is room for further improvements. Identify-
ing consistent stratigraphic data from lithological logs could be improved by
involving probabilistic information or by using more advanced statistical learn-
ing techniques. It was also not possible during the timeframe of the research to
integrate completely the geophysical data acquired by Neven et al. (2021) in a
large part of the valley. However, our approach still offers valuable information
on the integration of ML with traditional geostatistical methods to improve
the reliability of geological models. Ultimately, these advances contribute to
improving the quality of groundwater models and understanding subsurface
heterogeneity.
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Abstract

Sedimentary formations that compose most aquifers are difficult to model as
a result of the nature of their deposition. Their formation generally involves
multiple processes (alluvial, glacial, lacustrine, etc.) that contribute to the com-
plex organization of these deposits. Representative models can be obtained us-
ing process-based or rule-based methods. However, such methods have several
drawbacks: complicated parametrization, a large computing time, and challeng-
ing, if not impossible, conditioning. To address these problems, we propose a
new hierarchical surface-based algorithm, named EROSim. First, a predefined
number of stochastic surfaces are simulated in a given order (from older to
younger). These surfaces are simulated independently but interact with each
other through erosion-deposition rules. Each surface is an erosive or a deposition
surface. The deposition surfaces represent the boundaries of the depositional
events, whereas the erosive surfaces can remove parts of the previously simu-
lated deposits. Finally, these surfaces delimit sedimentary regions that are filled
with facies. The approach is quite simple, general, flexible, and can be condi-
tioned to borehole data. The applicability of the method is illustrated using
data from fluvioglacial sedimentary deposits observed in the Biimberg quarry
in Switzerland.

7.1 Introduction

Groundwater flow and solute transport processes including dispersion, mixing,
or chemical reactions are heavily influenced by geological heterogeneity that
occurs on multiple scales (Chiogna et al. 2015; Kitanidis 2015; Bennett et al.
2017; Soltanian et al. 2020; Wallace et al. 2021). To investigate the impact of
geological heterogeneity on these processes, multi-Gaussian random functions
are often used (Dagan 1989; Rubin 2003; Chiles et al. 2012; Geng et al. 2020;
Zech et al. 2021a) because they provide a parsimonious but flexible mathemat-
ical framework. To incorporate more geological concepts and knowledge into
these analyzes and to account for different types of connectivity, alternative
models (from process-based to structure-imitating approaches) have also been
developed for a wide range of geological environments (Koltermann et al. 1996;
De Marsily et al. 2005).

In this paper, we propose a new model to represent the geological heterogene-
ity produced by sedimentary processes in unconsolidated fluvioglacial environ-
ments. We focus on this geological setting because it contains the most heavily
exploited groundwater resources in Switzerland (and many other countries) for
drinking water and shallow geothermal supply. Being close to the surface, these
aquifers are also prone to anthropogenic contamination, and describing their
internal heterogeneity is important for the analysis of contaminant transport.
These formations are the result of a rich and complex sedimentological his-
tory (Miall 1996). Outcrop observations and geostatistical analysis show that
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fluvioglacial sediments are structured hierarchically (Miall 1991; Heinz et al.
2003b; Ritzi et al. 2004; Bayer et al. 2011). Therefore, modeling approaches
aiming at studying the impact of this type of heterogeneity should also include
these hierarchical relationships. One way to achieve this goal is to directly con-
struct a hierarchical multi-Gaussian model (Neuman et al. 2008). To integrate
more geological concepts, Scheibe et al. (1995) and Ramanathan et al. (2010b),
use sophisticated object-based methods where sedimentary structures are cre-
ated hierarchically following sedimentological rules. Webb (1994) or Pirot et
al. (2015) also proposed a hierarchical approach, in which multiple geomorpho-
logical surfaces are stochastically generated and stacked together to define the
major units. These units are then filled with facies using a deformation pro-
cess (Pirot et al. 2015) or based on an estimate of the Froude number (Webb
1994). Although these methods provide models that exhibit realistic geological
features, they are difficult to constrain to field data and borehole observations.
Comunian et al. (2011b) or Bennett et al. (2017) decompose the problem and
model a set of surfaces that delimit volumes that can then be filled with other
facies simulation techniques. Zuffetti et al. (2020) describe in detail the limita-
tions of most of the previous methods and show that they do not fully account
for the stratigraphical hierarchy. Following these observations, Zuffetti et al.
(2020) introduced a generic framework to overcome these limitations by defin-
ing how sub-units should be modeled into larger units at multiple scales. Based
on these concepts, Schorpp et al. (2022) proposed the ArchPy approach that is
capable of handling the hierarchical relations when constructing a 3D geological
model. This approach has been coupled with geophysical and hydrogeological
inversion and applied successfully to synthetic data (Neven et al. 2022b) and
to characterize the northern area of the upper Aare fluvio-glacial aquifer in
Switzerland (Neven et al. 2023).

In this paper, we propose to go a step further and develop the EROSim method
that allows filling the stratigraphic units with detailed facies models while en-
suring conditioning. The proposed method belongs to the family of surface-
based methods (SBM) that emerged in the early 2000s (Pyrcz et al. 2014) with
the pioneering work of Xie et al. (1999) and Xie et al. (2001). SBMs consider
that the different geological features (layers, architectural elements, facies, etc.)
can be separated by surfaces (Pyrcz et al. 2015; Jo et al. 2020; Titus et al. 2021).
These methods also integrate the notion of time during which geological ob-
jects are deposited. The different surfaces are stacked on top of each other and
delimit the geological units or sediment types. The surfaces can either be deter-
ministic or stochastic. Compared to pixel-based methods, SBM can maintain
complex geometries throughout the modeling process.

The general idea of the proposed approach consists of generating multiple
stochastic surfaces and combining them to delimit the different rock types or
lithofacies. This strategy is highly flexible and allows performing conditional
simulations even with a complex and realistic sedimentary structure. We show
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in the paper how this model is capable of simulating and extending detailed
sedimentary structures that are directly observable in outcrops.

The paper is organized as follows. We first introduce the proposed simulation
methodology in section 2. Section 3 illustrates the sensitivity of the method to
its parameters and shows how it compares to other facies simulation techniques
in simple cases. Then, we illustrate how this model can be used to represent
and extend detailed information collected on outcrops in a gravel pit in the
upper Aare Valley in Switzerland. The relevance of the results and the different
advantages and limitations of the method are discussed in section 4.

7.2 A surface-based approach to represent aquifer
heterogeneity

This section describes the EROSim approach and its implementation. First, the
general workflow is introduced, we then present the notations and definitions
that are used in the following to describe precisely each step of the method.

7.2.1 General principle

The principle of the method is to decompose the simulation domain into multi-
ple regions (or volumes) using stochastic surfaces. Each region for each simula-
tion corresponds to a single categorical value representing a lithology, a facies,
or a unit, in a finite 2D or 3D domain. The three main steps of the method are
therefore the following.

1. Surface simulation. A set of surfaces are stochastically simulated and
modified according to erosion rules. These surfaces represent sedimento-
logical events (deposition or erosion).

2. Region delimitation. The ensemble of surfaces simulated in step 1 forms
a tessellation of the simulation domain, where each tile is individualized
as a region. A graph of the spatial relationships between the regions is
constructed.

3. Facies assignment. During this step, a facies is assigned to each of the
regions defined in step 2 while accounting for the spatial continuity of the
facies.
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7.2.2 Notations and definitions

The simulation domain is denoted 2 C R™ where n = 2 or 3 is its spatial
dimension. We then consider a finite set of lithofacies K = {K3, K», ..., Kj},
where k is the number of facies to simulate. The goal is to obtain a stochastic
process f that can map any location to a certain facies such that f: Q — K.

We also consider a number of ordered stochastic surfaces S; that delimit dif-
ferent regions V; stored in a set V. Each volume can only take one value in K,
i.e. f is constant on each volume V;. The subscript ¢ € N in S; represents the
simulation time step and can be seen as analogous to geological time. These
surfaces are stochastic processes of dimension n — 1, which means, for example,
that if the simulation domain is in 3D (n = 3), S; are 2D stochastic surfaces.
The regions V; are objects of dimension n each corresponding to a single con-
nected component, they do not intersect each other. Furthermore, the ensemble
of all the V; fills 2. We can also refer to the V; as areas if n = 2 or volumes if
n = 3. The boundaries S; are ordered by age (from younger to older) in a list S.
The order of the surfaces is important because it represents the sedimentologi-
cal history of the simulation domain and has consequences on the interactions
that can exist between the surfaces through erosion rules.

An important aspect of stochastic geological models is their ability to be
conditioned by borehole data. In this study, each borehole is assumed to
be 1D and vertical. The list of boreholes is denoted B. A borehole con-
tains a sequence of contiguous intervals. For a simulation in 2D (resp. 3D),
a borehole is located by a position x = (x) (resp. x = (z,y)). The facies
encountered along the borehole are defined with a sequence of elevations
z1 < -+ < zpy and a sequence of facies ki,...k,_1 € K. The i-th interval
between the bottom and top elevations z; and z;11, is filled with the facies
ki, ie. f(x,2) = ki if 2 < 2 < 241 (and (x,2) € Q), for i = 1,...,m.
Hence, a borehole B is expressed as B = (x,{z1,..-,2m},{k1,---,km-1}) Or
as B = (x, ([#1,22], k1), - - - ([Zm=1, 2m[; km—1))-

7.2.3 Unconditional simulation

The unconditional simulation algorithm is summarized in algorithm 7.1. The
steps are described in detail below.

Surface ordering

Assuming that the parameters are defined, and before generating the surfaces,
the first step (line 1) consists of checking the input parameters and ordering
the surfaces by their mean elevation (from low to high).
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Algorithm 7.1 Unconditional algorithm

Require: Parameters
N : integer - number of simulated depositional surfaces
Y0y - .-, YN—1 : covariance (or variogram) models for each surface
1o, - -5 iy—1 : mean elevations for each surface
¢ : in [0,1] - proportion of eroding surfaces
Dglobal : target proportions of the facies, over the whole domain
a :in [0,1] - clustering parameter

1: Order all the surfaces in S by their means (u;)

2: Set surface index ¢t = 0

3: while ¢t < N do

4: Determine if S; is erode or onlap, given &

5: Unconditional simulation

6: if S; is onlap then

7: t=t+1

8: Apply erosion-deposition Rules (EDR, Eq. 7.3 - 7.4)

9: Define regions V; as described in section 7.2.3

10: Assign facies to V; using Algorithm 7.2 (depending on pgiopat, @)

This sorting is used to represent the evolution of geological time, with each
event (a surface) occurring one after the other. Proceeding that way, we assume
that the geological processes gradually increase upward due to the gradual
accumulation of the sediments in the system.

Surface simulation

The second step consists of simulating N depositional surfaces through the
domain ). Each time a new surface is simulated, from oldest to youngest,
erosion-deposition rules (EDR) are applied. We consider here only the deposi-
tional surfaces because the erosion events are assumed to deposit no sediments,
as explained below.

Let S; be the simulated surface at time ¢, before applying the EDR. In the
following examples, S; is modeled as a Gaussian Random Field (GRF) following
a specified mean p; and a specified covariance (or variogram) model ~;. But,
the mathematical model used to simulate the surfaces could be different. We
use GRFs for convenience and simplicity. GRFs are easy to simulate (Chiles
et al. 2012) and to constrain (useful for the conditional case). They are also
flexible as they can handle non-stationary mean or covariance parameters. To
generate our GRFs, we used the Geone® python library that provides a set of
common geostatistical, Multiple Point Statistics modeling and image analysis
tools. In the following, for illustration purposes, we generally consider that all

9http://www.github.com /randlab/geone
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the surfaces follow the same covariance model (all 7; are identical) but differ
from each other by their mean. Moreover, the stochastic processes are assumed
stationary, i.e. the mean and covariance are constant spatially.

