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Abstract

Groundwater resource management often requires the development of
geological and hydrogeological models. However, constructing accurate
models can be a challenging and time-consuming task, especially in large
areas with complex Quaternary deposits. However, these areas are often
the most frequently subject to resource exploitation and pollution. To
address this issue, several studies have proposed innovative methodolo-
gies to integrate various types of data, including wells, geophysical, and
hydrogeological data. The objective is to facilitate the construction of
these models within coherent and reproducible frameworks with robust
error estimation. In these, we present four studies that present novel
methodologies to address this challenge. The first study presents a large
and dense Time Domain ElectroMagnetic (TDEM) dataset acquired in
the upper Aare Valley, Switzerland, to improve knowledge of the spatial
variations of Quaternary deposits. The inverted resistivity models de-
rived from this acquisition were published and could be used for various
future studies. It also highlights the data set’s potential for data integra-
tion algorithm development because of the abundance of various freely
available data on the same zone.

The second study proposes a new methodology to combine boreholes and
geophysical data with a propagation of the uncertainty to predict the
probability of clay at the scale of a valley. A spatially varying translator
function was used to estimate the clay fraction from resistivity. The
parameters of this function are inverted using the description of the
boreholes as control points. They combine this clay fraction estimation
with a nondeterministic 3D stochastic interpolation framework based on
a Multiple Points Statistics algorithm and Gaussian Random Function to
obtain a 3D realistic high spatial resolution model of clay fraction for the
upper Aare valley. The study demonstrates the quality of the predicted
values and their corresponding uncertainties using cross-validation.
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The third study addresses the possibility of integrating boreholes, geo-
physical, and hydrogeological data, while keeping the geological concept
of the models coherent. We used a stochastic geological model genera-
tor to construct a set of prior models based on the boreholes. We then
propose a multiscale inversion approach that combines low-fidelity and
less accurate models with high-fidelity and more accurate models to re-
duce the time needed for the inversion to converge. Both geophysical and
hydrogeological data are integrated, using an Ensemble Smoother with
Multiple Data Assimilation Algorithm (ES-MDA) algorithm. The work-
flow ensures that the models are geologically consistent and robustly esti-
mate the associated uncertainty with the final model. The study demon-
strates the effectiveness of this approach for a controlled synthetic case.
It shows that ArchPY and ES-MDA are capable of generating plausible
subsurface realizations for Quaternary Sedimentological Models.

Finally, the fourth study presents an innovative methodology that com-
bines the ES-MDA algorithm with an open-source hierarchical geological
modeling code to integrate multiple data sources and construct geolog-
ically consistent models with robust error estimation. The methodol-
ogy is applied to a field case in the upper Aare Valley, Switzerland. In
order to benchmark the methodology, a cross-validation framework is
implemented. The approach results in final models that effectively bal-
ance accuracy and uncertainty and can take into account various data
sources, including geophysical data, regional conceptual knowledge, bore-
holes, and hydrogeological measurements at a valley scale. In summary,
this thesis presents several innovative methods that could be applied on
small to large scale hydrogeological model realization.

Keywords
geostatistics; uncertainty; Groundwater resource management; hydroge-
ological models; Quaternary deposits; Data integration; Time Domain
EM; Stochastic inversion; Ensemble Smoother with Multiple Data As-
similation Algorithm (ES-MDA); Geologically consistent inversion.



Résumé

La gestion des ressources en eaux souterraines nécessite souvent le
développement de modèles géologiques et hydrogéologiques. Cependant,
la construction de modèles précis peut s’avérer une tâche difficile et
longue, en particulier dans les vastes zones présentant des dépôts qua-
ternaires complexes. Or, ces zones sont souvent celles qui sont le plus
fréquemment soumises à l’exploitation des ressources et à la pollution.
Pour résoudre ce problème, plusieurs études ont proposé des méthodolo-
gies innovantes pour intégrer différents types de données, notamment
des données sur les puits, des données géophysiques et des données hy-
drogéologiques. L’objectif est de faciliter la construction de ces modèles
dans des cadres cohérents et reproductibles avec une estimation robuste
des erreurs. Nous présentons ici quatre études qui proposent de nou-
velles méthodologies pour relever ce défi. La première étude présente un
vaste et dense ensemble de données électromagnétiques dans le domaine
temporel (TDEM) acquises dans la haute vallée de l’Aar, en Suisse, afin
d’améliorer la connaissance des variations spatiales des dépôts quater-
naires. Les modèles de résistivité inversée dérivés de cette acquisition ont
été publiés et pourraient être utilisés pour diverses études futures. Cette
étude met également en évidence le potentiel de l’ensemble de données
pour le développement d’algorithmes d’intégration de données en raison
de l’abondance de diverses données librement disponibles sur la même
zone.

La deuxième étude propose une nouvelle méthodologie pour combiner les
forages et les données géophysiques avec une propagation de l’incertitude
pour prédire la probabilité d’argile à l’échelle d’une vallée. Une fonction
de translation variant dans l’espace a été utilisée pour estimer la frac-
tion d’argile à partir de la résistivité. Les paramètres de cette fonction
sont inversés en utilisant la description des forages comme points de con-
trôle. Ils combinent cette estimation de la fraction d’argile avec un cadre
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d’interpolation stochastique 3D non déterministe basé sur un algorithme
de statistiques à points multiples et une fonction aléatoire gaussienne
afin d’obtenir un modèle 3D réaliste à haute résolution spatiale de la
fraction d’argile pour la haute vallée de l’Aar. L’étude démontre la qual-
ité des valeurs prédites et leurs incertitudes correspondantes en utilisant
la validation croisée.

La troisième étude porte sur la possibilité d’intégrer des données de for-
age, géophysiques et hydrogéologiques, tout en conservant la cohérence
du concept géologique des modèles. Nous avons utilisé un générateur
stochastique de modèles géologiques pour construire un ensemble de
modèles préalables basés sur les forages. Nous proposons ensuite une
approche d’inversion multi-échelle qui combine des modèles peu fidèles
et moins précis avec des modèles plus fidèles et plus précis afin de ré-
duire le temps nécessaire à la convergence de l’inversion. Les données
géophysiques et hydrogéologiques sont intégrées à l’aide d’un algorithme
ES-MDA (Ensemble Smoother with Multiple Data Assimilation Algo-
rithm). Le flux de travail garantit que les modèles sont géologiquement
cohérents et estime de manière robuste l’incertitude associée au modèle
final. L’étude démontre l’efficacité de cette approche pour un cas syn-
thétique contrôlé. Elle montre que ArchPY et ES-MDA sont capables
de générer des réalisations plausibles de la subsurface pour les modèles
sédimentologiques du Quaternaire.

Enfin, la quatrième étude présente une méthodologie innovante qui com-
bine l’algorithme ES-MDA avec un code de modélisation géologique
hiérarchique open-source pour intégrer des sources de données multiples
et construire des modèles géologiquement cohérents avec une estimation
d’erreur robuste. La méthodologie est appliquée à un cas de terrain dans
la haute vallée de l’Aar, en Suisse. Un cadre de validation croisée est mis
en œuvre afin d’évaluer la méthodologie. L’approche aboutit à des mod-
èles finaux qui équilibrent efficacement la précision et l’incertitude et qui
peuvent prendre en compte diverses sources de données, y compris des
données géophysiques, des connaissances conceptuelles régionales, des
forages et des mesures hydrogéologiques à l’échelle d’une vallée. En ré-
sumé, cette thèse présente plusieurs méthodes innovantes qui pourraient
être appliquées à la réalisation de modèles hydrogéologiques à petite ou
grande échelle.
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18 Chapter 1: Introduction

1.1 Context
The shallow underground in most of Switzerland’s urban and agricultural
areas is composed of Quaternary geological deposits. These formations
typically consist of loose materials such as gravel, sand, or clay deposited
by glaciers, rivers, gravitational forces (such as landslides), or in lake
environments. The interplay of these processes leads to complex three-
dimensional patterns of various sediment materials. Quaternary deposits
can be found just below a few centimeters of organic soil and can range
from a few tens to a thousand meters in thickness in deep Alpine val-
leys. They are also a key research topic for Quaternary geologists as they
provide valuable information for reconstructing recent climate changes.
Quaternary formations are of great significance, as they serve as a source
for water supply for cities or irrigation, construction materials extrac-
tion, civil engineering work, waste storage, and geothermal exploitation.
The groundwater resource represents 99% of the total liquid fresh water
on Earth and provides approximately 50% of the total volume of water
withdrawn for domestic use (United Nations Educational Scientific and
Cultural Organization 2022). In Switzerland, 80% of drinking water is
sourced from groundwater according to the Swiss Office of Environment
(NAQUA 2022). Of these 80%, half of it is even fed directly into the
drinking water supply system without being treated. In this context,
due to the appearance of persistent pollutants that are difficult to ab-
sorb in the subsurface, redifining protection areas considering not only
residence time, but also recharge volume, will be necessary in the future.
Figure 1.1 shows the results of the National Groundwater Monitoring
NAQUA, QUANT module, which records the groundwater levels and
spring discharge rates at around 100 monitoring stations across Switzer-
land (NAQUA 2022). The indicator calculates the annual number of
monitoring stations with low, normal, and high groundwater levels and
spring discharge rates, based on daily averages and percentiles over the
standard period 2001-2020. Low discharge corresponds to the number of
days with groundwater levels and spring discharge rates below the 10th
percentile from 2001-2020. On the other hand, High levels is the number
of days with groundwater levels and spring discharge rates above the
90th percentile from 2001-2020. We can denote some variability in time,
but conclude that so far, climate change has not significantly impacted
the large trend in terms of groundwater availability in Switzerland in
the last 30 years. However, it is likely to cause changes in terms of water
recharge and temporal repartition in the very near future. Moreover, the
use of groundwater-based heat pumps in shallow aquifer environments



1.1 Context 19

0%
10%
20%
30%
40%
50%
60%
70%
80%
90%

100%

Pe
rc

en
ta

ge
 o

f t
he

 y
ea

r

Year

Low Level Normal Level High Level
Spring and Groundwater Monitoring Indicator

Figure 1.1: Groundwater and spring discharges in Switzerland, from the
National Groundwater Monitoring NAQUA (NAQUA 2022). Low and
High discharge corresponds respectively to groundwater levels and spring
discharge rates below the 10th percentile and above the 90th percentile
compared to the 2001-2020 distribution

is growing. However, a maximum absolute change of 3 °C in the aquifer
must be respected compared to the original temperature, calling for large
models to identify where the installation of a new system is possible.

For all the examples presented above, the realization of a medium- to
large-scale hydrogeological model is necessary. The ultimate purpose of a
hydrogeological model is to properly reproduce a complex underground
system in a mathematical discretization in order to compute the theo-
retical response of an aquifer and represent the problem of interest. The
response compute can take various forms, from advective flow to the
transport of a solute. The complexity can vary, from fine large-scale 3D
models to simplified 2D transmissivity models. In general, the workflow
for the construction of a model is separated into a few steps (Pyrcz et
al. 2014; Ringrose et al. 2015; Wellmann et al. 2018, e.g.). Typically,
it consists of building a structural model, ideally with properties, and
then simulating the flow within. In a typical classical workflow, bore-
holes and geophysical data are acquired first in the field. Geophysical
data are inverted and result in a parametric model that depends on the
method used. For all the electric methods, the main parameter of inver-
sion will be the resistivity, when for seismic the density and impedence
contrast will be outlined, for example. This parametric model is often
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smoothed due to the regularization scheme used in the inversion and may
present noise-indused artifacts. In addition, for most deterministic inver-
sion techniques, this parametric model is only one amongst others that
fits the acquired geophysical data, and its final shape will depend on the
inversion parameters. This parametric model will be interpreted using
colocated boreholes and expert knowledge and will produce a so-called
structural model. This model usually represents large-scale structures,
such as lithological units. This large-scale unit model is then filled with
facies, either uniform or using geostatistical methods. Multiple facies can
be present in the same unit: for example, river systems will consist of
gravel in the channels, and clay in the floodplain. The petrophysical pa-
rameters are then assigned according to the unit and facies. In the case
of a hydrogeological model, it can be porosity, hydraulic permeability, or
storativity, for example. In the end, the exact distribution of these values,
as well as other non-geological parameters such as recharge or bound-
ary conditions, will be achieved during the model calibration. At this
stage, hydrological measurements from the site are incorporated and the
model is slightly modified to satisfactorily predict the measured value. In
the end, the calibrated hydrological model can be used to simulate the
problem of interest and take decisions based on its predictions. For most
of the day-to-day applications in the private sector, a single calibrated
model is used.

Considering a single model and not considering uncertainty can be prob-
lematic, especially in environements that can display sharp spatial dis-
continuities. Quaternary deposits, for example, consist of unconsolidated
deposits with intertwined processes both spatially and temporally. A
large part of Switzerland is covered with such sediments (see Fig. 1.2).
These flat areas are generally more favorable for construction and agri-
culture and are often heavily anthropized. 90% of underground uses take
place in unconsolidated rock layers (Volken et al. 2016). It consists mainly
of the use of drinking water and the excavation of construction materi-
als. Due to this, large amounts of data exist and are available; however,
they are owned by various instances. This led the Swiss Geological Sur-
vey (Swisstopo) to initiate the GeoQuat project (Volken et al. 2016) to
centralize existing geological data related to Quaternary Formations in
Switzerland and build 3D underground models in four pilot regions: Bir-
rfeld, Lake Lucerne, Upper Aare Valley, and Visp. In each of these valleys
filled with Quaternary deposits, all available data were standardized and
digitalized, and geological models were constructed using interpolation
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Figure 1.2: Location in red of the Quaternary deposits in Switzerland,
modified from Volken et al. (2016)

methods. Similar projects have also been carried out in The Netherlands
and Denmark (Barfod et al. 2018; Christensen et al. 2017; Stafleu et
al. 2011). However, the construction of these models revealed certain
limitations in existing techniques, such as the inability to automatically
incorporate all available stratigraphic knowledge and ensure geological
consistency. When the datasets are becoming large, manually combining
them is time-consuming. Secondly, the interpretation and construction
are extremely user-dependent. If the work is split into teams, impor-
tant spatial inconsistencies arise. Finally, even if stochastic processes
are sometimes used at some step of the modeling (for example for the
facies simulation), the uncertainties are often not propagated through
the entire workflow. The final models are often just one that fits the
data, and no robust uncertainty estimation is provided. In summary, de-
spite numerous studies dedicated to the construction of aquifer models
in Quaternary formations, there is currently no methodology that inte-
grates geological concepts, geophysical and hydrogeological constraints,
and stochastic inverse modeling at a regional scale.

Multiple challenges exists for the development of such methods. First, al-
most all geological modeling software is proprietary and often expensive.
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Most of them are designed for deterministic modeling and do not have an
Application Programming Interface (API). In addition, there are often
not suitable models for complex quaternary deposits, where drastic spa-
tial variations can occur within the same unit. However, some changes
are happening. For example, GemPy (Varga et al. 2019) is a Python open
source geomodeling library that implements a generic implicit modeling
approach. It supports the generation of faults and folds and can be cou-
pled with a gravity anomaly forward, for example. Its implicit approach
uses cokriging as the interpolation method. This package is very well
suited for large-scale unit modeling, with, for example, a large density
difference between the units, making the use of a homogeneous value
relevant. In the Quaternary deposits, important facies, and consequently
petrophysical, variations can occur in space. The use of stochastic meth-
ods and more advanced geostatistical methods is needed, but to our
knowledge, no framework for efficient stochastic modeling in Quaternary
environments existed. Due to the lack of suitable modeling tools, in the
framework of this project, an open source hierarchical modeling software
was developed (Schorpp et al. 2022). ArchPy can automatically gener-
ate realistic geological and parameter models. It operates hierarchically
using input data consisting of a set of borehole data and a conceptual
stratigraphic pile. The stratigraphic pile is a description of how the ge-
ological model should be constructed and contains information such as
the order of the different stratigraphic units, their conformability, surface
interpolation methods, filling methods for lithologies, and petrophysical
properties. The modeling process is fully automated, which means that
once the stratigraphic pile and its related parameters have been defined,
the software will generate the model automatically. The process involves
simulating the stratigraphic unit boundaries (units), filling them with
lithologies (facies), and simulating petrophysical properties inside the
lithologies. The approach is very flexible and provides a framework for
generating end-to-end stochastic models. Additionally, the method al-
lows for uncertainty quantification at any level and may be used for full
inversion.

Second, even with the appropriate modeling tool, integrating data within
these models and keeping geological realism is challenging. As noted in
Linde et al. (2015), it is common for geological models to include millions
of elements. For an inversion, computational resources are often demand-
ing due to the high number of forward and simulation calls needed. If the
number of parameters is important, classic stochastic approaches such
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as Markov Chain Monte Carlo would will need several thousand to hun-
dreds of thousands iterations (Irving et al. 2010; Linde et al. 2015). To
overcome this important computational cost, serveral approaches have
been considered. Model reduction is a technique that aims to find a lower-
dimensional model that is still representative of the higher dimension.
This can be achieved by working on a higher scale, inverting a parame-
ter that has no physical meaning, but is controlling others. The inversion
can then be performed on these parameters and on larger-scale parame-
ters. There are several recent examples. For example, Wang et al. (2022)
introduced a hierarchical inversion approach, where the method first es-
timates the posterior distribution of global variables, such as hyperpa-
rameters of geostatistical models. Also, Lam et al. (2020) successfully
applied stochastic inversions on variables linked with Gaussian pyramids
to the model. Finally, Hansen et al. (2022) used different approaches to
directly estimate the distribution of the posterior models, greatly reduc-
ing the dimension of the problem. However, in these cases, keeping the
models geologically consistent can be difficult. Another approach is to
implement a sampling-based method. At each iteration, some fraction of
the model is sampled and will be considered fixed, and the rest of the
model is updated. This allows us to generate a model that is a combina-
tion of an ensemble of models, compatible with the prior. This approach
can then be coupled with Markov chain Monte Carlo (MCMC). A good
example of this methodology is the work by Mariethoz et al. (2010) and
their idea of iterative spatial resampling. More recently, Amaya et al.
(2022) proposed a sampling-based method coupled with an innovative
adaptive sequential Monte Carlo, where information is passed through
the parallel Markov chains to improve the convergence of the inversion.
Finally, Khambhammettu et al. (2020) used pilot points to condition
geostatistical realizations. But instead of working on the infinite space
of parameter value, it only considered the spatial position of the condi-
tionning point.

All of these methods succeeded in integrating significant geological
knowledge. However, even with some dimension reduction strategies, the
few thousands of MCMC iterations needed are just too computation-
ally expensive when large-scale models are considered. To address this
issue, Ensemble Smoothers with Multiple Data Assimilation (ES-MDA)
have been developed and have been shown to efficiently solve com-
plex nonlinear inverse problems, surpassing both traditional Ensemble
Smoothers (ES) (Emerick et al. 2013) and Markov Chain Monte-Carlo
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(MCMC) methods (Juda et al. 2022) in terms of finding an optimum
quickly. Originally, this method was introduced to be applied for me-
teorological forecasting models. It uses a Monte Carlo approximation
of the Kalman Filter (Kalman 1960) and estimates the relationships
between state variables and parameters using an ensemble of models.
The covariance matrix is therefore approximated using the experimental
covariance of a finite set of models. ES-MDA and PESTPP-IES (White
2018) are variants of the Ensemble Smoothers algorithm proposed by
Leeuwen et al. (1996). ES-MDA performs iterative ES corrections of the
parameters by assimilating the data from the previous iteration, while
PESTPP-IES optimizes an objective function using a modified form of
the Levenberg-Marquardt algorithm. A comparison study by Lam et al.
(2020) indicated that PESTPP-IES outperforms ES-MDA with small
ensembles (200 in the study), but that ES-MDA improves with larger
ensembles while PESTPP-IES does not. ES-MDA may be more appro-
priate for models with high-dimensional state spaces and large amounts
of data, while PESTPP-IES may be more appropriate for models with
complex parameter spaces and limited data. ES-MDA has been suc-
cessfully implemented in several groundwater studies (Kang et al. 2019;
Lam et al. 2020a; Xu et al. 2022), and will be used in this thesis. It is
important to denote that ES-MDA requires the assumption of a normal
or multi-Gaussian distribution of state variables and parameters. When
this assumption is not met, a normal score transform can be applied to
ensure that marginal distributions are Gaussian (Zhou et al. 2011).

To address the current limitations in hydrogeological modeling and in-
version in Quaternary environments, the PheniX project, funded by the
Swiss National Fund (SNF) was started in 2019, and this thesis was re-
alized in its framework. The project has several partners, both in the
private sector, public authorities, and universities. In the framework of
this particular thesis, we can especially mention the Swiss Geological Sur-
vey (Swisstopo) and the University of Aarhus in Danemark. This large
SNF-funded project aims to create a comprehensive set of tools to assess
uncertainty and integrate data in groundwater modeling, with a focus
on quaternary aquifers, as they are the most significant and frequently
utilized groundwater resources. It focuses on three key methodological
components (see Fig. 1.3): novel random function models, integration
of geological knowledge, and integration of variables by inverse condi-
tioning. In addition to the methodological tasks, it also includes large
data acquisitions to benchmark the newly developed algorithm in a test
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Figure 1.3: PheniX project organisation

site. The project involves two PhD students, Alexis Neven and Ludovic
Schorpp.

This thesis aims to propose new methodologies to combine serveral
datatypes to improve the knowledge of the underground. This thesis is
divided into six chapters, including the present introduction. First, this
thesis will introduce the pilot test site used in this study, The Upper
Aare Valley in Switzerland. A rapid geological and hydrological con-
text will be established in Chapter 2. Then, because geophysical data
was lacking in the area, a large geophysical survey was carried out in
close collaboration with the Hydrogeophysics group of the University
of Aarhus and their new transient electromagnetic ground based in-
strument tTEM (Auken et al. 2019). The results of the acquisition, as
well as the processing and validation of the data, will be presented in
Chapter 3. Chapter 4 presents an approach to predict the probability
of clay from deterministically inverted resistivity models and boreholes
at the scale of the entire valley. This was done by expanding the ex-
isting work of Foged et al. (2014), and implementing it in a stochastic
interpolation framework using Multiple Point Statistics combined with
non-deterministic Training Images. In doing so, we were able to predict
the probability of clay with a robust propagation of uncertainty from the
data to the final model. To improve this approach, where no geological
concepts are involved, we decided to focus the study on the interaction
of data in consistant geological models. Using a hierarchical stochastic
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geological modeling code developed within the PheniX project (Schorpp
et al. 2022), Chapter 5 presents synthetic examples, where geophysical
and hydrological data are intergrated in complex geological models in
controlled synthetic cases. The methodology proved to be reliable on the
controlled case and efficiently reduced the uncertainty on the structures
themselves, but also on the hydrological predictions derived from the
models. Finally, Chapters 6 and 7 present a similar approach applied in
a part of the upper Aare Valley using real field data. Real head mea-
surements and geophysical data acquired in the valley are combined and
produce realistic and complex models that honor the conceptual geology
of the area, the boreholes, and the data, within a stochastic inversion
scheme. This thesis introduces several approaches that could be widely
applied in the future to model complex quaternary deposits, where the
data are abundant.
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2.1 Hydrostratigraphy and context
The Pilot Site, located in central Switzerland, is situated in the Upper
Aare Valley, extending over a section of approximately 20 km from the
city of Thun to Bern (see Fig. 2.1. This region showcases the typical
Quaternary geology of Alpine valleys, with a basement layer typically
a few hundred meters deep and covered by a complex intertwinding of
glacial, fluvial, and fluvioglacial deposits. The Swiss basin has under-
gone multiple cycles of glacial advance and retreat over time, leading to
significant changes in the depositional processes.