Every surface S; can be expressed as a function S; = S;(x), defined for spatial
locations x € R"71. Let us then denote by S; the surface at time ¢ modified
by the application of the EDR.

At time t = 0, the surface S is initialized as

S5 (x) +— So(x). (7.1)

For the following time steps (¢t > 0), we first determine if the event is an
erosional event or a depositional event. The decision is randomized based on
the probability £ given by the user. This probability represents the fraction of
erosive events among all the geological events (deposition and erosion) that are
simulated. Then we generate a new surface.

St = GRF(Mt,’)/t) (72)

If the event is depositional, we apply the depositional rule:
57 (x) «— max(8y(x), S 1(x)). (7.3)

and increment the value of ¢ for the next iteration. For depositional events
(Eq. 7.3), if the simulated surface is below a part of a previously simulated
surface, there is no deposition and the elevation at that location is equal to the
latter.

Otherwise, if the event is erosive, the computed surface S; erodes the previously
deposited formations.

Sp(x) +— min(S¢(x), Sp(x)), fork=0,...,t—1 (7.4)

All previously simulated surfaces that are above the simulated erosional surfaces
are updated (Eq. 7.4). The time ¢ is not incremented in that situation.

A schematic representation of these rules is shown in Figure 7.1A-B. In this
example, the first three surfaces are depositional and the last (S3) is erosive.
The surfaces Sy, S1, and Ss are first simulated and adjusted according to the
first two equations (Egs. 7.1 and 7.3), and the surface S; erodes them where
Ss is simulated below the others (Eq. 7.4).
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Figure 7.1: Schematic representation of the delimitation procedure for the regions.
A: four surfaces have been simulated: yellow, blue, pink, and grey. The last one (grey)
is eroding while the others are onlap. B: Situation after the application of the deposi-
tion and erosion rules. C: distinct regions are differentiated.

Region delimitation

Once the surfaces have been simulated and the EDR applied (Algorithm 7.1,
lines 1 to 10), the simulation domain € is divided into distinct regions. All of
these regions V; are defined by exactly two successive (in simulation time) onlap
surfaces (two depositional events), one delimiting its top and the other its base.
A region can only exist where its top surface is strictly above its bottom surface.
It does not exist where the two surfaces are exactly at the same elevation. This
implies that regions are delimited on the sides when the top and bottom sur-
faces meet. If multiple distinct regions occur between two surfaces, they will be
treated as completely different and independent regions. This means that later
in the simulation different facies may be assigned to these regions, even if they
are defined by the same surfaces. This is in contrast to previous studies, where
each simulated surface delimits one sedimentological entity (Webb 1994; Pyrcz
et al. 2005; Pirot et al. 2015). In practice, the individual regions are identified
as the connected components of the sets {(x,2) € Q : S}(x) <z < Sf (%)},
t=0,...,N —1, where N is the total number of onlap surfaces simulated. Fi-
nally, two supplementary regions, made up of all points of Q2 respectively below
the surface S§ and above the last surface S3;_;, are added, to cover the entire
simulation domain. Alternatively, {2 can be reduced to the domain between S
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and Sx_;. An example of region delimitation in 2D is illustrated in Figure
7.1C.

Facies attribution

The aim is to assign a facies to each of the regions V; determined in the pre-
vious step. To do so, we propose a simple algorithm that is summarized in
Algorithm 7.2.

Algorithm 7.2 Graph-based indicator simulation

Require: Parameters
Dglobal - global proportions of the facies, over the whole domain
« :in [0,1] - clustering parameter
V : set of regions covering the whole domain
G : a spatial graph G representing the connections of the regions
: Vi < select a random region in V
¢ Ptarget < compute target proportions using Eq. 7.6
if a < 1 then
V 7 < get the neighbours of V; using G
Dneig < compute the local proportions using Eq. 7.7
else
Preig = 0 (unused)

. py, < compute facies probabilities for V; using Eq. 7.8
: Draw a facies in K according to py, and assign it to V;
- Update the global current proportions pey;

: Go to 1 until all regions are filled

© X N DT W

— =
= O

We are assuming that based on borehole or outcrop data, the user can provide
an estimate of the target global facies proportions pgiope: in the study area, e.g.
50% of sand, 20% of gravel, and 30% of clay. In addition, we want to provide
a simple parametrization allowing the user to control the spatial continuity of
the facies. For this, we introduce a clustering parameter « that the user can
adjust.

The attribution then follows a simple method with adaptive target proportions
to respect as well as possible the global facies proportions and spatial continuity.
The idea is to sequentially populate the regions with random facies according to
a probability distribution adapted for each region. At each step, the target facies
probabilities are first computed accounting for the global target proportions
Dglobal, the current proportions pc,, over the already simulated regions, and
also the local proportions derived from the surrounding regions.

First, target proportions pi.rget are calculated such that

¢pcur + (1 - ¢)ptarget = Pglobal, (75)
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(0,0,1)

Figure 7.2: Conceptual representation of a 2D simulation domain separated in seven
regions (A) and its associated spatial graph (B). The w;_; correspond to the length
of contact between V; and Vj, they are used as weights for the edges in the graph. C
represents a situation during the attribution of the facies (three in total) for volume
5. The facies proportions are written in each region (note that region 3 is not defined
at this point of the simulation and the modified global proportion piarget is used). D
details the variables required to compute the probability mass used to draw a facies in
region 5 (see text for details).

where ¢ is the ratio of the total volume of the already simulated regions over
the volume of Q. Equation (7.5) means that if the entire non-simulated volume
was filled with proportions piarget, the final proportion over € would be pgiopai-
The target proportions are explicitly expressed as

ptm"get pglolalf;f)pcm" (76)

If prarger for a certain facies becomes negative, it is set to 0 and the proportions
for the other facies are rescaled so that the sum of piurger is equal to 1. This
situation can occur when a current proportion is too high (¢pe.,(7) exceeds
Pgiobal (i) for some component 4). It is important to understand that piapger is
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computed before the facies attribution of each region, and then it can vary
since it depends on pe,, and ¢. Therefore, the global target proportions for the
unsimulated part of the domain are continuously corrected until the simulation
is finished.

Secondly, to introduce some spatial continuity, the local proportions ppeiqn are
computed from the regions around the simulated one. This is done by using
a spatial graph G describing the regions and their contacts. Each vertex in
G refers to a region, and an edge links two vertices if the two corresponding
regions are in contact (adjacent). The size of the contact (length if n = 2 or
area if n = 3) is the weight attached to the edge. An example in 2D is shown in
Figure 7.2A-B. Note that the graph is constructed prior to the facies assignment
procedure.

We consider V; the region in which a facies has to be attributed (currently
simulated region) and J the set of indices j of the regions adjacent to V;, i.e.
J € J when the vertices corresponding to V; and V; are linked in G by an edge,
of weight w;;. Then, the local facies probabilities pyeiq for V; are defined based
on the neighbors V; as follows:

2jeg Wij PV,
Y jeg Wij
where py; is the proportions of facies in the neighbor region V;. The vector py,
is of length k where k is the number of facies and it is defined as follows. If a
facies K; has already been assigned in Vj, then all the components of py, are
set to 0 except the [-th component that is set to 1. If V; is a region not yet

simulated (with no assigned facies), then py, is set to the target proportions
Dtarget cOmputed above.

(7.7)

Pneig =

Finally, the probability distribution, py,, used to draw a facies in the region
Vi is obtained by combining probabilities pigrger and ppeign (see equations 7.5
and 7.6) via a log-linear pooling operator (Allard et al. 2012b):

pv, = (ptarget)a(pneig)l_a (78)

where « is a user-defined parameter ranging from 0 to 1 that controls the
clustering of the regions of identical facies. If @ = 0, the same facies are more
likely to be adjacent and, in contrast, if @« = 1, the facies are drawn only
according to Diarget (Preigh i ignored).

The main advantage of this method is that it is simple and requires only the
global target proportion pgiope; and the parameter a as input. Note that the
graph-based approach presented here is applied to a domain divided into tiles
and then is independent of the first part of the EROSim methodology. More
complex methods could be considered, such as those using rules to guide the
position of the facies (for example, by constraining some facies to appear more
frequently in small regions).
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To illustrate the procedure, let us consider the 2D case shown in Figure 7.2C,
based on the domain delimitation in Figure 7.2A. Here the facies in V; have to
be drawn from py, using the equation 7.8. First, we need to calculate piarget
which depends on pc,, and ¢ (Eq. 7.6). We obtain pigrger = (%,—%, %)
which after setting the second probability to 0 and rescaling becomes: pigrget =
(i—g,(), %) ~ (0.96,0,0.04). Then we need to compute ppe;q, which depends on
the facies in the regions surrounding Vs, which are V3, V4, V7 according to the
graph. Applying Eq. 7.7 with values in Figure 7.2 gives: p,c;; = (0.08,0.50, 0.42)
which is very different from pigrge:. We see that the most probable facies ac-
cording to neighbors are, in fact, the green and blue facies, as they share the
longest contact length with V5. We can also note that since the facies propor-
tion is undefined in region 3, piurger is taken for that region. Finally, we can
apply Eq. 7.8 and obtain py, that can range from ppeig to prarger, depending
on the o parameter chosen. In this particular case, o has a strong impact as
if it is close to 0, priority is given to the neighbors, and the beige facies has
poor chances of being drawn. In contrast, if « is close to 1, priority is given to
the adjusted global proportions, which gives a great chance for the beige facies
to be drawn. This is due to the over-representation of green and blue facies in
Figure 7.2C compared to the global target proportions p(g)l obal-

7.2.4 Conditional algorithm

We now consider the problem of conditioning the simulations. The conditioning
data are facies intervals in boreholes as defined in Section 7.2.2. Considering
any borehole,

Bi = (Xi,{Zh..~,Zm},{k1,~~~,km71})7 (79)

conditioning consists of ensuring that at least one surface must pass through
each of the geological interfaces (x;;z;) observed in each borehole. Then, to
condition the regions V; with the proper facies, it is sufficient to ensure that no
region covers two intervals having different facies.

The method that we propose to ensure the conditioning is described in detail in
Algorithm 7.3. The method is direct and requires no iteration, but it requires
checking at each step that it does not create situations that will lead to a
violation of the conditioning data. This is the reason why the algorithm is
complex. In the following, we explain the main principles of the algorithm.

The surfaces are simulated from the bottom to the top. Surfaces can be onlap
deposits or erosive as for the unconditional algorithms and they define regions.
Because of their erosional capabilities, they can remove or cut parts of the
regions that have been defined by previous depositions. The general aim of the
algorithm is to ensure that in the end, no region covers two intervals having
different facies in the boreholes.