The Aare valley belongs to the northern Alpine Molasse Basin, Swiss
Molasse Basin (SMB) in Switzerland, a typical peripheral foreland basin
(Ibele 2011). The landscape of the Swiss Alpine foreland is the result of
multiple glaciations and deglaciations that occurred during the Quater-
nary period over the past 2.6 million years and the study area represents
one of the main valleys through which glaciers reached the lowlands of
Switzerland (Keller 2021; Preusser et al. 2011). The bedrock on which
the quaternary depostits lie in the Aare Valley is the Molasse, which con-
sists mainly of sandstone with subordinate conglomerates. According to
Ibele (2011), fifteen major glacial advances and retreats occurred in the
Swiss Alps during the Quaternary period. At least eight glacial cycles can
be identified in deep boreholes, but a complete description of the lithos-
tratigraphy based solely on borehole descriptions is nearly impossible due
to the possibility of similar deposits of different ages being superimposed
and intertwined. A comprehensive hydrogeological analysis of the valley
was carried out during the late 1970s and early 1980s, as documented by
Kellerhals et al. (1981). Subsequently, additional data has been collected
through various projects in different areas of the valley (Preusser et al.
2004; Schlüchter 1989). Despite these efforts, no updated and compre-
hensive hydrogeological synthesis has been produced and made available
to the public.

More generally, the regional hydrostratigraphy has been described by
Messan (1992), and can be summarized as follows, from top to bottom :

• A surface aquifer composed of the most recent alluvial deposits is
present throughout the valley, with the water table found between
a few dozen centimeters and 2 meters below the surface. The exact
extent and thickness of the upper aquifer are not entirely known,
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but it is estimated to have a thickness ranging from 2 to 20 meters
depending on the area. This aquifer is composed of sandy-gravel
with very good permeability.

• A thick layer of highly variable thickness lacustrine clay constitutes
the bottom of the shallow aquifer. Its average thickness is estimated
to be 50 m, but some seimic lines have suggested that it can reach
125 m. It can be considered as an impermeable layer.

• A second deeper aquifer has been identified in some deep wells,
separated from the shallow one by the lacustrine clay layer. How-
ever, the details of this aquifer remain largely unknown and its
depth, extent, and connectivity with the upper aquifer are yet to
be determined. It is constituted of sandy to silty gravels, and will
be referred to in this thesis as the lower aquifer.

The Aare River flows through the Upper Aare Valley. This 290 km long
stream links the Aare Glaciers to the Rhine River through the city of
Bern, feeding on the way the Brienz lake, the Thun lake and the Biel
Lake. Toward the north of the pilot site, another stream is crossing the
valley. It comes from the parallel Gürbe valley. However, no contribution
to the aquifer was established from this side valley. Both rivers are moni-
tored and historical data are available. In the study area, several hundred
wells are in use either for shallow geothermal exploitation or drinking
water, as well as 5 quarries. With such an extensive use, a 3D model
would be of immense benefit to local authorities. It would not only help
to assess the vulnerability of the upper aquifer, but would also provide
valuable insights into the characteristics of the second deeper aquifer.
This information would be invaluable to ensure sustainable management
of water resources in the Upper Aare Valley and their long-term viability.
Furthermore, the model could be used to identify areas with the highest
potential for geothermal energy generation, providing a critical resource
for the region’s energy needs. In general, a 3D model of the study area
would provide an essential tool for managing and preserving the valuable
water resources in the Upper Aare Valley. This is why this valley was
retained as a test site for the GeoQuat project.
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2.2 Available Data
To create 3D models of the shallow subsurface, uniform data must be ac-
cessible. Due to the widespread use of the shallow underground, a large
amount of information is available on its structure. Drilling operation
records are the most significant data source and show the arrangement
of geological layers at a particular location. Other information sources
include the outcomes of geophysical surveys (seismic, gravimetric, geo-
electric, electromagnetic, etc.) and geological cross sections. The experi-
mental project GeoQuat was carried out from 2014 to 2018 by the Swiss
Geological Survey (Swisstopo). It aimed to establish bases and standards
for the description and management of wells in Quaternary environe-
ments, and propose modeling methodologies. Two main delivrables were
obtained from this project : 1) a database of standardized and described
boreholes that will be used for all the models presented in this thesis,
and 2) a deterministic nearest neighbor unit model, that will be used for
comparison with our methodology.

Figure 2.2 A) shows the quality rating statistics given to the wells present
in the GeoQuat database. As mentioned above, the Quaternary data
available come from different sources and have varying degrees of quality.
For this reason, a grade was given to each borehole during the digital-
ization of the data. The grade comprises of three criteria: the quality of
the geological description of a particular layer, the positionning in space,
and the altitude. The first criterion takes into account the amount of
description given in the lithological logs. Quality 1 or 2 only consists of
a succinct description of the main component, such as "gravel", "sand",
or "clay". Quality 4 or 5 in contrast includes the grain size, quantity of
the different components, and measured parameters (permeability, den-
sity, porosity, ...). There is also significant uncertainty in the location of
wells in the XYZ coordinates. Therefore, the second and third criteria
evaluate the quality of the available information on the XY and Z po-
sitionning. "Very bad data" have a position accuracy in the hectometer
scale (>100m), while "excellent data" have a position accuracy on the
decacentimeter scale (<1m). The Z location is strongly connected to the
precision of the XY coordinates. Using the available XY coordinates, the
Z value of a borehole (surface level) is compared to the SwissALTI3D
digital elevation model (DEM). The quality of the information on the
elevation of Z is then assessed based on the match or mismatch with the
data from the SwissALTI3D DEM. The detailed methodology can be
found in Volken et al. (2016). More than 75% of the wells were graded
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Figure 2.2: Analysis of the borehole depth and quality in the GeoQuat
Aare Valley database

above or equal to 3. This QC grade will be used to estimate the uncer-
tainty on the input data.

Figure 2.2 B) shows the distribution of the vertical depth of the wells
(TVD) in the valley. Due to the shallow depth of the aquifer and since
most of them were conducted for shallow geothermal, water pumping
or geotechnical investigation, only about 10% exceed the depth of 20 m.
This sampling bias as seen in numerous sites and causes an oversampling
of the shallow and porous layers. The lower aquifer is only identified in
a few dozen wells.

In addition to the borehole measurements, hundreds of head measure-
ments were conducted in the valley by Kellerhals et al. (1981). This
campaign was financed by the Swiss authorities for the realization of the
regional hydrogeological map. The data were acquired in 1976. A study
was carried out within the PheniX project to show that the measures
were still representative of the current conditions (Vallat 2022). Using
automated measurement stations from the Bern state (see Fig. 2.3), they
first analyzed that the time series of hydraulic heads do not appear to
show large variations. By interpolating the values with the positions of
the 1976 measurements, they concluded that there has not been a sig-
nificant change or global trend in terms of groundwater levels in the
upper Aar valley compared to the piezometry conducted by Kellerhals
et al. (1981). The hydraulic heads are almost identical. This indicates
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Figure 2.3: Time series of hydraulic heads of the Aare valley stations
from 1976 to 2022. Modified from Vallat (2022).

that the variation in hydraulic load has remained relatively stable over
the past 40 years. However, they indicate that the upstream section of
the aquifer experiences more significant variations in hydraulic load com-
pared to the downstream area. One possible explanation for this is that
the installation of numerous drains in the downstream area can miti-
gate fluctuations in the water level at that location, or can be caused by
changes in terms of river connectivity with the groundwater system. The
complete statistical analysis is available in Vallat (2022).

Finally, table 2.1 summarizes the available data and their availability.

2.3 Conclusion
As showed in this chapter, the upper Aare Valley is an extensively sam-
pled quaternary valley. Its upper aquifer is an important ressource for
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Table 2.1:

Type Data Availability

Boreholes Boreholes described lithologically
in USCS, with indication of Qual-
ity. Presence of stratigraphy in
part of them.

Upon request to Swis-
stopo Source: Volken et
al. (2016)

Boreholes Boreholes description available as
PDF format. Some information
such as Quaternary thickness or
aquifer depth is encoded.

Available on Canton
Bern Geoportal Source:
Canton Bern

tTEM Raw Soundings and inverted re-
sistivity models.

Available Source: Neven
et al. (2021)

Heads Regional piezometric measure-
ments and River measurements.

Available Source:
Kellerhals et al. (1981)

the region. Due to the abundance of data present, it make this area an
ideal place to test and benchmark data integration workflow. However,
so far no wide geophysical coverage has been available. For this reason,
in the framework of this thesis, a large Towed Time-Domain EM was
conducted in the valley. The details of the acquisition and the results are
presented in the next chapter.
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Abstract

Quaternary deposits are some of the most complex geology to model,
despite the fact that they are some of the most abundant and extensively
used ones. In order to improve the knowledge about spatial variations
of such deposits, we acquired a large (1500 hectares) and dense (20m
spacing) Time Domain ElectroMagnetic (TDEM) dataset in the upper
Aare Valley, Switzerland. TDEM is a fast and reliable method to measure
the magnetic field directly related to the resistivity of the underground.
In this paper, we present the inverted resistivity models derived from
this acquisition. The depth of investigation ranges between 40 to 120m
depth, with an average data residual contained in the standard deviation
of the data. Possible reuse of these data is generation of quaternary
geological and hydrological models. In addition, It is an ideal dataset for
data integration algorithm development due to the abundance of various
data freely available on the same zone, such as described boreholes, other
geophysical methods and water table monitoring stations.

3.1 Background & Summary
In most urbanized and agricultural areas of Switzerland, the shallow un-
derground is constituted of Quaternary deposits. The thickness can vary
from few meters to hundreds of meters. These recent sediments are de-
posited by various agents such as river, lake, glaciers or even landslides.
Each time, the associated sediment will have a different composition,
permeability, and spatial extents. Furthermore, they might be all inter-
twined (a lake deposit can be partially eroded by a glacier, and refilled
with river sediments). This leads to a spatial variability that is often
higher than expected in such deposits.

In Switzerland, these formations cover almost 30% of the country, and
includes all the most populated areas. In addition, these formations
are some of the most solicited : water supply for cities, extraction of
construction materials, geotechnical constructions and shallow geother-
mal exploitation. Often, the construction of geological models using only
boreholes can miss most of the spatial heterogeneity, and conduct to in-
adequate models and wrong conclusions. Increasing the number of bore-
holes to reduce the uncertainty is often difficult and expensive. A good
example of these highly exploited Quaternary zones is the upper Aare
Valley in Switzerland. In the 20 km by 3 km rectangle defined by the
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valley side limits, the city of Thun and the city of Bern, the Aare Valley
includes 4 quarries, several hundreds of pumping (Shallow geothermic
or drinkable water) and injection wells (re-inject water after geother-
mal heat pump). A previous valley size model was designed using only
boreholes and surface data (Volken et al. 2016), but the model does not
represent all the internal heterogeneities of the Quaternary formations
and can show unrealistic sharp variations due to the nearest neighbors
interpolation method used during the workflow. Therefore, there is a
need for a better understanding of Quaternary sedimentary heterogene-
ity, in order to better constrain geological models, knowledge that could
be applied in the Aare valley or for any fluvio-glacial filling area.

Near-surface geophysics such as DC resistivity, electromagnetic or seis-
mic can bring important information in terms of the spatial distribution
of facies. However, they are usually carried out in restricted areas to
answer specific local questions, and do not help to understand the vari-
ations of geology at the valley scale. Consequently with such datasets,
it is difficult to develop general modeling methods that can be applied
to fluvio-glacial deposits, or even to come up with simple conceptual
models for large scale filling. In order to fill this gap of information,
and provide a valley scale fluvio-glacial resistivity map, we conducted in
January 2020 a large geophysical survey using tTEM (towed Transient
Electromagnetic) system (Auken et al. 2019) in the upper Aare Valley,
Switzerland. The tTEM-system provide a both vertically and horizon-
tally, very detailed resistivity model. The dataset covers a section of
the valley of approximately 1-2 km width and 16 km long. The fields
were mapped with a line spacing of 20 meters, resulting in about 1500
hectares of covered land (see fig. 3.3). The raw tTEM data were pro-
cessed to suppress and removed noisy data parts, and then inverted to a
resistivity model using specially constrained inversion algorithm (Viez-
zoli et al. 2008). The resulting resistivity model consists of 57000 1D
models of 30 layers. The depth of investigation varies, from 40 to 120
meters depth, primary driven by lithological/resistivity variations. The
obtain resistivity model explain (fits) the recorded data well within the
estimated data uncertainty. The resistivity model reveals new and very
interesting geophysical/geological structures of the subsurface in a fine
detain.

In addition, the Upper Aare Valley has been extensively studied and a
consequent amount of data are freely distributed by the Swiss authorities
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: A few thousand of logged boreholes, 46 station of present or historic
groundwater level measurements, a complete bedrock elevation model
and Quaternary deposits thickness, as well as a complete hydrological
and geological map. All these data cover the same site, and in combina-
tion with the geophysical data presented in this paper, it forms an ideal
test site for multiple data integration. Especially, we consider this site
ideal for benchmarking new methods that integrates hydrological and
geophysical data, or more generally that may link porosity, permeability
or lithology with resistivity. Improvement in such methods may strongly
improve hydrogeological modeling in such environments, subject to high
local facies variations.

3.2 Methods

The tTEM-system

The tTEM-system used for the data acquisition is developed by the
HGG-group at Aarhus University, Denmark (Auken et al. 2019). The
tTEM-system is a towed, ground-based, transient electromagnetic sys-
tem, designed for high efficient data collection and detailed 3D-mapping
of the shallow subsurface (the upper 80 m). TEM-methods build on
the principle of induction (Faraday’s law of induction) for mapping the
electrical conductivity (conductivity=1/resistivity) of the subsurface. A
detailed description of the TEM principle can be found in Christiansen
et al. (2009). The layout of the tTEM system is shown in Figure 3.1.

The tTEM-system consists of an ATV carrying the instrumentation and
towing the transmitter frame (Tx coil) and the receiver coil (Rx coil) in
an offset configuration. The Tx and Rx coils are mounted on sleds for all
terrain capability. All frame parts and sleds are built of non-conductive
composite materials. Driving path and various data quality control pa-
rameters are monitored in real time by the driver on a mounted screen.
Operation speed is up to 20 km/h. We used an off-set configuration,
where the receiver coil is 7 meters behind the transmitter coil. Both
of them are horizontal, allowing us to measure the z component of the
secondary magnetic field. A GPS in mounted on the frame to ensure
correct positioning of the data. The transmitter loop consists of one loop
of 4x2 m, creating an area of 8 m2. We used a standard dual moment
TEM configuration: a high moment (HM) with a high inductive cur-
rent of 30 A and a low moment with a lower inductive current of 5 A.
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Figure 3.1: The tTEM system.

Parameters LM HM
No. of turns 1
Tx Coil area 8 m2

Transmitter Current 5 A 30 A
Peak moment 30 Am2 240 Am2

Repetition Frequency 1055 Hz 315 Hz
Stacks 422 252
Total cyclus time 0.22 s 0.40 s
Tx time 0.2 ms 0.45 ms
Turn off Time 2.8 µ s 4.5 µ s
Number of gates 4 23
Gate Size 4 µ s - 10 µ s 10 µ s - 900 µ s
First gate start 4.38 µ s 10.30 µ s

Table 3.1: Specifications of the High and Low moment used in the acqui-
sition. The gate size increases with time in order to counterbalance less
good signal to noise ratio due to the wave attenuation.

Such configuration has the advantage of being able to resolve shallow
targets with the low moment and its associated fast turn off time, and
to reach higher penetration depth with the high moment. Both moments
are stacked few hundreds times. Detailed parameters are summarized
in the table 3.1. The gate is the time interval in which we will average
the received amplitude. Due to the signal attenuation, further we get
in the listening time, lower is the signal to noise ratio. In order to par-
tially counterbalance this effect, we used a logarithmic increasing gate
size related to listening time.

To ensure the quality of the data, prior to the survey the tTEM-
instrumentation were calibrated at the Danish national TEM test site
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Figure 3.2: Calibration of the High and Low moment. The resulting time
shift and scale factor are respectively -0.75 µs and 0.99 for the LM, and
- 0.85 µs and 1.015 for the HM.

following the calibration procedure described by Foged et al. (2013). The
two parameters calibrated are a time shift and an amplitude factor. The
calibration was done with the ATV connected to the equipment, in order
to account for any shift caused by it. Figure 3.2 shows the match between
the test site reference response and the measured tTEM-response after
calibration, which results in a fully acceptable match.

Field Site

The field site is the Upper Aare Valley, in central Switzerland (see figure
3.3). The survey took place in January 2020. During approximately 15
working days, we covered all the accessible farming fields in the valley
along a 26 km long section. The driving speed was between 10 to 20
km/h, depending of the terrain. Since the acquisition rate is time de-
pendant, and not distance triggered, we also lowered the speed in noiser
or less responsive areas in order to acquire a denser dataset. The spac-
ing between the lines was approximately 20 meters. The average covered
surface par day was 112 hectares, for a total of 1425 hectares.

Data Processing

The voltage data from the receiver is measured continuously, and need to
be cleaned of man-made noise and coupling. Data processing and inver-
sion were carried out with the tTEM processing module in the Aarhus
Workbench software. The objective of the processing of the tTEM-data
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Figure 3.3: Acquired lines during the January 2020 field session. Coordi-
nates are in UTM 32N.

is to remove any interference in the data from man-made installation
(coupled data), suppress random noise by staking, and finally discard
the noisy late time data entering the background noise. Thus, we ensure
that the resulting resistivity model represents geological structures of
the subsurface without artifact from man-made installation. Processing
of the dB/dt data comprises of the following steps:

• Automatic filtering of raw data for removal of coupled data.
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• Averaging of raw data to suppress random noise. Raw data are
averaged using a moving average filter with narrow time windows
in early times and wider in the late times.

• Following the averaging of raw data, sounding is created every 2.5
s which creates sounding spacing every 10 m distance along lines
approximately, however, it may vary depending on driving speed.

• Automatic filtering of the averaged data for removal of late-time
data points entering the background noise.

• Visual assessment of all dB/dt data and manual removal of coupled
data not detected by the automatic filtering.

• Evaluation and adjustment of the data processing based on pre-
liminary inversion results.

Furthermore, GPS data are lag-corrected to geographically position data
models at center between transmitter and receiver coils. The uncertainty
of the data consists of 3% of uniform data STD plus the STD calculated
from the data stacking. Averaged data resulting with STD over 30% are
discarded from inversion.

Inversion

The electrical resistivities of the underground are then estimated using a
series of 3D constrained 1D-inversions. The 1D inversion is based on the
AarhusInv code (Auken et al. 2015; Kirkegaard et al. 2015). This code
is a implementation of a 1D non-linear damped least-squares solution,
with a modeled transfer function for the TEM instrumentation. This
function takes into account the transmitter waveform, the instrument
low pass filters, the receiver bandwidth, the system geometry, the gate
widths and the instrument front gate. However, in such an standalone
1D inversion, each model is totally independent of the neighboring ones
unlike geology. To improve that the spatially constrained inversion (SCI)
(Viezzoli et al. 2008) method was used in our inversions. It applies 3D
constraints to 1D inversion models both along and across the mapping
lines, with a weight that is decreasing with distance. All the inversions
were carried out with the Aarhus Workbench software.
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Table 3.2: Settings used for the model setup, the smooth and the sharp
regularization.

Item Parameter Value
Model Setup Number of layers 30

Model resistivity start value
(uniform - no prior) 40 ohmm

Thickness of first layer (m) 1 m
Depth to last layer (m) 120 m depth

Thickness of layers Log increasing with
depth

Smooth
Constraints

Factor of horizontal
contrains on resistivites 1.5

Factor of vertical contrains
on resistivites 2.0

Reference distance 10 m
SCI Constraints with
distance 1/distance0.75

Prior, thickness Fixed
Prior, resistivities None
Minimum number of gates
per inversion point 2

Sharp
Constrains

Factor of horizontal
contrains on resistivites 1.12

Factor of vertical contrains
on resistivites 1.08

Reference distance 10 m
SCI Constraints with
distance 1/distance0.75

Prior, thickness Fixed
Prior, resistivities None
Minimum number of gates
per inversion point 2

Sharp vertical constrains 500
Sharp horizontal constrains 300

The SCI inversion can be used with two different regularizations : smooth
or sharp. The smooth scheme tends to minimize abrupt changes in re-
sistivity, in the vertical and horizontal directions. On the other hand,
the sharp regularization scheme tends to minimize the number of resis-
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tivity changes, but will consequently result in more abrupt resistivity
transitions and a potential more blocky model appearance. Both regu-
larizations were used, and are included in the output data.

For each resistivity model, we estimate the depth of investigation (DOI)
using a method based on the Jacobian Sensitivity matrix (Christiansen
et al. 2009a). This method has the advantage of taking into account
the full transfer function, including system geometry, data uncertainty
and the resistivity model. Two DOI thresholds values in the sensitivity
matrix were used to provide the reported DOI-standard, and the DOI-
conservative values. As a guideline, the resistivity structures above the
DOI conservative value are strongly data driven, while resistivity struc-
tures below the DOI standard value are weekly represented in the data.
Normally one would blank the resistivity models below DOI standard
value.

Inversion setup for the smooth and sharp inversions are summarized in
the table 3.2.

3.3 Data Records
Processed data, the resistivity models and the associated forward re-
sponses from the smooth and sharp inversions are provided in column
based ASCII files. Each file structure is outlined in the following sections.

Processed data file

The Processed_Data.dat file contains the processed tTEM data and data
uncertainties. Each line in file corresponds to a LM or HM data stack for
a given location. The RECORD number links the LM and HM data to a
given resistivity model in the *.inv files. Number 9999 marks discarded
data points or data points not present for the given moment. If all the
data points of LM or HM are discarded then the data line is not present
in the file. Gate center time and other info is stated in the header lines.
The data uncertainty is given as relative in log space. The upper and
lower bounds of the data are then defined as:

uncdown =
DATA

1 +DATASTD
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Figure 3.4: Mean Resistivity maps at different depth intervals from the
smooth regularization model. In addition, a cross section is included.
Base map from Swiss Federal Topographic Office

uncup = DATA ∗ (1 +DATASTD)

with uncdown# and uncup# being the absolute lower and upper un-
certainties, DATA# the processed z-component dB/dt data value and
DATASTD# the relative uncertainty. The structure is outlined in the
table A.1.
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Inversion Model File

The Sharp_Model.inv and Smooth_Model.inv files file contains the re-
sistivity models (layer resistivity and layer thicknesses). Each line hold a
30-layer resistivity model. The RECORD links the model to the data in
the process data and forward data files. The file also contains the DOI,
and the data fit. Note that last layer (layer 30) does not have a thick-
ness since in continues to infinity depth in the modeling. Normally the
DOI standard values are used to blank the models in depths. Detail file
structure is provided in table A.2.

Synthetic response file

The Forward_Data_Sharp.dat and Forward_Data_Smooth.dat files
contains the forward responses of the sharp and smooth resistivity
models. The structure of the forward data files is the same as the
Processed_Data.dat file except that the forward responses does not
have associated data uncertainties. Detailed file structure is provided in
table A.3.

3.4 Technical Validation
The quality of inversion is assessed by a quality control parameter called
data misfit. We compare the forward geophysical response of our final
resistivity model, with the field data, normalized by the square of the
standard deviation of our data. The indicator is defined by the following
equation 3.1.