7.2 A surface-based approach to represent aquifer heterogeneity 249

Algorithm 7.3 Conditional algorithm

Require: Same parameters as the Algorithm 7.1
Require: List of boreholes B

o

10:
11:
12:
13:

14:
15:
16:

17:

18:
19:
20:
21:
22:
23:

24:
25:
26:
27:
28:
29:
30:
31:

: Order all the surfaces in S by their means
ds < attribute a surface to each borehole facies transition and store it
Set surface index t =0
LB < initialize lists for lower bounds conditioning
while t < N do > loop over the surfaces
if S; in d; then > If the surface is attributed
EP,UB < Initialize lists for conditioning points (equality points
and upper bounds)
B; « get borehole(s) and facies interval(s) associated with S;
Check situation at B; according to Figure 7.3
if Situation 1 then
Set S; to onlap
EP + set an equality point to top of facies interval(s)
UB < set upper bounds at other near boreholes locations to
prevent connecting nonidentical facies (given Figure 7.3A)
else if Situation 2 then
Set S; to erode
EP < set an equality point to top of facies interval
Compute one conditional surface with conditioning points EP, UB
and LB
Add EP to list of LB
Remove facies interval of d,
else
Determine if Sy is erode or onlap, given &£
if S} is onlap then
Set LB and UB to prevent connecting two different facies as
shown in Figure 7.3C
Conditional simulation with LB and UB
else
Conditional simulation with only LB
if S; is onlap then
t=t+1 > Increment time of deposition

Apply Erosion Rules (Eq. 7.3 - 7.4)

Define regions V; as described in section 7.2.3
Assign facies to V; using Algorithm 7.2
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This problem can happen in two situations: if the newly simulated region covers
two (or more) intervals with different facies within the same borehole, or if the
new region covers two (or more) intervals in different boreholes.

The first situation is avoided by forcing at least one surface to pass through
each of the facies interface in each borehole as indicated above.

The second situation is more complex. It requires analyzing the position of the
regions and intervals encountered in the different boreholes. As some surfaces
have the potential to remove older ones by erosion, some situations that are
compatible with the conditioning data at a certain time step may become
incompatible with the data later on. The inverse is also possible. To solve
this problem, the conditioning algorithm proceeds by generating the surfaces
sequentially from oldest to youngest and uses inequality data (upper or lower
bounds) to constrain the simulation. Three rules are defined and implemented
in the algorithm:

R1 For each interface point along each borehole with a facies transition,
attribute a surface in S that has to go through that point; store this
information in a data structure (a python dictionary) referred to as d;.
Note that one surface S can be attributed to one or several interfaces (in
one or several boreholes).

R2 When a facies interval is constrained (attributed to a region), we consider
it untouchable and no future changes can alter it. This is done by imposing
lower bounds (LB) along the borehole when simulating future erosive
surfaces.

R3 Onlap surfaces have to avoid creating (temporary) regions overlapping
two different facies intervals to prevent the apparition of conditioning
errors in the following steps.

To start, we generate NV values within a uniform distribution between the min-
imum and maximum altitudes of the zone of interest. These values are ranked
(step 1, in Algo. 7.3) from minimum to maximum and will correspond to the
mean altitudes of the N surfaces delimiting the regions.

Following rule R1, one surface is attributed to each interface (step 2, in
Algo. 7.3): for a given interface at elevation z, a surface S; in S is chosen
randomly according to a probability computed with a Gaussian distribution
Opu o2 (2) of mean p; and variance o?, with p; being the prescribed mean eleva-
tion of S; and o7 the prescribed variance of S;. Priy,o? (2) is the probability that
the surface S; takes the value z at any location. Using this approach ensures
that there is a reasonable chance that these transitions will be represented by a
surface that is likely to be present at that depth. In addition, surface allocation
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ensures that surfaces associated with intervals in a borehole are of increasing
index. This is to avoid the unrealistic situation where a younger interval is con-
strained before an older one. To do this, surface indices are randomly drawn,
as described above until they are higher than the index previously drawn for
the lower interval. At the end of the process, only a subset of the surfaces S,
are attributed to the interfaces observed in the boreholes. A surface can be
assigned to several intervals of identical facies (below the interface). This is
forbidden if the facies are different because there is a high risk of creating a
region that would connect them.

The surfaces are then simulated successively.

If the current surface is attributed to an interface, several situations can arise.
Figure 7.3 shows some of these situations. In the figure, the surfaces that have
been simulated previously are represented in black and the intervals of the
borehole data that have already been constrained by the conditioning algorithm
and that should therefore not be perturbed anymore are highlighted with a red
rectangle (rule R2). The new surface to be simulated is represented in green.
In situations 1 and 2, the green rectangle highlights the current interval with
a given facies that needs to be constrained during that iteration.

In situation 1 (Fig. 7.3A), an onlap surface has to be considered. The current
simulation elevation (last surface elevation, in black) at the well location (left
well) is below the attributed interface. The green circle represents the position
of the interface attributed to that surface (during step 2). It is a conditioning
data, or equality point (EP) for the GRF simulation of this surface (step 12,
in Algo. 7.3). But the facies located above the already constrained interval in
the second well (right well) is blue and therefore different from the facies in the
left well (brown). To avoid creating a region that would connect these different
facies, we impose in the right well an inequality (upper bound or UB) for the
simulation of this surface (step 13, in Algo. 7.3). We then use a Gibbs sampler
(Freulon et al. 1993b) to constrain the conditional GRF simulation (step 17).
After applying the erosion-deposition rules (step 29), the new region will cover
only the brown interval in the left well in that case.

In situation 2 (Fig. 7.3B), the current simulation elevation at the left well
location is above the attributed interface. In this situation, an erosive surface
has to be considered to ensure the removal of the previously simulated deposits.
We add an EP at the interface (step 16). Then, to avoid breaking an interval
that has already been constrained in other wells, we impose an LB constraint
on the top of the intervals that were previously constrained (see right well with
red rectangle in Fig. 7.3B). We then use the GRF simulation technique with
these new constraints to generate the conditional simulation and apply the
erosion-deposition rules as described above (steps 17 and 29).
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Situation 1

Situation 2

Situation 3

T
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Next surface  onlap erode "™ upper bound (UB)
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Figure 7.3: Three different situations can arise during the simulations of the sur-
faces. Situations 1 and 2 (A and B) concern a case where an interval has to be
constrained while situation 3 (C) concerns onlap surfaces not constrained by an in-
terface. See text for details. The horizontal bar of the "T" of the upper and lower
bounds (UB and LB) is positioned at the altitude where the bound is applied. Note
that these symbols are slightly offset to the left or right for better visibility. But they
still apply to the borehole position.
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The interval being now constrained, we can add the EP data to LB to prevent
them being eroded by subsequent erosive surfaces (step 18) and interface is no
longer attributed (step 19).

If the current surface is not attributed to an interface, We decide with a prob-
ability £ if it is onlap or erosive (Step 21 in Algo. 7.3). To prevent to connect
different facies intervals, we add several constraints to onlap surface, as illus-
trated in situation 3 (Fig. 7.3C). In this example the surface is forced to pass
in the blue interval in the right borehole while avoiding the brown interval in
the left borehole. The rest of the procedure is the same as before. Practically,
this is done by randomly choosing a facies interval among the next to be con-
strained in each borehole and forcing the surface to pass through it using UB
and LB, while avoiding other nonidentical facies intervals by applying UB. This
prevents the connection of different facies.

The remaining steps (volume definition and facies assignment) are almost iden-
tical to the unconditional case. Before applying Algorithm 7.2, we simply at-
tribute the facies from the boreholes to the regions that intersect them.

7.2.5 Hierarchical workflow

Hierarchical structures are very common in Quaternary deposits (Miall 1991;
Miall 2013). To model these features, one can apply EROSim within a hierar-
chical workflow. The hierarchical levels can be seen as the results of sedimen-
tological processes at different spatial and temporal scales (or levels).

We consider these levels as sets of surfaces that separate not only lithofacies
but also distinct sedimentological units. The basic principle is that a surface of
a specific hierarchical level can only affect surfaces that have an equal or lower
hierarchical level. For example, a specific sedimentological body delimited by
surfaces of a higher rank, cannot be eroded by a surface of a lower rank. From
a computational point of view, this implies that we can simulate these deposits
sequentially by hierarchical level from higher to lower levels.

For example, let us consider a case with two hierarchical ranks: one defined by
surfaces having a large extent and delimiting large sedimentological units (or
regions), and another one defined on a smaller scale with numerous surfaces
frequently intersecting each other and producing regions of smaller sizes. To
model this system, it is possible to decompose the simulation in two steps:
first, high-order surfaces are simulated to delimit the boundaries of the differ-
ent sedimentary units. In the second step, EROSim simulations are performed
inside these units. Practically, this implies constraining the upper and lower
boundaries of the simulation domain of EROSim with the simulated surfaces
of the first. This can be extended to as many hierarchical levels as needed.
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Using such a hierarchical approach, it is also possible to include more con-
straints in the model by setting different simulation parameters («, &, N, sur-
faces interpolation parameters) for each unit or hierarchical level. But it also
implies inferring a large number of parameters.

The usefulness of the hierarchical approach is presented in section 7.4.

7.3 Parameter sensitivity

This section illustrates the EROSim capability to simulate a wide variety of
sedimentary structures. We first present some unconditional 2D examples, as
well as the effect of the different parameters («, &, etc.) on the simulations (e.g.
shape and size of the regions). We then demonstrate that the algorithm can
be conditioned to well-data. Some 3D simulations are presented in section 7.4
with a case study.

7.3.1 TUnconditional simulations

For most of the examples shown in this section, we consider a 2D vertical slice
(x,2) of dimension 60 x 30 m? and with a spatial resolution of 0.33 x 0.15
m?. We simulate a total of four facies (k = 4) in equal proportions. To keep
things simple, we used the same covariance for all surfaces in a single EROSim
simulation. However, there is no difficulty in using different covariance models.
For example, erosive surfaces could be assimilated to more energetic events and
therefore could have smoother surfaces. In all simulations, the surface means
are drawn from a uniform law between the top and bottom of the simulation
domain. This allows distributing the surfaces uniformly over the domain and
obtaining stationary simulations, but this is not a fixed feature of the algorithm.

Figure 7.4 shows one unconditional simulation with a stationary cubic covari-
ance with a range of 45 m and a total variance of 5 m?. The simulation param-
eters are N = 100 surfaces, 10% of erosive surfaces (£ = 0.1), and the facies
simulation being only driven by the marginal target probability (o = 1).

Figure 7.5 illustrates the effects of the different simulation parameters. As ex-
pected the range of the covariance controls the geometry of the surfaces. A
shorter range leads to rougher surfaces. But it also controls the size of the
regions. A shorter range creates more intersections between the surfaces and
leads to smaller regions (Figs. 7.5A to 7.5C). Logically, the number of regions
also increases with the range. The proportion of erosional surfaces (£) does not
modify significantly the size of the regions, but it changes rather their shapes
(Figs 7.5D - 7.5F). When there is no erosion (¢ = 0) the boundaries of the
regions are mostly concave, but as £ increases, more and more convex bound-
aries appear. This is the effect of erosion, which removes some parts of the
regions that are filled later. As expected, the number of surfaces (N) influences



7.3 Parameter sensitivity 255

0 10 20 30 40 50 60
x [m]
Figure 7.4: Ezample of an EROSim unconditional simulation with 100 surfaces.
The four different colors represent four different facies. The black lines delimit the
TEGIONS.

the thickness of the regions (Figs. 7.5G to 7.5I), and their numbers. This is
mainly due to our choice of drawing the surface means in a uniform law. The
influence of the o parameter is also clearly visible (Figs. 7.5J to 7.5L). When
a is equal to 0 (Fig. 7.5J), the regions of the same facies tend to be clustered
through the whole simulation domain, while when « is equal to 1, they are
evenly distributed.

Different covariance models can also affect the shape of the regions. For ex-
ample, Fig. 7.6B shows a simulation with a spherical covariance model with a
small range. The boundary between the regions are rough, and they are more
individual regions than with a larger range.

Figures 7.6A, 7.6C, and 7.6D illustrate the possibility of using non-stationary
means or variograms through the simulation domain. In Fig. 7.6A, the means
are following a sinusoidal trend. In Fig. 7.6C the means follow linear trends with
varying slopes. And finally, in Fig. 7.6D the sill and range of the variograms
are progressively increasing to the right. These examples, even if they are a bit
theoretical, show that if some information is known about the non-stationarity
of the sedimentary structure, EROSim is capable of handling this information.
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Figure 7.5: Different EROSim simulations where one parameter has been changed
on each. A - C: Simulations where the variogram range increases from 10 to 20 and
then to 50. D - F: Simulations where the ratio of erosive layer (§) increases from 0
to 80% and then to 80%. G - I: Simulations where the number of surfaces (N) is
modified, from 30 to 100 and then to 400. J - L: Simulations where the o« has been
modified, from 0 to 0.5 and then to 1.

Figure 7.6: Realizations showing the capabilities of EROSim by varying different
modeling parameters such as the mean (A, C), the variance (D) or the covariance
model (B, spherical). The different colors of the regions do not represent anything in
particular and are just used to distinguish them.
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7.3.2 Conditional simulations

In this section, we illustrate the capabilities of EROSim to produce conditional
simulations based on borehole data. The number of facies is reduced to three in
equal proportions. For all the examples, we used the same simulation parame-
ters (N = 100, £ = 0.1, and « = 0.5). The surface means were randomly drawn
from a uniform distribution between the minimal and maximal elevations. All
surfaces are simulated with the same cubic covariance model with a sill of 5 m?
and a range of 15 m or 55 m.

Figure 7.7 shows different conditional EROSim simulations using a range of
15 m (Fig. 7.7A, B) or a range of 55 m (Fig. 7.7C, D). The borehole intervals
are correctly respected without any apparent deformation of the regions. Note
that despite using the same value for the clustering parameter « (=0.5) for
both cases, the facies regions are distributed differently. Realizations obtained
with a variogram range of 15 m display more variability in the types of contact
between the regions than the ones made with a variogram range of 55 m, since
using the lower range results in a larger number of regions.

We used Sequential Indicator Simulations (SIS, Journel 1983a) to compare
EROSim capabilities over one of the most standard facies modeling tools. Indi-
cator variograms were estimated using EROSim simulations and used to pro-
duce SIS realizations. Four of those simulations are shown in Figure 7.8. SIS
respects the conditioning data, proportions, and input variograms but does
not succeed in reproducing some of the patterns (sharp contacts) proposed
by EROSim. SIS produces more noisy and pixelized simulations with irregular
facies boundaries.

If we compare the probability maps obtained by averaging 100 realizations
(Fig. 7.9), we observe strong similarities between the two methods. Indeed,
facies probabilities seem practically identical. But if we compare Shannon’s
Entropy (Shannon 1948), we see that SIS results are generally more uncertain
(higher entropy) between the boreholes than EROSim. This is visible between
the second and third boreholes (between x = 25 m and « = 55 m) which have
nearly identical facies logs, implying a possible connection between the two.
While EROSim is almost certain that a continuous connection exists between
the two blue facies, SIS is not. The same comment can be made for the orange
facies but the difference is not blatant.
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Figure 7.7: EROSim conditional simulations based on borehole data. A and B are
two equiprobable realizations using a cubic covariance model with a range of 15 m and
C and D were made with a cubic covariance with a range of 55 m.
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Figure 7.8: SIS simulations where each indicator variogram has been inferred from
the corresponding EROSIm simulations. Indicator variograms used to generate A and
B were inferred on EROSim simulations with a range of 15 m (fig. 7.7 A, B). Identical
procedure was applied to generate C and D but on EROSim simulations with a range
of 55 m (fig. 7.7 C, D).
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Figure 7.9: Probability of occurrence for each facies (computed over 100 realiza-
tions) considering a variogram range of 55 for EROSim simulations (fig. 7.7C, D)
and SIS simulations made with variograms inferred on EROS simulations (fig. 7.8C,
D). A, C, E are the probability maps for facies 1 to 3 for SIS method and B, D,
F are the probability maps for facies 1 to 8 for EROSim method. G and H are the
related Shannon entropies to probability maps for SIS and EROSim, respectively.
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7.4 Application to the upper Aare valley
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Figure 7.10: Interpretation of a part of the East-West wall of the Biimberg quarry
realized by Menga (2021). A is the reconstructed image of the wall acquired by the
drone as well as the sedimentological surfaces that separate the subfacies bodies. The
hierarchical rank of each surface is given by its color. The five stratigraphical units,
delimited by surfaces of rank 4 or higher are also shown. B shows the corresponding
colorized facies groups interpretation. For readability and clarity, only half of the wall
is shown. Figures and data are taken and modified from Menga (2021)).

In this last section, we illustrate the ability of EROSim to simulate structures
similar to the ones observed in the field.

7.4.1 Study site and field data

The study site is located in the Biimberg quarry, in the canton of Bern, in
Switzerland. The quarry walls show fluvio-glacial Quaternary sediments made
up of different sand and gravel facies that show complex relationships. This
type of sedimentary architecture can be observed in many other queries in
Switzerland and abroad. The Bliimberg quarry has been identified as a suitable
sedimentological analog for the Upper Aare Valley aquifer. To characterize its
heterogeneity, the sedimentological structures, hierarchical levels, and deposits
of the quarry walls were manually interpreted based on a field survey and a
high-resolution photogrammetric UAV survey to obtain 3D ortho-normal im-
ages (Menga 2021). This enabled the digitization of the delimitation and the
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characterization of the different stratigraphic boundaries and unit extents. In
this quarry, Menga (2021) analyzed two walls, one oriented North-South (180
m long and 13 m high) and one oriented East-West (115 m long and 12 m high)
to characterize the possible anisotropy of the sedimentological structures.

Several different lithofacies have been identified and described according to the
classification proposed in Miall (2013) that takes into account the grain size
and the sedimentological structures of the deposits. The different grain sizes are
described by a capital letter: C (cobbles), P (pebbles), G (gravels), S (sands),
and L (silts). The arrangement and/or the structure of the sediments are de-
scribed by a lowercase letter: o (open framework), i (imbricated), h (horizontal
stratification), n (normally graded), r (reverse graded), | (low angle stratifica-
tion), p (planar-cross stratification), t (trough-cross stratification), s (draping
troughs), x (cross-stratification), m (massive).

Menga (2021) regrouped them into seven facies groups and for each group
a sedimentological origin interpretation has been proposed. These groups and
interpretations are shown in Table 7.1 and Figure 7.10B shows the spatial orga-
nization of these facies on the East-West wall of the quarry. Gravel-dominated
facies are the predominant groups of facies, whereas sand-dominated facies
are quite dispersed and only present locally. Gravel facies are distinguished
into four groups: bedload sheet aggradation (yellow), transverse bar migration
(blue), scour fills (brown), and gravelly dunes (green), for a more comprehen-
sive understanding of these sedimentological formations, please refer to Miall
(1996).

Table 7.1: Facies code and their interpretation in the Biimberg quarry. The colors
used to represent them are also given.

Facies code Interpretation Facies color
C,P,G(h,,n,iym) Bedload sheet aggradation Yellow
C,P(p,t,x) Transverse bar migration Blue
C,P,G,Ss Scour fill Brown
PS,GS(p,t,x) Gravelly dunes Green
SG,S(p,t,x) Sandy-gravelly dunes Dark Green
SG,Sh Sandy wedges Pink

SH,S(1,m) High flow regime sandy levels Orange

In addition, six levels of sedimentological hierarchies have also been recognized,
and named Rank I (lowest rank) to Rank 6 (highest rank). Figure 7.10A shows
the interpreted surfaces on the wall of the Biimberg quarry. The surfaces of
Rank 1 to Rank 2 are likely the result of very local processes (~ 1 - 5 m)
while Rank 3 surfaces have a larger extent (~ 5 - 60 m). Higher-order surfaces
(Rank 4 - Rank 6) exceed the size of the domain and can be treated equally
in this situation. There are a total of six of these surfaces on the two walls,
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which delimit five sedimentological bodies (Units in Figure 7.10A) that differ
in terms of facies proportions and structures.

7.4.2 Model setup and parameters

To account for the hierarchical relations observed on the study site, we con-
sider the hierarchical approach proposed in section 7.2.5. At the lowest rank,
the regions are filled with facies while surfaces of higher ranks are simulated
independently to delimit stratigraphic units. For the upper Aare valley, the aim
is to produce a model of lithofacies. Based on the field observations, we consider
that it is reasonable to set the lowest rank to Rank 3 surfaces (Fig. 7.10A, yellow
lines) and to fill the delimited regions with the facies that are mostly differen-
tiated by these surfaces. Figure 7.10B shows that these are gravel-dominated
facies. The sand facies (dark green, pink, and orange) are more dispersed and
often delimited by surfaces of Rank I or 2. Therefore, we must consider as well
the hierarchical levels above Rank 3 (pink, blue and red surfaces). Furthermore,
the regions delimited by these higher rank surfaces have different characteris-
tics in terms of sedimentary body sizes and facies proportions. Finally, we only
simulate the four dominating facies (mainly gravels). Orange and pink facies
have been regrouped into the yellow facies, while dark green facies has been
regrouped with green facies.

As explained in section 7.2.5, the approach is decomposed in two steps. First,
the geostatistical parameters of the higher-rank surfaces are required to de-
fine the extent of each unit. From base to top in this quarry, Menga (2021)
recognized a first unit bounded by a surface of Rank 6 and Rank 4, a second
unit bounded at the top by a Rank 5 surface, a third, fourth and fifth units,
bounded at the top by Rank 4 surfaces (fig. 7.10A). Consequently, it is required
to simulate three Rank 4 surfaces and one Rank 5 surface. Therefore, for each
wall, the variograms for Rank 4 and Rank 5 were estimated on the available
surfaces as well as the mean altitudes of each of the surfaces. The parameters
to model those surfaces are provided in tables A.10-A.11 in the appendix. Rank
6 surface was not modeled and was simply considered to be the bottom of the
simulations.

In this phase, we undertake the simulation of Rank & surfaces within each
distinct unit. EROSim requires that we infer the following parameters: the
number of surfaces (N), a distribution for the mean altitudes of the surfaces,
the variogram models of the surfaces (u; and +;), the proportion of erosive
surfaces (§), the proportions of the facies (pgiobar), and lastly, the clustering
parameter ().

The ~; were estimated using the interpreted surfaces, drawn by Menga (2021),
by computing the experimental variogram on each independent line (or sur-
faces) and by adjusting a variogram model on them. Note that we only consid-



7.4 Application to the upper Aare valley 263

L e maar g

7 i e - + - E - LR : . E &
Figure 7.11: Experimental and fitted model variograms realized on the EW wall of
the Biimberg quarry for each different unit.

ered lines with a minimal length of 5 m to obtain representative statistics. The
spatial statistics of these surfaces for the EW Biimberg wall are summarized
in Fig. 7.11 for each unit. Unit 5 is not represented, as there was not enough
surfaces to infer proper variogram models. In this case, we used the mean val-
ues of the parameters, averaged on all the variogram models. Finally, for each
unit, the inferred parameters of the variogram models were averaged to keep
only one set of parameters.