DataMisfit =

√√√√ 1

N

N∑
i=1

(dobs,i − dfrw,i)2

σ2
d,i

(3.1)

where dobs is the observed data, dfwr is the forward data, σd is the
uncertainty of the observed data and N is the total number of data point.
A data residual below 1 indicates that our final model response is within
one standard deviation of the data, when a value above 1 indicates a
response out of one standard deviation. Figure 3.5b show, a single data
curve (error bars) and the forward response (line) from the resistivity
model in figure 3.5a. The associated data-misfit for this model is 0.27.
The data misfit for the all smooth inversion model is plotted in Figure
3.6. As seen in figure 3.6, the data fit is in general well below one and
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fully acceptable. 95% of the data is withing 1 standard deviation, with
a global misfit average of 0.65 and 0.52 for respectively the sharp and
smooth model.
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Figure 3.5: Exemple of one 1D smooth model at a location. Number
20350 at position 384744.1875/5196856 UTM 32 N. a) Smooth resistivity
model b) its associated forward response in black line, with the LM &
HM data point with red & blue errorbars. The normalized datafit (see
text) for this model/data curve is 0.27.

A manual inspection of the high data misfit models revealed that they are
all associated to highly resistive models, and/or are close to man made
electromagnetic noise such as roads, fences, or train tracks. A good ex-
ample is the extreme south of the acquisition, that is one of the most re-
sistive areas. This situation logically leads to a lower signal to noise ratio,
and due to the spatial constraints of the inversion, it will consequently
leads to an higher data misfit. However, they are usually restricted to
only a few local data-points, and the models are similar to neighbouring
ones that has acceptable misfit. We therefore decided to keep them in
the dataset.

Finally, users of the data should be aware that the footprint of the equip-
ment is at least 9m at the surface (size of the equipment) and is increasing
with depth and wave diffusion. Consequently, a sharp vertical transition
in the geology for example, will tend to appear oblique in the resistivity
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data due to this effect. The resistivity models proposed here are only one
of the realisation, yet the one that fits the best our data.

Additional information
Data availability Since the file data format is a standard ASCII file,
it can be open with any program supporting xzy format. The data can
be downloaded at the following url: http://dx.doi.org/10.5281/
ZENODO.4269887. Accession codes All the data importation, process-
ing and SCI inversions were done using Aarhus Workbench commercial
software developed by Aarhusgeosoftware. The 1D inversion code used is
AarhusInv developped by the Aarhus University Hydrogeophysics group
(Auken et al. 2015; Kirkegaard et al. 2015). The AarhusInv code is free
to use for research purpose.
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Figure 3.6: Data Misfit over the acquisition area. Base map from Swiss
Federal Topographic Office.





Chapter 4

Automatic stochastic 3D clay 
fraction model from tTEM
survey and borehole data2

2This chapter was published as : Alexis Neven, Anders Vest Christiansen, and 
Philippe Renard (Oct. 2022a). “Automatic stochastic 3D clay fraction model from 
tTEM sur-vey and borehole data”. In: Scientific Reports 12.1. 

51



52 Chapter 4: Stochastic 3D clay fraction

Abstract

In most urbanized and agricultural areas of central Europe, the shallow
underground is constituted of Quaternary deposits which are often the
most extensively used layers (water pumping, shallow geothermic, ma-
terial excavation). All these deposits are often complexly intertwined,
leading to high spatial variability and high complexity. Geophysical data
can be a fast and reliable source of information about the underground.
Still, the integration of these data can be time-consuming, it lacks real-
istic interpolation in a full 3D space, and the final uncertainty is often
not represented. In this study, we propose a new methodology to com-
bine boreholes and geophysical data with uncertainty in an automatic
framework. A spatially varying translator function that predicts the clay
fraction from resistivity is inverted using boreholes description as con-
trol points. It is combined with a 3D stochastic interpolation framework
based on a Multiple Points Statistics algorithm and Gaussian Random
Function. This novel workflow allows incorporating robustly the data and
their uncertainty and requires less user intervention than the already ex-
isting workflows. The methodology is illustrated for ground-based towed
transient electromagnetic data (tTEM) and borehole data from the up-
per Aare valley, Switzerland. In this location, a 3D realistic high spatial
resolution model of clay fraction was obtained over the whole valley. The
very dense data set allowed to demonstrate the quality of the predicted
values and their corresponding uncertainties using cross-validation.

4.1 Introduction
Shallow alluvial Quaternary aquifers are frequently used for water supply
or shallow geothermal energy exploitation. In this context, a wide range
of associated questions often needs to be addressed, such as evaluating
groundwater resources, studying contaminant migration, evaluating in-
teractions with surface water, or avoiding an overlap of influence zones
between neighboring geothermal wells. All of these questions can only
be properly answered after modeling the structure and internal hetero-
geneities of those aquifers.

These models are often constructed in several steps (Pyrcz et al. 2014;
Ringrose et al. 2015). For small-scale models, the use of boreholes as
the only source of data is common. However, such an approach is often
blind to most of the spatial heterogeneity and thereby may lead to in-
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adequate models and wrong conclusions. Boreholes are only one source
of information to infer the local and vertical distribution of the facies.
They are often of limited help to estimate complex 3D structures. When
the area of interest is wide, increasing the number of boreholes to reduce
the uncertainty to an acceptable level is often difficult, time-consuming,
and expensive. A solution is to combine less expensive geophysical data
and borehole data. Geophysical data are often interpreted and combined
manually into a structural model, which is then filled with lithological or
facies simulations and finally with physical properties. Such a workflow
has proven to be efficient in generating geological models from aerial elec-
tromagnetic or seismic data for example (Jørgensen et al. 2015, 2013).
But these modeling steps are complex and often need different software.
Furthermore, even if some stochastic methods are often used (Jørgensen
et al. 2015; Wellmann et al. 2017), the uncertainties are not always prop-
agated through the complete workflow. Often some steps are considered
deterministic and the resulting geological model is the one that fits most
of the comprehensive knowledge available (Henriksen et al. 2003; Kollet
et al. 2006; Lemieux et al. 2008; Sophocleous et al. 1999). Finally, when
working with a large dataset, the manual construction of the structural
model using both boreholes and geophysical data can be time-consuming.
Therefore, there is a need for an automatic approach that would be able
to integrate multiple data types and produce structural or parametric
models. For example, the fast generation of 3D clay models with an au-
tomatic algorithm could be of great benefit to local authorities who often
do not have the capacity to run manual integration of the data.

However, in most cases, the main data available along boreholes are
lithological descriptions and not resistivity or density values. But these
physical parameters are the ones infusing the geophysical data. Linking
directly resistivities and lithologies is difficult due to the wide variety of
factors affecting resistivity (Linde et al. 2006), and the often incomplete
description of the lithological facies. The most fundamental relationship
is Archie’s Law (Archie 1942), linking resistivity to saturation, water con-
ductivity, tortuosity, and porosity. This empirical relationship is based
on the assumption that the matrix is non-conductive, an assumption
not valid as soon as we have the presence of clay minerals conducting
current at their surface. This pore-surface conductivity will depend on
the surface area, grain size, clay type, and clay content. Estimation of
all these parameters that can have a high spatial variability is tricky. A
recent review (Knight et al. 2021) points out scale issues as well. Most



54 Chapter 4: Stochastic 3D clay fraction

of the laboratory empiric laws are measured at a core scale, where the
sample is in the range of a dozen of cubic centimeters. And, the upscal-
ing of such laws to the field scale is not straightforward. Finally, most
of the lithological descriptions associated with boreholes are qualitative
and not quantitative (Knight et al. 2021). Also, it is way too simplis-
tic to apply a function that would link the lithological description to a
single resistivity. Each lithological description can be associated with a
wide range of resistivity with some overlap between different lithologies
(Knight et al. 2018).

An answer to that issue is to define the probability of having a given
lithological facies conditioned on the resistivity value. These probability
distributions can be estimated from a sampling of boreholes and coincid-
ing resistivity models (Knight et al. 2018). However, such an approach
does not take into account the spatial distribution of the boreholes and
ignores the possible spatial dependence between the type of sediment
and its resistivity. The Probability Distribution Function (PDF) is cal-
culated from boreholes and resistivity models all over the domain. If
a given lithological facies is always more resistive in a subarea of the
domain, the PDF calculated over the whole domain will not reflect this.

To solve that issue, instead of trying to estimate a single PDF, Foged et
al. (2014) proposed a method based on the inversion of a spatially varying
translator function between resistivity and CF. The function gives the
best fit between the observed CF in boreholes and the CF computed from
the resistivity models. This method has the advantage of not relying on
any prior parameter estimation and is only inferred from observed data.
It also has the advantage of transforming the lithological description to
a continuous variable making the upscaling possible, while taking the
co-location of the function into account. However, even if this method
can estimate the CF at the position where geophysical resistivity models
exist, it still needs to be interpolated to obtain a full 3D continuous
model.

To this extent, after predicting the CF, Vilhelmsen et al. (2019) used a
geostatistical approach. Various geostatistical methods exist (Chilès et
al. 2009; De Marsily et al. 2005; Matheron 1963) and are capable of inter-
polating data and producing realistic models and simulations. Their use
is widespread in disciplines such as risk assessment, resources manage-
ment, mining, petroleum engineering, or geological modeling. Multiple
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Point Statistics (Mariethoz et al. 2014; Strebelle 2002) (MPS) is one of
these geostatistical techniques. It is a non-parametric method that relies
on the use of a Training Image (TI) to infer the spatial variability of one
or multiple variables. MPS has proven to be capable of generating real-
istic complex spatial variability in a broad of situations (Carvalho et al.
2017; Dall’Alba et al. 2020; Neven et al. 2021a; Pirot et al. 2014; Strebelle
et al. 2002). Vilhelmsen et al. (2019) clustered the CF in units and used
it as TI in an MPS procedure. To increase variability in the simulation,
they only considered the Hard Data as being the zones where the cluster
is the most certain, mainly at really low and high resistivity. The other
areas are only constrained by soft data. This allows one to reflect one
type of uncertainty on the CF data and to show variations in uncertain
model zones. But this method requires choosing the discrete threshold
value at which the belonging to a cluster becomes certain. In addition,
it does not allow the propagation of uncertainty from the data. The un-
certainty on resistivity or on CF is lost after the clustering. Therefore, a
value that would be close to the cluster limits but associated with a large
uncertainty will be considered as certain as a value that would enter a
cluster beyond any doubt. Moreover, due to the shape of the translator
function, small changes in resistivity value in the transition zone between
clay and non-clay can have huge impacts on the estimated CF. Finally,
since the uncertainty of the data is used as normalization in the objective
function of the CF inversion, we argue that it should also be considered
when applying the function and interpolating the results. This shows
the limitation of using a deterministic TI when the uncertainty should
be taken into account.

In this paper, we propose an extended workflow to automatically gen-
erate a 3D clay fraction model, with a robust uncertainty propagation
from the data to the final model. The paper is structured as follows.
We first present the three main steps of the methodology: the CF de-
terministic inversion, the stochastic interpolation framework, and finally
the cross-validation implementation. Then, we present the application
of the methodology for a ground-based towed Transient Electromagnetic
(tTEM) geophysical dataset (Neven et al. 2021b) acquired in the upper
Aare valley, Switzerland.
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Figure 4.1: Overview of the mains steps of the proposed methodology.
The shaded area highlights the stochastic part of the workflow.

4.2 The automated workflow
The proposed methodology allows generating automatically a 3D CF
model of a complete Quaternary valley. A key aspect of this approach is
to rely on the data itself to infer most of the parameters automatically.
The following sub-sections of this paper will describe in detail all the
steps. But first, a quick overview of the complete workflow is presented
in Fig. 4.1.

The inputs are, on the one hand, a dense data set of resistivity logs
obtained by inverting the geophysical measurements (here tTEM data)
and, on the other hand, a much sparser data set of geological logs which
can be used to estimate the reference CF along the boreholes. To produce
a 3D CF model over the whole domain, we first invert a CF Translator
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Function (Step 1 in Fig. 4.1) using the method of Foged et al. (2014) and
both data sets. The translator function is then used for estimating the
CF from the resistivity for all the available geophysical soundings (in-
cluding locations where no borehole data is available). The main novelty
of the proposed workflow is the methodology employed to interpolate the
resulting CF values in 3D (Step 2 in Fig. 4.1). As compared to previous
works, there are two major improvements. One is to avoid having to clas-
sify the data; the CF values are used directly. The second, and maybe
most important, is that we consider the various sources of uncertainties
and propagate them in the complete workflow. For this, the interpola-
tion is done with a Multiple Point Statistics algorithm, using the CF
data themselves in 3D as a Training Image (TI). The dense geophysical
coverage permits using directly the data without having to add external
information. To account for uncertainties in both the boreholes and the
tTEM data, we use Gaussian Random Functions to simulate error maps,
that are included in the conditioning data and TI images prior to the
MPS simulations. Finally (Step 3 in Fig. 4.1), a cross-validation is per-
formed to check the quality of the results. A part of the conditioning data
are not used during the interpolation and compared with the results. We
then assess how the method performs both in terms of predicted value
and predicted uncertainty.

Clay fraction estimation

This part of our methodology (Step 1 in Fig. 4.1) follows closely the work
of Christiansen et al. (2014) extended by Foged et al. (2014). We apply
their idea of inverting a function that fills the gap between resistivity
and CF. Since the method has been described in detail in these previous
publications, only a brief summary is presented here. This approach was
first developed to assess nitrate contamination risk (Christiansen et al.
2014) and called Accumulated Clay Thickness (ACT). Later, an exten-
sion was proposed to estimate the CF with the same methodology (Foged
et al. 2014). The main assumption is that the major changes in resistiv-
ity in saturated and unconsolidated deposits are caused by variations in
the amount of clay. With this in mind, a translator function linking the
resistivity and the CF can be constructed.

Although, a few challenges need to be discussed. First, the resistivity
models derived from the geophysical data are always a smoothed version
of the reality, because of the footprint of the instrument, the resolution
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capability, and the inversion procedures. Second, the composition of the
clay sediment itself can change and cause different resistivity values in
different places with similar lithological descriptions. This implies that a
translator function based using only resistivity as an input cannot rep-
resent properly the link between resistivity and hydraulic conductivity.

Foged et al. (2014) therefore proposed a procedure based on the inversion
of two parameters of a translator function that predicts a CF from a
resistivity value and allows these parameters to vary in space. In other
words, two identical resistivity values that are far from each other will
not necessarily correspond to the same CF value. The basic input data,
in this procedure, are boreholes geological logs as illustrated in Fig 4.2b
and geophysical resistivity profiles at the same locations such as the one
shown as a red curve in Fig. 4.2d. The two data sets have been acquired
using independent methods and are co-located.

Based on the geological description, the clay fraction CFlog along the
borehole is estimated by dividing the geological log into regular depth
intervals and by computing the proportion of lithological clay for each
interval. Because the geological description is often qualitative, the re-
sulting CF is uncertain and the result is a mean value and range of CFs
for each interval. This result is illustrated as gray boxes in Fig. 4.2c.

The next step is to define a parametrized translator function:

W (ρ) = 0.5 · erfc
[
erfc−1(0.05) · 2ρ−mup −mlow

mup −mlow

]
(4.1)

where erfc is the complementary error function, ρ is the resistivity, and
mup and mlow are the resistivity values at which the function returns a
weight of 0.975 and 0.025 respectively. The parameters mup and mlow are
identified during the inversion and they can be thought of as the resis-
tivity limits for only clay / only sand. Fig. 4.2a illustrates the inversion
of mup and mlow for one data point. Before the inversion, the predicted
CFrho is in disagreement with the observed amount of clay CFlog de-
scribed in the collocated borehole, resulting in a misfit. The inversion
will adjust mup and mlow to reduce the misfit.

The previous example shows the principle for one single data point, but
the problem is correlated in 3D and aims at minimizing a global misfit.
Two neighboring translator functions cannot have drastically different
parameters. Fig. 4.2d shows for example how the translator function will
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vary with depth for one single borehole. The function is outlined for four
different depths in Fig. 4.2d, but is defined for all layers.

To obtain this type of result, the inversion procedure follows the following
steps. First, the global data residual is defined as the average squared
error between the predicted CF (CF rho) and the measured CF in the
boreholes (CF log):

Rdat =
1

N
·

N∑
i=1

(CF rho
i − CF log

i )2

σ2
i

(4.2)

The data residual is normalized by σ2 the combined variance of CF rho

and CF log, and N the number of conditioning data. Regularization pa-
rameters are then added to ensure that neighboring points do not show
sharp and unrealistic variations. The regularization will limit the spatial
variation of mup and mlow. The regularization is expressed as:

Rcon =

√√√√ 1

Ncon
·
Ncon∑
i=1

A2
i

ln(ei)2
(4.3)

where Ncon is the number of pairs of parameters, A is the difference in
log space between the two pairs of parameters investigated, and ei is a
distance-dependent factor. The further away two points are, the larger
can their difference be. Finally, the complete objective function is:

Q =

√
N ·Rdat +Ncon ·Rcon

N +Ncon
(4.4)

The optimal parameters (mup and mlow) are obtained by minimizing Q
using an iterative Gauss-Newton scheme with a Marquardt modification
(Christiansen et al. 2014). The fit between the predicted CFrho and CFlog

is not perfect, since the translator function parameters are affected not
only by the co-located data (borehole-resistivity models) but also by all
the neighboring ones (via the regularization). The inversion looks for a
global minimum.

In the example shown in 4.2, we can denote how the translator func-
tion adapts to identify structures that are not well represented in the
resistivity model, such as the shallow clay layer.
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At the end of the clay fraction estimation step, each resistivity log is asso-
ciated with an estimated CFrho log, obtained by applying the translator
fonction with the optimal parameters mup and mlow.

The final step is to propagate the uncertainty from the resistivity values
to the CF. Indeed the resistivities were obtained by a geophysical inver-
sion which is capable of estimating the uncertainty on the resistivities.
The translator functions can then be applied not only to the resistivity
data but also to their uncertainties, resulting in a CFrho at the tTEM
acquisition points with uncertainty. For the next simulation step, the
CFlog will be used as conditioning data for the cells in which we have
borehole information. CFrho will be used elsewhere.

3D stochastic interpolation

To generate a full 3D model of CF and resistivity, the values obtained
in the previous step need to be interpolated to cover the space where no
geophysical or borehole data has been acquired. This part of the work-
flow corresponds to Step 2 in Fig. 4.1 and is the main novel part of the
proposed workflow. We use the Direct Sampling MPS method (Mari-
ethoz et al. 2010a) in this process. The main advantage of using an MPS
approach is that it can learn automatically the spatial patterns of the
regional structures from the very dense data set constructed in the previ-
ous step and use it to represent the spatial variability and uncertainty in
the interpolated areas. However, the standard application of MPS tech-
niques assume that the TI and the Hard Data (HD) are deterministic.
Here, we propose a method to go a step further and account for uncer-
tainty in these input data. We therefore include non-deterministic Hard
Data (HD) and Training Images (TI) in the MPS algorithm. The overall
method, as shown in Step 2 in Fig. 4.1, will consist in applying the MPS
algorithm many times with different TI and different HD to generate an
ensemble of interpolated 3D models of CF. From this ensemble of simu-
lations, we will derive probability distributions for the CF and resistivity
at any location in the 3D domain.

Direct sampling algorithm

The general principle of MPS algorithms is to fill a simulation grid iter-
atively while reproducing the patterns of the TI. The Direct Sampling
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algorithm (Mariethoz et al. 2010a) is a versatile MPS algorithm based
on a randomized and conditional re-sampling of the TI. In this chap-
ter, we use the Deesse implementation (Straubhaar 2019) of the Direct
Sampling. To generate one simulation, the 3D grid is first filled with
the Hard Data available. The algorithm then randomly visits all the re-
maining locations in the grid. For simulating a value at a given location,
the n closest HD and already simulated values are extracted to define a
data pattern. The data pattern is then used to search for locations hav-
ing similar patterns in the TI. During that search, the distance between
the data pattern and the patterns found in the TI is computed. If the
distance is below a threshold value (t), then the two patterns are consid-
ered similar and the pixel value at the missing location is taken from the
TI and copied in the simulation grid. To accelerate the algorithm and
avoid copying and pasting directly the TI, only a fraction (f) of the TI
is scanned. The three parameters n, t, and f are chosen in advance by
the user. Meerschman et al. (2013) offer some practical recommendations
for the selection of those parameters. One strength of the Direct Sam-
pling algorithm is that it can deal with continuous and multiple variable
simultaneously. It means that one can provide a TI containing several
variables, and the algorithm can simulate one or several variables condi-
tioned to the other data available. This is described in detail in several
papers (Mariethoz et al. 2012, 2010a). It can be used to describe the
presence of trends in the training image and in the interpolation grid
using auxiliary variables (Dall’Alba et al. 2020; Pirot et al. 2014).

To interpolate the CF and resistivity, we used DeeSse and designed a four
variables simulation problem: two auxiliary variables and two main vari-
ables. Each of them has a specific number of neighbors n and threshold
t, while the scanned fraction f is common to all variables. The two sec-
ondary variables are (1) the depth of the cell and (2) the northing of the
cell. Their purpose is to describe our prior knowledge of spatial trends.
This choice reflects our expectation to find certain patterns more prefer-
ably at a given depth or area in our interpolated domain. For example,
the deepest structures in the TI will tend to be reproduced deepest in
the simulation. However, the threshold values that we selected are high,
and n is small constraining only midely the algorithm. We also chose
to include only northing, since we expect to have most of the variations
of the pattern along the valley (oriented roughly N-S). This assump-
tion is based on a visual inspection of the resistivity models, geological
knowledge, and boreholes. The main simulation variables are (3) the log-
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arithmic transform of the resistivity and (4) the clay fraction. For these
variables, we chose a higher number of neighbors n and a smaller thresh-
old t as these are the variables of interest. All four of these variables are
simulated. We also activate the Gaussian Pyramid option of the DeeSse
code (Straubhaar 2019). By doing so, the spatial patterns in the data are
analyzed and modeled at multiple scales. The algorithm uses Gaussian
filters to create a pyramid of co-located coarser scale images that are
used jointly for training and simulation (Straubhaar et al. 2020). This
method improves the quality of the simulation between densely covered
areas and sparser ones while being able to be sensitive to different scales
of variation.

TI and HD Generation

To run the MPS algorithm and interpolate the CF, we need to provide a
3D TI and HD. The HD are simply the 3D punctual data derived from
Step 1 in the boreholes and geophysical soundings. Because the spatial
density of the tTEM data is very high (see the example application
below), this data set is often very dense and it can be used directly as
a TI. This situation corresponds to the so-called gap-filling problem, in
which we need to interpolate only some parts of an already very dense
data set. MPS and, in particular, direct sampling have proven to be very
efficient for these problems (Mariethoz et al. 2012; Oriani et al. 2016).
In these cases, the same data are used as HD and TI. The assumption
behind this modeling decision is that the coverage of the data is sufficient
to represent properly the spatial statistics of the variables that need to
be interpolated.

In practice, the 3D HD points are placed in the 3D simulation grid up-
front. These points are estimations of CF and resistivity values coming
either from the boreholes or from the application of the translator func-
tion on the tTEM data. The auxiliary variables (depth and northing) are
also computed and stored for every location in the grid. At this point of
the methodology, we could simply apply the MPS algorithm and obtain
an ensemble of stochastic simulations representing the uncertainty due
to the interpolation. This is what is normally done when using MPS.
The TI and the HD are deterministic.