The other parameters (N, &, pgiobai, &) Were estimated by trial and error and
are given in Table A.12 in the Appendix.

7.4.3 Results

We first compare 2D simulations with actual observations on the quarry walls
and then present results from simulated 3D blocks.

2D cross-sections

Figures 7.12 and 7.13 show EROSim simulations of the quarry walls and the
observed geology for the same locations. In these figures, the lines delimiting the
regions are not shown for clarity. Generally, the simulations reproduce rather
well the shapes of the regions as compared to the reference. A more quantitative
analysis of the results has been conducted on an ensemble of 100 realizations
for the two sections. It shows that the indicator variograms computed for each
facies for each EROSim simulation are well distributed around the reference
indicator variograms, as illustrated in Figures 7.14A to 7.14C for N-S wall. The
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proportions are also well respected (Fig. 7.14D). Similar results are obtained
with the E-W wall.
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Figure 7.12: Three EROSim simulations of the Fast-West wall of the Biimberg
quarry (A - C) and the interpreted wall made by Menga (2021) considered as the
reference (D). The sedimentological lines that separate the regions are not shown.

3D models

EROSim can also be used in 3D. Figure 7.15 shows 3D simulations using the
sedimentological statistics inferred on both walls of the Biimberg quarry. Stan-
dard parameters (tab. A.12) have been averaged between the two walls, as well
as the altitudes of the surfaces of the higher ranks. The 1D variograms were
also combined to obtain 2D variograms for the surface simulations. This was
done assuming that the spatial statistics inferred on the walls represent the
statistics on the major and minor axes of anisotropy of the 2D variogram. The
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Figure 7.13: Three EROSim simulations of the North-South wall of the Biimberg
quarry (A - C) and the interpreted wall made by Menga (2021) considered as the
reference (D). The sedimentological lines that separate the regions are not shown.

variogram ranges on the NS wall were assigned to the range on the Y axis of
the 2D variograms, and the variogram ranges on the EW wall were assigned to
the range on the X axis. Sills were averaged. The grid used for the visualization
has a cell size of 0.85 x 0.85 x 0.14 m? and contains 100 x 100 x 100 cells.

Figure 7.15 shows significant variability between the realizations because of
the absence of conditioning. It also shows that EROSim can reproduce the ex-
pected shapes of the sedimentological structures while exploring a broad variety
of plausible configurations. The sedimentological lines bounding the regions
are not shown here for the sake of visibility, but it is important to remem-
ber that this additional information is available. Regions can be individualized
and treated differently in successive modeling steps (e.g. simulation of physical
properties).
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Figure 7.14: Comparison of proportions (D) and indicator variograms (A-C) for
each facies between the references and 100 realizations of the N-S wall.

7.5 Discussion

In this paper, we presented EROSim, a novel surface-based simulation method
and a conditioning algorithm that can model sedimentological heterogeneity
that is frequently observed in fluvio-glacial systems.

The application of this method with the data from the Biimberg quarry site
shows that the results obtained with this method represent well the main sed-
imentological features observed on the quarry walls. Slight visual differences
remain in both the shape of the regions and the distribution of the facies. This
is most probably due to using one unique variogram to model all the internal
surfaces. Indeed, Figure 7.11 shows a large spectrum of estimated variogram
models from the field data, regardless of the unit in which we are. The same
thing is also observed on the NS wall. Therefore, the use of a single variogram
model cannot capture this variability. However, the observed variability is re-
lated to the estimation of variograms on very short lines which may create
artifacts, whereas EROSim uses these variograms to simulate surfaces over
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Figure 7.15: Three different realizations (A - C) of EROSim 8D simulations of
the Bumberg quarry. The model dimensions are 170 m x 170 m x 14 m, there is no
vertical exaggeration.
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the whole simulation domain. It is also important to remember that erosion
processes influence the shape of these lines, which necessarily influences the
spatial statistics of these objects. Modeling the interfaces with different vari-
ograms would be possible but it would make the parametrization of EROSim
much more complex and we argue that it would not necessarily be useful or
critical for groundwater applications.

As compared to other variogram-based facies simulation methods EROSim pro-
vides more control over the geometry of the geological interfaces for the user.
The simulated models include a representation of internal structures within
single facies such as orientations of the deposition patterns, and a hierarchical
structure. The orientation of the local patterns, given by the simulated sur-
faces, can be used to orient the local anisotropy of permeability. The definition
of these surfaces permits as well defining thin and continuous structures such
as clay plugs which may have an important influence on flow and transport and
which are difficult to simulate with other variogram-based approaches.

Compared to object-based methods (OBM) or Multiple Point Statistics (MPS),
EROSim is not designed to generate specific geological shapes, such as mean-
ders, deep-water lobes, etc. However, EROSim does not require sophisticated
inputs, such as a training dataset (TD) for MPS or the definition of geological
objects and their spatial relations for OBM. Determining the parameters of
EROSim from outcrop data is simpler than determining all the input required
for MPS or OBM. In addition, more complexity could be added in EROSim
relatively easily by including for example some non-stationarity as shown in
Figure 7.6 or by having a more complex parametrization. While we presented
a brief comparison with SIS in terms of conditioning in this paper, a more
comprehensive comparison involving other methods and including the impact
of the sedimentary structures on flow and transport has still to be done. It will
be the topic of future research.

A few limitations and possible extensions of the proposed approach can be
identified. The conditional algorithm requires imposing rules on the simulation
of surfaces. This is permitted thanks to the use of inequality data when mod-
eling Gaussian Random Fields, and this is one of the main novel contributions
of this paper. In most cases, the conditioning does not perturb the shape of the
regions but it may distort them if the conditioning data are very dense (high
number of borehole data). Input parameters must be compatible with the data.
If too few surfaces are defined, the algorithm may not be able to respect all the
interfaces within the boreholes. But this limitation is not specific to EROSim
and applies to all geostatistical methods in general.

There is also room for improvement to integrate other kinds of conditioning
data (seismic data, locally varying facies proportions, etc.). For the simulation
of the facies, we decided to keep the parametrization extremely simple. This is
a potential limitation and more sophisticated rules involving transition proba-
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bilities between each facies, similar to what is done in TPROGS (Carle 2007),
could be accounted for. We could also account for the volume or shape of the
region when estimating the probability of affecting a facies to a certain region.
However, once again, we argue that the simplicity of the proposed model is
probably sufficient for many applications and we leave this possible extensions
to future works. In the Biimberg case study, we identified the parameters by
computing individual variograms and averaging them. The other parameters
were mainly identified by trial and error. Further research should be devoted
to developing a more automated technique to infer the parameters.

7.6 Conclusion

In this paper, we presented a new approach, EROSim, to model geological
heterogeneity by simulating litho-facies models. The method is designed to
represent sedimentary structures typically present in fluvio-glacial Quaternary
deposits which are the most frequently used aquifers in Switzerland. EROSim
offers a new perspective in the field of facies modeling by initially creating re-
gions and subsequently populating them with facies. Moreover, it seamlessly
integrates geological principles via erosion-deposition rules, introducing a sig-
nificant degree of flexibility into its realizations and rendering it suitable for
diverse sedimentological contexts. The litho-facies are assigned to the regions
using a graph-based approach accounting for global proportions over the entire
domain and for local proportions derived from adjacent regions. The condition-
ing algorithm employs inequality data derived from the borehole observations
and the sedimentological rules.

The capacity of this model to represent different geometries and sedimentary
patterns has been illustrated with several unconditional and conditional exam-
ples. Through these examples, we show the influence of the model parameters
(e.g., a, &, etc.) on the resulting simulations. Furthermore, EROSim is applied
to a real field site from a gravel quarry, where the spatial statistics of the sed-
imentological surfaces are inferred and used to parameterize the simulations.
The resulting simulations show spatial patterns closely similar to those ob-
served on the quarry walls. A numerical comparison of the proportions of the
facies and the indicator variograms of the facies confirms this similarity.

The main advantages of this approach are: its simplicity for the parameteri-
zation, its capacity to generate realistic 3D simulations from data acquired in
2D, its hierarchical structures, the possibility to condition the simulations by
borehole data, and finally the availability of the code.

Further research is still needed to analyze the impact of the structures generated
by EROSim on flow and solute transport and to compare the performances of
this model with other facies modeling techniques.
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This thesis proposed novel approaches and tools for modeling Quaternary de-
posits and applied them to different study sites such as the Upper Aare and
the Rhine Valleys, in Switzerland. It was shown that the hierarchical approach
(units, facies, properties) is able to offer the flexibility and complexity needed
to model this kind of environment. The various aspects and limitations of this
workflow were then investigated, particularly with regard to facies modeling
and the difficulty of having boreholes with stratigraphic interpretations. The
integration of conceptual and expert data and the choice of a single model from
a set of stochastic realizations were also discussed. Overall, the proposed meth-
ods provide interesting results and lay the foundations for a possible future of
more accurate, automated, and simpler geological modeling.

This chapter presents the main contributions of this research as well as the
main limitations of the proposed methods. Some ideas, proposals, and recom-
mendations are discussed to help solve these remaining issues and to go beyond
the scope of this thesis.

8.1 Main contributions and limitations

To illustrate the methodological contributions of this thesis, the different stages
in the construction and creation of a geological model are presented.

Every geological study starts with data collection, including in situ data such
as outcrops, boreholes, and geophysics, as well as conceptual data like expert
opinions, previous studies, and drilling logs. The purpose of this data collection
is to compile all available information on the subject and create a summary of
its quantity, quality, and diversity. These data also need to be homogenized. On
this basis, a conceptual model can begin to take shape. Following a hierarchical
approach, the concept can be defined in terms of stratigraphic units, facies, and
properties. The properties to be modeled depend mainly on the objectives of
the study and are generally not the most difficult part of the conceptualization.
The other two, on the other hand, are more problematic. They are covered and
discussed in the chapters of this thesis.

8.1.1 Automatic Stratigraphic Pile

We start with the first hierarchical level, the stratigraphic units, which repre-
sent geological time units, generally reflecting different climatic and geological
conditions. Borehole logs frequently contain this information, indicating which
units are present (or absent) in what thickness. As the complete sequence of
units is assumed to be the same across the entire domain, the concept should be
a faithful representation of the complete succession of these units, the strati-
graphic pile. However, due to conflicting data and difficulties in accurately
identifying a stratigraphic unit in a borehole, determining the most consistent
pile is not always obvious. To this end, an algorithm for the automatic determi-
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nation of unit succession has been proposed in chapter 4. Using the boreholes,
already interpreted in terms of units, the algorithm proposes several plausible
piles, giving each one a score according to the rate of boreholes in agreement
with it. Then it is possible to select the more appropriate pile given its score
or expert knowledge.

The algorithm can also refine the conceptual model by identifying erroneous
or disagreeing stratigraphic contacts attributed to each proposed pile. If these
errors are infrequent and varied, they can be assumed to be simple errors of
interpretation. However, if a contact is frequently incorrect, it may indicate an
error in the concept itself. It is then possible to test different strategies and con-
cepts, for example by merging units, to see if it is possible to improve the pile’s
score. This was used to determine the stratigraphic pile for the Rhine Valley
model, described in Chapters 4 and 5. We found that by merging three units,
initially considered independent, it was possible to find a pile that matched 99%
of the boreholes (compared to 96% before merging). These three units were in
fact facies that, while very different geologically, were deposited synchronously,
leading to interfingering. It was therefore necessary to adapt the concept to
reproduce the spatial distribution of these facies within a single stratigraphic
unit. In this case, we used an MPS approach. Therefore, the algorithm allowed
one to refine an initial geological concept which globally improved the reliability
of the model and was more consistent with the sedimentological history.