But the CF and the resistivity values have an associated uncertainty
that has already been estimated in the previous step of the workflow. To
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account also for this source of uncertainty, a possibility would be to con-
sider only the most certain points as HD, for example, the extremely low
or high resistivities, which are almost certainly associated with entirely
clay or non-clay points, respectively. But this idea has two main disad-
vantages. First, a choice has to be made to determine the upper and lower
resistivity boundaries. This would go against the idea of implementing
the most automated procedure possible. Second, the probability distri-
bution of the values in the TI must be similar to the HD distribution.
If they are different, the simulations may tend to over-represent the clay
and non-clay points in the simulation. More generally, we would not be
using all available HD, and we could assign a resistivity or a CF to a cell
completely outside the uncertainty range derived from the field measure-
ments. We, therefore, need a better way to account for the uncertainty
on these data.

We overcome these challenges by a combined use of MPS and Gaus-
sian Random Function (GRF) which allows us to perform MPS with a
training image (TI) and a hard data set (HD) that are not deterministic.
GRF models are well known (Chilès et al. 2009; Dietrich et al. 1993). The
spatial variability is modeled using parametric multi-Gaussian distribu-
tions. These models are defined with a covariance or variogram model
representing the spatial variability. Multiple realizations can be gener-
ated, with or without conditioning data. In the proposed methodology,
the GRF model is used to represent the CF and resistivity data mea-
surements uncertainty. In practice, for each MPS simulation of CF and
resistivity, a different TI and HD are generated.

Figure 4.3 sketches the general principle of the generation of the TIs. The
original HD (and TI) are slightly perturbed by adding some noise within
the range of estimated uncertainty for these data points. The simulation
of the noise is made using unconditional 3D GRF simulations. The GRF
simulations have a mean of 0 and a variance of 1. To account for the
possible spatial correlation of the noise a 3D anisotropic variogram is
automatically fitted to the TI data. We use a Trust Region Reflective
algorithm (Branch et al. 1999) to optimize the sill and the multi-direction
ranges of two contributions (a Gaussian and an exponential). The sill is
then normalized to obtain a variance of 1. The values of the CF and
resistivity for the 3D TI (and 3D HD) at each iteration will then be
defined by adding the HD with a rescaled noise:

TIi(x, y, z) = data(x, y, z) + σ(x, y, z) · GRFi(x, y, z) (4.5)
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Figure 4.3: Principle for the generation of an ensemble of Hard Data and
Training Images to account for the uncertainty on the HD.

with TIi(x, y, z) being the TI value for the simulation i at position
(x, y, z) in 3D, data(x, y, z) being the deterministic estimated value of
the variable of interest at that location, σ(x, y, z) the standard-deviation
of the estimated uncertainty and GRFi(x, y, z) being the unconditional
simulated GRF value at position (x, y, z) for iteration i. The final simu-
lated value (CF for example) varies within the range of its uncertainty.
In the example presented in Figure 4.3, the initial TI derived from the
estimated CF is slightly modified by adding a correlated random noise
that depends on the local uncertainties. The same operation is performed
for the geophysical and borehole data sets using the same GRF model.

To summarize, one unique 3D TI and its corresponding 3D HD set are
generated for each simulation and given as input to the Direct Sampling
algorithm which will simulate the missing parts in the 3D grid. This will
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result in an ensemble of 3D realizations. We can then stack all the simu-
lations and calculate the mean and standard deviation for any location.
The cells in which we have conditioning data will have the same mean
and standard deviation as the original conditioning data.

Cross-Validation

To check the performance of the proposed methodology, we implemented
a cross-validation step. Cross-Validation allows for quantifying the errors
associated with a model. The principle is simple: a subset of data is
created; it contains a random part of the original dataset. The stochastic
interpolation is then applied using only the subset of data as HD, and
the resulting simulation is compared with the excluded data. Various
error indicators can be used (Juda et al. 2020). In our case, a random
sampling of the dense CF data does not create sufficiently large gaps
to produce representative error estimation. The missing points are too
well constrained by the neighboring ones. To create a larger disruption
in the data, we assigned each point a group, based on a 3D k-means
clustering (Hartigan et al. 1979). The clustering is done using the spatial
coordinates (x,y,z) of the model. The purpose of this step is to create
multiple spatial groups of similar sizes that will be randomly excluded
from the simulations. In our case, we defined 28 groups. The simulated
value and the standard deviation of these zones are then compared to
the real value. The error and the normalized error for each point in the
model are defined as

ϵ =
1

n

n∑
i=1

(simi − true) (4.6)

ϵnorm =
1

n

n∑
i=1

| (simi − true) |
σ

(4.7)

with ϵ and ϵnorm being respectively the error and the normalized error,
n the total number of simulations, true is the data point not included in
the interpolated dataset, simi is the simulated value and sigma is the
standard deviation of simi over the n simulations that didn’t include
these data points. These two indicators are calculated point-wise. The
normalized error is an important indicator since it shows how well we
estimate the uncertainty, the objective being a ratio close to 1.
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Figure 4.4: a) Distribution of layers quality and depth after normaliza-
tion. b) Overview of the coverage of the tTEM data and general situation
map (created with QGIS V3.22.9, qgis.org. Basemap is freely available
from the Swiss Federal Office of Topography swisstopo).

4.3 Application on the Aare Valley

Geological Settings

The study area is located in central Switzerland and covers a section of
approximately 20 km of the Upper Aare Valley between the cities of Thun
and Bern. The Upper Aare Valley presents a typical Quaternary geology
for alpine valleys: the basement is usually a few hundred meters deep and
is covered with a complex interwinding of glacial, fluvio-glacial, and flu-
vial deposits (Kellerhals et al. 1981a; Volken et al. 2016). Multiple cycles
of glacial advances and retreats have been identified in the Swiss basin,
causing multiple changes in the deposition processes (Graf et al. 2016).
In the particular case of the Upper Aare Valley, at least four glacial
cycles have been identified in boreholes (Schlüchter 1989). However, a
complete description of the lithostratigraphy based only on borehole de-
scriptions is nearly impossible because similar deposits of different ages
may be superimposed and intertwined. A surface aquifer constituted of
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the most recent alluvial deposit is present all over the valley. The water
table is between a few dozen centimeters up to 2 meters below the sur-
face. General knowledge of the aquifer suggests that the thickness of the
upper aquifer ranges from 4 to 20m depending on the area. In addition,
a second deeper aquifer has been identified in some deep boreholes sepa-
rated from the shallow one by a clay layer. Both aquifers’ exact extend,
connectivity, and thicknesses are not extensively known. However, in the
area, several hundreds of pumping (shallow geothermal or drinking wa-
ter) and injection wells (re-inject water after geothermal heat pump) are
in use. In this context, the realization of a 3D model would be a great
benefit for local authorities to evaluate the vulnerability of the upper
aquifer. Because of the water table height, saturated conditions can be
assumed in almost the entire height of the model.

Borehole Data

In the zone of interest, 1542 boreholes are lithologically described. The
dataset used was provided by Swisstopo. The upper Aare Valley was
also one of the test sites retained for the Geoquat project of the Swiss
National Topographic Institute (Volken et al. 2016). In this context,
they performed digitization and standardization of the borehole data.
All boreholes descriptions were converted to standard USCS descrip-
tions (Casagrande 1948). In addition, a QC value was added for each
layer assessing the reliability of the geological information: a grade from
one to five was assigned to each layer, depending on the precision of
the description. one corresponds to a layer with only a basic description
when five corresponds to a layer where lab measurements have been per-
formed and a complete multi-phase lithological description is available.
An estimation of the Clay Content in the boreholes was made using the
USCS guidelines, and the uncertainty was scaled according to the grade.
A poorly described clay layer (Quality 1) will have, for example, a CF
value of 1 ± 0.5. We consider that up to 50% of the clay layer could be
non-clay material. On the other hand, a well-described one (Quality 5)
will have a CF value of 1±0.08. Missing, artificial, or undescribed layers
are not taken into account. Details of the classification procedure can be
found in Volken et al. (2016).

Figure 4.4 a) shows the distribution of the quality of the layers and their
associated depth. Since most of the borehole exploration is conducted
for either shallow geothermal exploration or geotechnical purposes, we
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observe that around 60% of the data are above 10m depth and that
the proportion follows roughly a decreasing power-law distribution with
depth.

tTEM data

In January 2020, a ground-based towed transient electromagnetic
(tTEM) survey was conducted in the upper Aare valley. The data
were inverted using different regularizations (sharp and smooth), and
the resulting resistivity models are used in this study. All processing
workflow, details about regularization, and data are described in Neven
et al. (2021). The dataset covers about 1500 hectares, with a line spacing
of 25 meters. The sampling frequency after processing is about 1 resistiv-
ity model every 10 meters along the lines. The inversion of the data was
done using the AarhusInv (https://hgg.au.dk/software/aarhusinv3)
inversion code (Auken et al. 2015). The average residual of the inversion
is 0.52 for the sharp regularization, which means that we tend to have
an excellent fit between the predicted data from our resistivity models
and the field measurements. To estimate the depth of investigation, we
used the Jacobian sensitivity matrix of the last iteration (Christiansen
et al. 2012). By doing so, we can identify the exact depth at which each
resistivity model is only poorly represented in the recorded data. Below
this depth, the resistivity models are blinded. Again, for a complete
description of the inversion of the data set and the quality check, the
readers are referred to Neven et al. (2021).

The translator function inversion was performed on the tTEM20AAR
sharp inversion dataset (Neven et al. 2021b). 57’862 30 layers resistivity
models were taken into account and blinded at the standard depth of
investigation. Figure 4.4 b) shows the coverage of geophysical data in the
valley after processing. Most of the fields outside the cities are mapped.
Cities, as well as the areas surrounding roads and train line, are clearly
visible since the electromagnetic coupling in such environments forbids
the use of an inductive method and are left uncovered. The uncertainty
on the resistivity was estimated using the last iteration covariance matrix
(Alumbaugh et al. 2000). Even if this method does not fully replace the
uncertainty that can be derived from a stochastic inversion, it has the
advantage of being able to reflect the relative uncertainty on the model’s
cells while being relatively fast to calculate.
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Figure 4.5: Results of the inverted translator function on 50’000 TEM
points. In addition, the averaged uncertainty calculated with a moving
mean of 0.05 CF width.

Clay fraction inversion

The average data-misfit (see Eqn.4.2), or residual, of the application of
the translator function to the geophysical models is 0.38. It means that
the difference between the predicted CFrho and CFlog is more than two
times within the uncertainty range. The main source of misfit is the res-
olution issue. Because of the footprint of the geophysical equipment and
of the damped least-squares inversion performed on the TEM data, we
tend to have a smoother transition in the geophysical data than the re-
ality. Since we are comparing the results with borehole data, which tend
to reflect these sharp transitions, they can be a source of misfit between
the predicted CFrho and the actual CFlog. Some thin layers of resistive
materials in a large conductive layer will not be caught by the resolution
of the equipment but will increase the residual value. However, the main
advantage of the (Foged et al. 2014) methodology is that the translator
function adapts, to counterbalance these effects. Figure 4.5 shows the
results of the inverted translator function and the averaged uncertainty
on 50’000 TEM points. Most of the uncertainty is concentrated on the
central points that present an intermediate resistivity since small uncer-
tainty on the resistivity in this area will affect strongly the predicted
CF. The range of values in which the transition between clay to non-clay
highest probability happens is between 90 and 40 Ohms. Such values are
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coherent with the expected manual interpretation since Aare Quaternary
Clay’s have a resistivity between 10-50 Ohms. The models are blinded at
the standard depth of investigation obtained from the resistivity models
and are then passed to the geostatistical simulation step.