The aim here is not to replace the conceptualization phase, but rather to au-
tomate what can be automated. The algorithm can propose plausible piles,
list noncompatible boreholes and divergent stratigraphic contacts for each pile.
With this algorithm, these elements can be obtained in a matter of seconds,
much less than if this had been done manually. In the end, the task of selecting
a particular pile or grouping certain units remains with the user, but is greatly
simplified.

8.1.2 Automated stratigraphic unit interpretation using machine
learning

Once the succession of stratigraphic units was established, another issue re-
mained: the lack of stratigraphic logs in the data. This problem, which is ad-
dressed in chapter 6, arises from the fact that it is more challenging to assign
an age (unit) to a deposit than to describe it geologically (facies). As a con-
sequence, unit models are less accurate and can even lead to inconsistencies
between the model and facies data. The proposed solution in chapter 6 was a
Machine Learning (ML) approach combined with a borehole simulation step.
Several ML algorithms were tested to determine if there were any significant
differences between them. The algorithms were trained on a limited number
of interpreted boreholes to predict the stratigraphic units interval by inter-
val based on lithological descriptions (facies) and geometrical coordinates. To
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maximize the effectiveness of the ML algorithms and account for uncertainties,
probabilities were used instead of direct predictions. These probabilities were
then used as the basis for the borehole simulation step. The outcome consists of
a series of random simulations of stratigraphic records for each uninterpreted
borehole.

Overall, this approach has yielded reasonable results. In some cases, clear links
have been established between lithologies (facies) and units, while in others,
the links are less clear, making predictions more hazardous or even incorrect.
However, in some of these cases, manual interpretation would also fail to pro-
vide satisfactory results. Moreover, the total number of inconsistencies between
facies and units at the borehole locations has decreased. We have demonstrated
the importance of comparing different methods, as some have shown very poor
predictions (such as Adaboost) or overconfident predictions (such as Multi-
Layer Perceptron).

However, this automatic stratigraphic simulation of boreholes has one notable
important limitation which is, for now, the difficulty of correctly predicting the
reference stratigraphic logs in some cases, as shown in Figure 6.9 and Figures
A.2-A.4. This means that potentially incorrect information is fed to the ge-
ological model. The main reason for this lies probably in the second step of
the method, the borehole simulation. The first step, ML predictions, can, of
course, be improved by adding or modifying features according to the situation,
but on the whole the predictions seem reasonable. On the other hand, bore-
hole simulation is more hazardous and involves the threshold 7, the minimum
probability value to be considered, which is not readily determinable. Ideally,
a threshold should be set automatically for each borehole, but the question
remains as to how this should be done. The method for simulating boreholes
is straightforward. Other methods, such as SIS, which consider spatial correla-
tion, could be taken into account. Integrating constraints on thickness would
likely be beneficial. One could also consider using a Markov process, where
transition probabilities are derived from the ML predictions. Other strategies
could be considered, such as directly estimating the upper altitude of each unit
surface instead of predicting the probability of occurrence of each unit layer by
layer.

In the end, the method is not perfect and there is room for improvement.
For now, it is unclear if it should be used as the advantages are outweighed by
potential errors. Statistically, the method reduces the number of inconsistencies
and the Brier score, but with the risk of adding incorrect boreholes in the
modeling process. Finally, it should be recalled that the Upper Aare Valley
exhibits a complex geology with 13 units. The method would likely perform
better in a simpler area.
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8.1.3 Choice of facies modeling method

The last two subsections concerned the conceptualization and data about the
unit model. Once this is done, we can move to the definition of the conceptual
facies models for each unit. This step consists in choosing a method to represent
the internal heterogeneity of a unit on the basis that it is characterized by the
spatial distribution of facies (e.g., lithologies, lithofacies, and hydrofacies). The
world of facies methods is vast and diverse, and choosing one in particular is
no simple matter. This problem is extensively covered and discussed in chapter
2.

This chapter summarizes and discusses the advantages, disadvantages, and ap-
plicability of each method. More than 15 different groups of methods are dis-
cussed, ranging from simple ones such as Nearest-Neighbor or Sequential Indica-
tor Simulation to more complex methods such as rule-based and process-based
methods. Several recommendations and research gaps are also identified. For
example, it is suggested that the choice of one method over another should
be dictated primarily by the sedimentological context and conceptual model,
rather than solely by the data. In fact, the sedimentary structures generated
depend directly on the method used (and its parameters), so the sedimento-
logical and geological context is of paramount importance in understanding
the spatial distribution of facies in the subsurface. It was also suggested that
the most advanced and realistic methods are underutilized and can be used in
many situations to account for more available data, constrain the geometries
of the geological features to be simulated, and refine the conceptual model.
The review also points out the lack of comparative studies between methods in
the literature and the lack of reference models to allow more standardized and
systematic comparisons.

Another major issue with facies modeling methods is their accessibility, which is
largely uneven between methods. Although some are widely used and available
through many open and private software packages, others are proprietary and
not freely available. This severely limits the development and improvement
of facies methods and partly explains the problems mentioned above and in
Chapter 2. A possible solution to this problem is to develop and propose more
options, software and open source packages to make these methods more ac-
cessible and easier to use. In this direction, EROSim and ArchPy are presented
in chapters 7 and 3 of this thesis.

8.1.4 Usefulness of surface-based methods for Quaternary modeling

Chapter 7 presented and examined a surface-based approach, called EROSim,
for modeling Quaternary deposits and other sedimentary structures. Quater-
nary formations are known to be complex due to the interaction of various
processes and can present intricate patterns. EROSim proposes to divide the
modeling into two steps: tessellation of the domain into distinct regions and as-
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signment of a facies to each region. The first step is accomplished by combining
stochastic surfaces with depositional and erosional rules, taking into account
that the surfaces can be the result of either a depositional or an erosional event.
The geometry of the regions (or volumes) created by these surfaces depends on
several parameters, such as the spatial statistics of these surfaces (mean and
covariance) and the frequency of erosive surfaces. In the second step, a simple
graph-based approach is proposed, taking into account the overall proportions
and neighboring regions.

EROSim introduces a new approach to facies modeling by dividing the domain
into multiple zones and assigning a categorical value (facies) to each zone. This
method is easy to set up and does not require the creation of a training data
set (e.g., as for MPS or GANSs) or the determination of the geometry of the
objects to be generated (e.g., as for standard OBM or RBM). Additionally,
EROSim can be conditioned to borehole data and can be further developed
to account for non-stationarity. The application case of a quarry wall in the
Aare Valley showed the effectiveness of the method in parameterizing using
an interpreted outcrop and in reproducing the expected geological shapes. Fi-
nally, it is the first time that such a surface-based approach has been applied
to this kind of Quaternary deposits. However, it is essential to acknowledge
certain limitations; EROSim is not specifically tailored to replicate intricate
shapes, such as channels, a task better suited to alternative OBM methods.
The features generated by EROSim are contingent upon the surfaces utilized,
typically manifesting as concave or convex half-lens with varying elongation
and thickness. Additionally, another limitation arises in the simplicity of the
second step, which offers ease of parameterization but provides limited control
over facies placement within regions. This limitation prompts consideration of
alternative approaches, such as considering the transition probabilities matrix
or constraining facies distribution based on region sizes or geometries. Finally,
the links between the nature of the stochastic surfaces and the generated tes-
sellated domain are still unclear and remain to be investigated.

We insist on this part of the workflow as it is probably the one with the greatest
impact but also the most uncertain. It is also for this reason that a good part
of the thesis is devoted to it. Although not all aspects have been covered,
these two chapters (chapters 2 and 7) do give some hints and insights into the
conceptualization and choice of facies methods.

8.1.5 ArchPy approach

Once the conceptual model has been defined for units and facies, all that re-
mains is to determine the petrophysical properties to be simulated. These can
be very varied, depending on the forward models to be used, but include hy-
draulic conductivity, porosity, electrical conductivity, and so on. They can be
integrated into the model in a number of ways, either by assigning a single
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value per facies (assuming homogeneous facies) or by geostatistical simulations
to reproduce a scale of heterogeneity smaller than that of the facies. Having
done this, we now need to create the various models (units, facies, and prop-
erties) in a hierarchical fashion, which can quickly prove complicated given
the vast amount of information that needs to be integrated and pre-processed.
Fortunately, the ArchPy package makes this task simple and semi-automatic.

The core of the thesis is the ArchPy approach, presented in chapter 3. This
methodology proposes to group all the conceptual knowledge of a geological
model into one entity, the Stratigraphic Pile. The ArchPy simulation workflow
is hierarchical and decomposed in three steps: units, facies, and properties.
Units are delineated using 2D surfaces which are interpolated from the bore-
hole data. They are combined by considering sedimentary rules to represent
basic sedimentological processes of erosion and deposition. At this step, several
additional levels of hierarchy can be considered by integrating smaller sub-
units inside other larger units, as is commonly represented in sedimentological
studies. Note that it is a feature that is generally absent from other geological
modeling software and packages. The unit models are then populated with fa-
cies using categorical methods (facies modeling methods), which are themselves
filled with continuous values to represent the petrophysical properties.

ArchPy places great emphasis on workflow automation, integrating an algo-
rithm for the automatic extraction of conditional data from boreholes for the
surface interpolation. This means that once the pile is defined and borehole
data imported, the simulations can be easily generated. Other innovations and
features of ArchPy include the use of inequalities to simulate stratigraphic sur-
faces, allowing any sedimentary succession to be reproduced automatically and
easily at borehole locations. The use of the stratigraphic pile as a repository for
conceptual information also makes it easy to nest different piles and, therefore,
consider different levels of stratigraphic hierarchy. With ArchPy, the focus of
modeling is on conceptualization and pile construction, rather than on data
processing. The automation and use of scripts also implies that existing mod-
els can be updated quickly and easily as new data is added. The pile can be
modified and adjusted at any time and whenever necessary, as new data or
information justifies a change in concept. The pile is flexible, allowing users to
create their own "tailor-made" concept. Each unit, facies, and property can be
simulated using the methods, parameters, and sedimentological rules of user
choice. These choices can be based on previous research, analysis of the data,
or expert knowledge, as explained in the previous subsections. This flexibility
allows for easy updates to the concept and facilitates the comparison of dif-
ferent concepts (i.e., different piles). Additionally, the utilization of stochastic
methods allows for easy quantification of uncertainty at various levels (e.g.,
unit, subunit, facies, properties). These methods can generate a set of prior
models for use in data assimilation (Emerick et al. 2013) or inversion meth-
ods (Delottier et al. 2023). ArchPy has been used in two different studies in a
joint inversion scheme (Neven et al. 2022b, 2023). In these studies, Ensemble
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Smoother with Multiple Data Assimilation (ESMDA) was used in combina-
tion with ArchPy unit and property models to integrate both geophysical and
hydrogeological measurements. ESMDA has proved to be a very efficient algo-
rithm for determining unit models and integrating different data in an inversion
process at a reasonable computational cost.

However, the ArchPy approach presented in this thesis has some limitations.
Specifically, the delineation of units is made using 2D explicit interpolation,
which prevents the representation of important geological structures such as
faults, folding, or intrusions. But it should be remembered that the subject of
this thesis concerns Quaternary deposits, and geological features of this kind
are rare in such formations. Moreover, it would not be too difficult to integrate
more sophisticated surface interpolation methods, such as the implicit potential
method (Calcagno et al. 2008). However, integrating inequality data with this
method remains challenging. Although it is theoretically possible, automatically
determining inequalities (and equalities) in boreholes from a given pile becomes
much more difficult when faults or folds must be considered. For each borehole,
it is necessary to determine the polarity of the stratigraphic layers, which is
not impossible but adds to the difficulty. Finally, ArchPy is also in its infancy,
and the number of modeling methods and automated routines integrated is still
limited.

To summarize the workflow, the first step is to define the stratigraphic order of
the units and establish an initial conceptual model. This includes defining the
order of units and subunits, as well as the nature of surface contact (erosion or
onlap). Tools such as the automatic pile (Chapter 4) can be useful for making
automatic suggestions. If there is a significant shortage of stratigraphic logs
in the data, the geostatistical learning approach (Chapter 6) can be helpful.
It is then necessary to choose facies and facies methods (Chapters 2 and 7),
which may be different for each unit and are mainly determined by modeling
objectives and geological context. Once the overall conceptual model is estab-
lished, the interpolation methods and associated parameters should be selected
for each unit, facies, and property. These selections must consider the data,
geological context, and expert knowledge. The information is then integrated
and synthesized into a stratigraphic pile and integrated into ArchPy to produce
the desired number of realizations (Chapters 3, 5, and 6).

8.1.6 Upper Aare geological model

In addition to its methodological contributions, this thesis offers practical ap-
plications of these methodologies through case studies conducted in the Upper
Aare and Rhine Valleys. Notably, Chapter 6 presents a novel geological model
developed for the Upper Aare Valley, which incorporates 13 distinct geological
units and 6 facies, focusing primarily on hydraulic conductivity as a property
of interest. Two models were devised, depending on the consideration of strati-
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graphic logs obtained through machine learning techniques. These models offer
valuable information on the shallow and deep geological formations within the
Upper Aare Valley, providing a comprehensive understanding of the regional
geology. The models suggest the existence of a deep aquifer, which was pre-
viously hypothesized. However, it is likely limited to the northern region of
the area. The models also indicate minimal connectivity between the shallow
and deep aquifers, which could be investigated further with a groundwater flow
model.

Models can be improved, especially in the facies modeling step. It is impor-
tant to consider and compare other approaches and methods. When creating
a regional-scale model, it may not be necessary to provide extensive detail on
facies methods as the flow is primarily controlled by large, extended structures
such as stratigraphic units. However, if the goal is to propose local transport
models, adjustments and refinements will likely be required.

8.2 Perspectives and future of geological modeling

The previous section presented an ideal geological modeling workflow. Each step
can be adapted to suit the situation and the problems to be solved. Although
this thesis has covered many aspects of geological modeling, there is still room
for improvement and future research.

First, and perhaps most important, are the data. No matter how well the al-
gorithms and methods are developed, and no matter how many elements and
features are taken into account to produce the most robust and reliable mod-
els possible, if the data used are not properly prepared, the models will not be
accurate. Therefore, significant effort is required to retrieve subsurface data, in-
cluding geological, geotechnical, hydrogeological, and geophysical information.
This data must be homogenized and standardized to align with the regional
geological context. Finally, it should be centralized and made available to both
private and public stakeholders who require access. Although this aspect of the
work may not fall within the academic field, it is still crucial and should be
carefully considered, taking into account the opinions and positions of various
stakeholders, including the public, private, and academic sectors. For example,
in the context of this thesis and the overall Pheniz project, the data har-
monization work carried out by the Geoquat project was essential. However,
the available data could have been more extensive, but this was complicated
by several challenges and issues. The complexity of Swiss federal legislation,
which involves multiple levels of public authority (communes, cantons, and
national), private companies, and offices, each with its own databases, made
this task notably challenging. Additionally, legislation differs from one canton
to another, posing a number of problems for water and subsurface manage-
ment across borders. To solve partly some of these issues, it would be more
logical to move toward more centralized and standardized data management.
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Although adding to the workload, providing access to an up-to-date and com-
plete database would benefit everyone. The advantages include more reliable
geological studies, fewer geotechnical and geological incidents, and lower costs
due to reduced data acquisition. This should be a top priority for subsurface
management in the coming years.

The second aspect considers the improvement and development of the pre-
sented methodologies. The ArchPy approach presented in this thesis could be
improved on this aspect in several ways. For instance, the hierarchy could be
extended to integrate more levels. Similarly to what is done with units and
subunits, multiple hierarchical facies levels can be considered (Bennett et al.
2019). However, this poses a number of problems in terms of data, particularly
borehole data. It is indeed difficult to characterize several levels of facies hierar-
chies in boreholes, which complicates the generation of conditioned models. It
may be possible to automatically identify facies hierarchical levels by analyzing
lithological successions and having knowledge of the depositional environment.
However, further research is required to better integrate this knowledge into hi-
erarchical geological models. Furthermore, surface simulation is still limited (2D
interpolation) and improved approaches such as implicit methods (Lajaunie et
al. 1997; Calcagno et al. 2008; de la Varga et al. 2019) could be considered. In
addition, many additional facies modeling methods could be added to ArchPy
to reproduce different and more specific sedimentological settings.

Another important aspect to further develop is to strengthen the bonds and
links with physical forward models such as groundwater (e.g., MODFLOW
and flopy interface, Bakker et al. 2016; Langevin et al. 2017), geophysical or
geotechnical models. This would simplify the modeling process and facilitate
the creation of links and synergies. For example, inverse workflows can be set
up, as demonstrated by Neven et al. (2022b, 2023). In the context of climate
change, more pressure is put on the hydrological and economic world, and op-
timization strategies in hydro-economic models could be more easily addressed
using integrated and open-source resources. Significant improvements can be
made toward this path.

ArchPy is expected to undergo significant changes in the coming years due to
its increasing use in various sedimentological environments and for different
purposes. The goal is to create an integrated and comprehensive geological
modeling toolbox that can be easily combined with other open-source packages
and resources. The toolbox will include the latest and most up-to-date methods
and algorithms, making them accessible to everyone.

Apart from ArchPy and geological modeling methods, this thesis has not inves-
tigated groundwater modeling and they merit further investigation. Specifically,
the impact of geological model heterogeneity on flow and transport patterns
has not been covered. It would be interesting to test the effect of sedimen-
tary structures generated by EROSim and complex ArchPy models on trans-
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port simulations. These results could then be compared with experiments on
laboratory-scale analog models to assess their reliability.

Another point, which may seem anecdotal at first sight, is the choice or determi-
nation of a single deterministic "best" (or mean) model from a set of stochastic
realizations. A practice that we refer to as realization aggregation. While it may
seem preferable to use the stochastic realizations directly, it is common to use
only one final deterministic model in the end. In Chapter 5, a subsection (see
Section 5.4.2) briefly discussed an experiment involving four different methods
tested on the Rhine Valley aquifer but this experiment was not comprehensive.
A poor method of realization aggregation can lead to problems where certain
criteria are no longer respected, such as the proportion of facies or their spa-
tial correlation. Hence, it would be beneficial to test these methods in other
contexts and with different objectives. For example, realizations could be ag-
gregated to produce a model that best reflects hydrogeological measurements,
such as groundwater heads or tracer concentrations. This will surely influence
the determination of the "best" model and should be investigated.

Finally, perspectives on automation in geological modeling are discussed. This
thesis proposed several improvements toward more automation in different
steps of geological modeling. In particular, the flexible framework of ArchPy
can be combined with joint inversion procedures to automatically integrate dif-
ferent types of data (Neven et al. 2023). Additionally, the preprocessing of the
borehole data has been automated. However, it is important to note that there
are limits to automation in geological modeling. For instance, parameterization
of facies models remains challenging and requires manual effort to determine
the facies to models, the size of the objects to place, and the rules to apply.
Although analog model databases can partially automate this process, they
are still rare and not always freely accessible. Therefore, exploring this avenue
could improve the automation of geological models.

Automating conceptualization is a challenging task. However, it is worth con-
sidering whether complete automation is necessary for every task. Conceptu-
alization involves integrating geological context and knowledge of geological
processes with expert knowledge while considering available data and compu-
tational constraints. It is important to note that this process requires significant
manual effort. The result is a concept that can be applied numerically within a
reasonable time frame. Due to the complexity of the task, it is unlikely that the
complete conceptualization of geological models will be fully automated soon.
However, this should not be viewed as a disadvantage, but rather an oppor-
tunity for modelers and experts to collaborate and generate the best possible
models.

Although this thesis has extensively talked about uncertainty and how to quan-
tify it, there is at least one thing that is certain, geological modeling cannot
be covered exhaustively in a single thesis. As a consequence, many other im-
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portant topics were left out or only briefly discussed. However, in addition to
the perspectives discussed above, this leaves the door open to a wide range of
future ideas and research.

Specifically, the future of geological modeling lies in making it as accessible
as possible, and this means considering a number of objectives for models
and methods: Accurate, Collaborative, Comprehensive, Efficient, Scalable,
Successful, Interoperable, Browsable, Lightweight, Embeddable. Models and
methods need to be more accurate and successful to improve the reliability
and quality of predictions. They need to be collaborative so that techniques
and knowledge can be shared with as many people as possible. It is also im-
portant not to forget to make them comprehensive so that they can be more
easily grasped by as many people as possible. Efficient and scalable models
are necessary to be able to generalize them and apply them to a large variety
of geological contexts while coupling them with other models and approaches.
Interoperability and embeddability are perhaps the most central items on this
list, as they require approaches to be built with the aim of combining and syn-
ergizing them. Taking advantage of some methods to fill in the gaps of others.
Finally, accessibility also means methods that are available and easily obtain-
able (browsable), and that they are simple to use (lightweight). Open-source
solutions, good code practices, and documentation are essential to achieving
these goals. With these objectives in mind, it is more than certain that ge-
ological modeling will continue to progress in the right direction. This thesis
followed this philosophy by proposing several open-source modeling algorithms
and approaches for modeling Quaternary formations. However, the amount of
work is still very large, and many more years and decades of further research
will be needed to reach its culmination.
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A.1 Chapter 3

Table A.1: Grouped USCS codes. It indicates in which group code the classical
USCS groups are rearranged.

Grouped Code USCS classical groups
(0] (OH, OL, Pt)
G (G, G-GM, GW-GM, GP-GM, GP, GW, GP-GC, G-GC)
S (S-SM, S, SP-SM, SP, SW, S-SC, SP-SC, SW-SM)
GC (GM, GC, GC-GM)
SC (SM, SC, SC-SM)
C (ML, CL-ML, CL, CM, CH)

Table A.2: Covariance models parameters (C: contribution and r: ranges in z, y
and z direction) manually adjusted and used for the SIS of each units. For units where
the number of data points was too low (LGL and LGT), a default model was taken
("Default” row). The ranges are given in the three main axis directions without any
rotation (z axis goes toward E, y axzis toward N). Subscripts exp and sph indicate
exponential and spherical covariance models.

Unit

Lttty T Bl Con 1] xisy [l Coay 0] muget
SUP (0) (200, 400, 5) _ 0.15 5 5 0.1
SUP (C) (200, 200,5)  0.11 - ; 0
SUP (G) (200,200, 5)  0.25 - - 0
SUP (GC) (300,100, 4)  0.20 - ; 0
YG (G) - - (50, 50, 15)  0.22 0
YG (GC)  (200,200,1)  0.06 (300,200, 6)  0.09 0
YG (S) (200,200, 15) 0.03  (200,200,1)  0.03 0
LGA (G)  (100,200,8) 0.2 (100, 200, 20)  0.12 0

LGA (GC) (100,150, 15)  0.10 (100, 150, 15)  0.11 0
LGA (S) (50,100, 15)  0.13 - - 0.01
Default (100, 100, 10) variable* - - 0

* variance was adjusted according to lithofacies proportions.

Table A.3: Covariance models parameters (C : contribution and r : ranges in z, y
and z direction) used for the property simulations. Subscript exp indicates an expo-
nential covariance model.

Lithofacies 1.y, [m] Ceyp [m?]
0  (50,50,2) 01
G (50,50,2) 0.25
S (50,50,2) 0.16

GC (50, 50, 2) 0.2

( )
( )

SC 50,50, 2) 0.2
C 50,50, 2) 0.2
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A.2 Chapter 5

A.2.1 Modeling parameters
Covariance models

The table A.5 show the covariance models used for the generation of the top
surfaces of the units. The others units

Table A.4: Covariance models parameters (C: contribution (i.e. sill) and r: range)
used for the surfaces interpolation of each top surface of the units. All models are
isotropic. Subscripts exp, sph and cub indicates exponential, spherical and cubic mod-
els which are different family of covariances models.

Units  teyp [m] Ceup [m7] 15pn [m] Cypp [M%] Tegp [m] Cegyp [m?]
UEBE 38500 245 - - N N
UNIT B 31933 296 92586 34 - -

DELT 21718 74 - - 34 20
LAKU 35737 382 - - 559 290
MORA - - - - 3000 200
other units - - 7500 200 - -
MPS parameters

The table A.5 shows the MPS parameters used to fill the unit B.

Table A.5: Used MPS parameters to simulate FLUV, BAC and VERL units in
Unit B. Some parameters required to be defined for all the variables (the two auziliary
variables and the variable of interest (facies code)). This is the case for the number
of meihboring nodes or the dsitance threshold.

MPS parameters values
Homothety Usage 1
Homothety XRatio 1
Homothety YRatio 1
Homothety ZRatio 0.3

Nneighboring Node (1, 1, 15)
Distance Threshold (0.1, 0.1, 0.05)
Max Scan Fraction 0.05
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A.3 Chapter 6

ML models hyperparameters

Table A.6: Machine learning hyperparameters chosen for each algorithm. RF: Ran-
dom Forest, SVC: Supper Vector Machines, MLP: Multilayer Perceptron, Adaboost:
Adaptive boosting, Gboost: Gradient boosting.

ML algorithm Hyperparameter value
mean depth 15
RF mean features 45
n estimators 164
ot 0.014
SVE C 6.32
Learning rate 0.084
MLP Layers (277, 17, 264, 160)
n estimators 414
Adaboost learning rate 0.001
n estimators 266
learning rate 0.0186
Ghoost max depth 24
max features 26

Geological model parameters

The Table A.7 gives the variogram parameters for the interpolation of the
top surface of each unit. Direction of the ranges of the covariances models
change spatially according to the rotation map (Fig. A.1) that indicates for
each location the rotation of the range axis of the covariances.

The table A.9 shows the SIS variogram parameters for each facies in each unit.
For AM, UBS, OS and AS units, variogram models were taken from other
units as the number of points were not sufficient to estimate a variogram. AM
considered the same variograms as for LGM, UBS those from MS, OS from
LGM, AS from LGM and SUP. Contribution of the variograms were rescaled
according to the relative proportions of the facies in the unit.
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Table A.7: Covariance models parameters (C: contribution and r: range in relative
x and y direction) used for the surfaces interpolation of each surface. Ranges are
expressed using two numbers. No covariance model was fitted for SUP as its surface
is defined by the DEM. Subscripts exp, cub and nug indicates exponential, cubical and
nugget covariance models.

Units 1oy [m]  Coeuws [mz] Tegp M) Cegp [m2] Chug [m2]

HB - - (5000, 5000) 150 -
YG (8000, 8000) 100 - - 3
LGA (6100, 6100) 160 - - 10
LGL - - (5000, 5000) 135 -
LGM - - (2000, 5000) 800 -
MS - - (2000, 5000) 1000 -
IGT - - (2000, 5000) 200 -
AM - - (2000, 5000) 1000 -
GL - - (2000, 5000) 200 -
UBS - - (2000, 5000) 150 -
0S - - (2000, 5000) 150 -
AS - - (2000, 5000) 300 -
1.195
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1.190 1 ‘ _30

1.185 1 L —40
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Figure A.1l: Rotation map used for the orientation of the anisotropic variograms
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Table A.8: Covariance models parameters (C : contribution and r : ranges in z, y
and z direction) used for the property simulations. Subscript exp indicates an expo-
nential covariance model.

Lithofacies regp [m| Cegp [m?| mean [log[2]]

0 (50, 50, 2) 0.1 5
G (50, 50, 2)  0.25 -2
S (50, 50, 2)  0.16 35
GC  (50,50,2) 0.2 6
SC  (50,50,2) 0.2 -5.5
C (50, 50,2) 0.2 -8
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Table A.9: Covariance models parameters (C: contribution and r: ranges in x, y
and z direction) used for the SIS of each units. The ranges are given in the relative
directions according to the main directions (z towards E and y towards N). The relative
z and y directions are locally obtained by applying the rotation map (see Fig. A.1).
No other rotations were considered which means that only © and y azis rotate and
the z axis is always directed upwards. Subscripts exp and sph indicate exponential and
spherical covariance models.

Unit
(Litho-facies) Fezp 1] Ceap (7]
SUP (O) (200, 400, 5)  0.15
SUP (C) (200, 200,5) 0.1
SUP (G) (200,200, 5)  0.25
SUP (GC) (300, 100, 4)  0.20
HB (GC) (400, 400, 10)  0.25
HB (C) (200, 200, 10)  0.16
HB (G) (200, 200, 10)  0.20
YG (G) (100,200, 12)  0.23
YG (GC) (100, 300, 15)  0.20

YG (S) (100,300, 6)  0.08

LGA (G) (100, 200, 10)  0.25
LGA (GC) (100, 300, 15)  0.20
LGA (S) (100, 300,6)  0.08
LGL (C) (150, 300, 10) ~ 0.18
LGL (S) (100,200, 10)  0.15
LGL (SC) (200, 300, 20)  0.06
LGM (GC) (150, 300, 20)  0.24
LGM (C) (300, 500, 15)  0.15
LGM (SC) (300, 500, 10)  0.10
LGM (S) (300, 500, 10)  0.13
LGM (G) (400, 400, 15)  0.13
MS (G) (200, 200, 10)  0.25
MS (GC) (100, 200, 15)  0.14
MS (C) (400, 600, 20)  0.10
MS (S) (400, 600, 20)  0.09
MS (SC) (250, 250, 15)  0.06
GL (G) (150, 300, 25)  0.25
GL (C) (150, 300, 10)  0.13
GL (S) (150, 300, 20)  0.16
GL (GC) (150, 300, 25)  0.15
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Borehole simulations

We show here few more examples of borehole simulations with the methodology
of the present study. All simulations where realized with a threshold of 0.15 (7 =
0.15) if possible, if not it was decreased until simulations could be obtained. For
some boreholes and algorithms (Figures A.3, A.5), There are situations where
it was impossible to generate a simulation. For corresponding colors for unit
and facies, see Figure 6.4.

Boreholes simulation
Facies
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Boreholes simulation
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Geological models

|

Figure A.9: A-I: transversal cross-sections in one realization of the ArchPy-BAS
unit model. Corresponding locations are shown in J. K: 3D visualisation of the real-
ization. Corresponding color for units are given in Figure 6.4.
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Height (m)

Figure A.10: A-I: transversal cross-sections in one realization of the ArchPy-BAS
facies model. Corresponding locations are shown in J. K: 3D visualisation of the
realization. Corresponding color for facies are given in Figure 6.4.
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Figure A.11: A-I: transversal cross-sections in mean of all property realization
of ArchPy-BAS. Corresponding locations are shown in J. K: 3D visualisation of the
realization.
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Figure A.12: A-I: transversal cross-sections in mean of all unit realizations of
ArchPy-BAS. Corresponding locations are shown in J. K: 38D wvisualisation of the
realization.
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Figure A.13: A-I: transversal cross-sections in mean of all unit realizations of
ArchPy-ML. Corresponding locations are shown in J. K: 3D visualisation of the re-
alization.
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Figure A.14: A-I: transversal cross-sections in mean facies model (most probable
facies according to all facies realizations) of ArchPy-BAS. Corresponding locations
are shown in J. K: 8D visualisation of the realization.
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Figure A.15: A-I: transversal cross-sections in mean facies model (most probable
facies according to all facies realizations) of ArchPy-ML. Corresponding locations are
shown in J. K: 3D visualisation of the realization.
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A.4 Chapter 7

Simulation parameters

Table A.10: Covariance models parameters (C: contribution (sill) and r: range).
Subscripts cubl and cub2 indicate two different cubic covariance models. Contribu-
tions that were lower than 0.01 were discarded.

Teubl Ccubl Teub2 CcubQ

uarry wall Rank surfaces
Quarty jm] m?] ] )

3 in unit 5 - - 32 0.35
3inunit4 15 027 30 0.39

3 in unit 3 - - 25 0.64

NS 3 in unit 2 - - 35 1.06
3 in unit 1 28 041 23 0.38

4 - - 90 0.26

5 68 0.65 30 0.1

3 in unit 5 - - 44 0.44

3 in unit 4 - - 29  0.77

3 in unit 3 - - 35 0.55

EW 3 in unit 2 - - 60 1.35
3 in unit 1 70 0.51 45 0.29

4 - - 90 0.25

5 25 0.12 60 0.15

Table A.11: List of high-order surfaces with their rank and mean altitude used for
the simulations.

Mean altitude

Quarry wall Surface ID Rank Bottom of ... Top of ...

[m]
1 4 13.68 unit 5 unit 4
NS 2 4 10.99 unit 4 unit 3
3 5 7.22 unit 3 unit 2
4 4 4.43 unit 2 unit 1
1 4 10.59 unit 5 unit 4
2 4 8.23 unit 4 unit 3
EW 3 5 5.75 unit 3 unit 2
4 4 3.90 unit 2 unit 1
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Table A.12: EROSim parameters used for the simulation of the quarry walls.

Quarry wall Unit group a N ¢ (blue, browz;g,logb;éen, yellow)

unit 1 0.8 10 0.2 (0.5,0,0.1, 0.4)
wit2 081502  (0.32,0,0.31, 0.37)

NS wit3 051002  (0.20, 0, 0.35, 0.45)
unit 4 0.9 20 0.2 (0, 0, 0.50, 0.50)
wit 5 0.9 3 0.2 0,0, 0, 1)
wnit1 1 2002  (0.10, 0.15, 0.10, 0.70)
wit 2 1 15 0.2 (0.08, 0, 0.12, 0.8)

EW unit 3 1 10 0.2 (0.05, 0, 0.22, 0.73)
wnit 4 0.9100.2 (0, 0.10, 0.50, 0.40)
wmit5 0.9 3 0.2 (0, 0, 0.10, 0.90)
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