3D Clay Model

The results presented here are based on 200 simulation loops of 10 real-
izations each. For each loop, a new TI and HD set are generated with a
GRF simulation, and a different random subset is drawn for the cross-
validation. The groups were constituted using a K-Means algorithm of
the spatial coordinates of the CF data. As mentioned before, the Deesse
algorithm is controlled by three main parameters: the scanned fraction,
the threshold, and the number of neighbors. The TI scan fraction is com-
mon to all variables and was set to 5%. The pattern will be compared
to the TI until the scanned fraction is reached or until the threshold is
respected on all variables. The threshold is set to 10% on three neigh-
boring nodes for the auxiliary variable and 1% on 24 nodes for the main
variables. If the threshold value is never reached, the best candidate is
selected and the point is flagged to be re-simulated at the end of the
simulation. The scanning path in the TI is random. The result is a set
of 2000 simulations, based on 200 different TI. The resulting 3D model
has a cell dimension of 50m by 50m, and a vertical resolution of 2m. The
surface covered is 35 km2, for a computational time of 10 hours on a
CPU cluster. Vertical cross sections of the averaged model are displayed
in Fig. 4.6. A clear trend in the model is present between the northern
and the southern side of the model. Such variation was expected due
to the variations in the shape of the valley and is corroborated by the
boreholes. The uncertainty of the data is higher in the deeper cells of
the model, where no boreholes and no geophysical data are present to
constrain the simulations. They also denote the transition zones between
clay and non-clay areas and reflect the uncertainty on the exact depth
of transition. The shape of the underground structures is consistent with
existing Quaternary deposition conceptual processes. However, the visual
consistency is not sufficient to trust a model.

The error and the normalized error distributions (See Eqn. 4.6 and 4.7)
calculated with cross-validation are displayed on Fig. 4.7. During the
simulation, the two main variables are the resistivity and the clay frac-
tion. The error estimation is performed during the cross-validation step
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Figure 4.7: Histogram of the errors and the normalized error for the two
main variables : Resistivity (Rho) and clay fraction (CF).

on both. The error is centered on zero for the two variables, suggesting
that we tend to predict a correct value with no bias on average. Fur-
thermore, in respectively 44 % and 37 % of the cases, we managed to
predict a value that was in the 10% range of the real value. In terms of
normalized error, the mean of the normalized error for resistivity is 0.98
(σ = 0.56). Such a distribution suggests that the standard deviations
of the simulations are in the same order of magnitude as the real error.
The uncertainty is therefore well predicted. On the other hand, the mean
of the CF normalized error is 0.89 (σ = 0.5), meaning that we tend to
slightly overestimate the error in the simulated data compared to the
real one. But overall, the cross-validation indicates that on average the
correct value is simulated with a standard deviation reflecting well the
possible uncertainty. A strong result is that the resistivity is predicted
accurately, showing that this method can be of great use even to only
interpolate resistivity maps.

Comparison with Existing Model

In an effort to homogenize and digitize all geological data from the Qua-
ternary formations in Switzerland, the GeoQuat project made a proto-
type and demonstration study on the Aare Valley. In this context, a
deterministic geological model of the area was done using a manual in-
terpretation of boreholes, of geophysical data, and geological knowledge
through the use of geological cross sections (Volken et al. 2016). When
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comparing the two models, we should keep in mind that new data are
included in the stochastic model that was not available at the time of the
construction of the deterministic model: even if the boreholes database is
the same, the tTEM data were only acquired in 2019. After incorporat-
ing the boreholes, they manually correlated units and facies and used the
nearest neighbor interpolation to extend the model to a full 3D volume
(Volken et al. 2016).

Fig. 4.8 shows the comparison between a few cross-sections in the deter-
ministic model and in the model generated with MPS. The determinis-
tic geological model and the boreholes are displayed using their USCS
primary components. The transparency of the MPS model reflects the
uncertainty. Higher is the transparency, higher is the associated uncer-
tainty. Both models are in agreement with the borehole data at least
for large-scale structures. We can see that the MPS-generated geological
model displays structures that are more realistic geologically speaking.
Some comments can be made for the cross-sections:

• Sections 1 are in agreement. The model is well constrained by two
deep boreholes, going all the way through the model. Even if the
nearest neighbor interpolation of the deterministic model displays
some unrealistic blocky shapes, the global structures are similar
between the two models.

• Sections 2 are drastically different between the deterministic and
the stochastic model. The absence of boreholes to constrain the
deterministic model causes the propagation of a gravel layer from
distant boreholes, that is most probably not present at this loca-
tion. The inverted resistivity calculated from the tTEM data is low
and is most probably associated with thick clay bodies. Such a sec-
tion shows improvement in the models, because of the additional
data.

• Section 3 illustrate the importance of uncertainty. No tTEM data
has been acquired in the area, and both models rely on the same
data. The upper few meters of the models are well identified as
being the upper gravel body on both models. However, the use of
the proposed method revealed a possible resistive (sand or gravel)
body deeper. The uncertainty is high, as highlighted by the color
range. The presence of this layer cannot be established for sure.
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Although it is likely a possibility that has to be considered when
assessing the area.

• Sections 4 show how a local Quaternary structure can drastically
affect the deterministic model. The 100m deep borehole in the cen-
ter of the cross-section indicates a gravel layer that is abnormally
thick compared to the other nearby boreholes in the section. This
over-thickening is extremely local and is most probably due to a
gravity mass movement a few dozen thousand years ago according
to personal communication with a Quaternary geologist. Because
of this special borehole, the deterministic geological model overes-
timated the thickness of the upper aquifer over a very wide area.

Finally, we could test the quality of the model by comparing the geology
observed in several newly made boreholes that were not taken into ac-
count in any of the two models because they were drilled recently. The
new shallow boreholes (max 10m) agree well with both models at 85%
and 94% respectively for the deterministic and stochastic models. These
results are not surprising since the upper gravel layer is more or less
present in the whole domain. Most of the errors are due to some minor
over- or underestimation of the depth of transition. However, a small
number of deep boreholes were drilled too. In Fig. 4.9, a new borehole
log is compared to the two models. The borehole is situated in the mid-
dle of the Wichtrach village, where no tTEM data can be acquired. The
stochastic model reflects well the geology observed in the borehole. The
stochastic model predicts the presence of the gravel aquifer on top and
high resistivities like the deterministic model up to a depth of around
25m. But then the stochastic model predicts the presence of a massive
clay layer up to a depth of 80 m before indicating a large uncertainty
at a deeper depth. This prediction matches well the the geological ob-
servations well, which also show a massive clay layer. On the contrary,
the deterministic model predicted a massive gravel layer just below a
thin clay layer, followed by silts. This is not what has been observed in
the borehole. Both models are constrained by the same boreholes data
around, but while the stochastic model infers the regional trend by inte-
grating all data of the area, the deterministic model is only constrained
by nearby points and cross sections.
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Figure 4.9: Comparison between a new borehole in the village of Wich-
trach (not included in any of the two models), and the corresponding
cell in the stochastic model and the deterministic geological model

4.4 Discussion
In this study, we presented a methodology that permits propagating the
uncertainty all the way from the geophysical data and borehole logs to
the final model of the clay fraction. In addition, all input data are used
as hard data within their uncertainty range. A noisy data point in the
field will lead to a more uncertain cell in the model. This feature is a key
point to obtain a robust error estimation on the final model. Further-
more, being able to integrate uncertain boreholes due to poor or absent
descriptions, unsure positioning, or missing data is a great advantage.
The use of MPS makes it possible to generate models presenting com-
plex patterns that are impossible to reproduce using approaches such as
kriging. This method also has the advantage of relying on the data itself
to deduce spatial patterns without any prior knowledge. Of course, this is
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only applicable to regions where the data coverage is sufficient. However,
in a region with sparser data coverage or to increase the quality of the
model, prior knowledge can also be added through the use of auxiliary
variables. After the data preparation, the generation of high-resolution
valley scale models can be achieved in a few days compared to months
for deterministic ones.

In terms of geophysical technique, the application of tTEM in the up-
per Aare valley has proven that the technique is reliable and capable of
providing relevant information regarding the 3D structure of the under-
ground. This is confirming the previous conclusion from Sandersen et
al. (2021). But, in addition, we argue that a proper and efficient way to
integrate these types of large 3D datasets with borehole data can only be
achieved through automatic methods. We also expect that the proposed
methodology could be very useful for the integration of dense airborne
data sets.

However, the estimation of lithology from resistivity has also its limita-
tions. First of all, if the area presents significant salinity variations, it
may introduce nonuniqueness. The same resistivity can correspond to
saturated resistive material or clay. We would then only rely on bore-
holes to identify the nature of the underground. The proposed method
would need to be extended to include a 3D estimation of the salinity as
an additional auxiliary variable. This may be possible using additional
hydrogeological information. However, in the particular case of the upper
Aare Valley, nothing suggests important salinity variations. Furthermore,
the proposed method is efficient to distinguish between resistive layers
(sand or gravel) and conductive layers (clay), but the resistivity differ-
ence between sand and gravel does not allow the method to distinguish
them clearly. That is the main reason why we decided to focus on the
identification of the clay layers only.

Even without simulating the CF value, our approach should also be con-
sidered when interpolating 1D or 2D resistivity models to 3D, especially
when dealing with sharp inversion. Traditionally, this is done using Krig-
ing. But kriging being the best unbiased linear estimator, it leads to a
smooth interpolation between sharp models and inevitably adds artifacts
in the 3D resistivity models. In the context of Quaternary deposits, the
range of the variogram can sometimes be smaller or equivalent to the
distance between two acquisition areas, leading to a wrong or incom-
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plete interpolation. The proposed method has the advantage of relying
on the 1D soundings directly instead of a grid made by kriging and it
will interpolate between the models with a coherent sharpness. A similar
methodology proposed by Vilhelmsen et al. (2019) relies on an indicator
kriging on the cluster value with a short range to fill the gaps between
the acquisition lines in the TI, causing possible over smoothing. The
methodology presented here has the advantage of not relying on any
pre-interpolation of the data before the simulation.

Of course, the inversion itself is already an interpretation of the data,
and in addition, the uncertainty associated with the geophysical inverted
models is often difficult to estimate exactly. A further improvement could
be the development of an algorithm that would work on the geophysical
measurements directly, without any inversion, instead of using inverted
models. By doing so, we could be able to compare directly the errors
between the real field data and the final CF model. It would also simplify
the workflow by avoiding a double inversion, once for the resistivity model
itself and once for the CF algorithm.

The comparison between the existing model and the automatic model
(Fig. 4.8) shows the risk of using a deterministic approach. On cross-
section 2, the deterministic model predicts a thick gravel body at about
40m depth. This body was placed there only relying on boreholes that are
hundreds of meters away (close to Cross-section 1), and after including
geophysical data we are now confident that there is no such body there.
Of course, it was an interpretation based on the data available at that
time, but no indication of uncertainty was available. In this context,
taking decisions based on such kind of model is risky and should be
avoided.

An increasing number of countries are developing centralized databases
to host geological-related measurements. In this context, the use of an
agile and reliable data aggregation algorithm is a promising approach.
Being able to deduce spatial patterns from data without or with lit-
tle prior knowledge prevents the infusion of structures from arbitrary
choices, which is usually done during a manual interpretation of geo-
physical models. Standardization of description methods through differ-
ent geological consulting companies and open-access data are the key
points making this method application fast and more adaptable to new
field areas.
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An improvement of the method could be to forecast the permeability val-
ues. If permeability measurements are conducted, either by using pack-
ing or pumping tests, a new variable could be added to the simulation
to directly generate permeability fields. Another possibility would be
the definition of a coupled probability density function between resistiv-
ity, clay fraction, and permeability from a set of prior knowledge or field
knowledge. We would then be able to directly generate parametric fields.
Finally, as mentioned earlier, we think that the interpolation methodol-
ogy introduced here could be applied to other 3D geophysical models, in
order to fill partial maps. Often, due to field constrain (inaccessible ar-
eas, corrupted data, different acquisitions,...) some areas are less densely
covered than others. Using non-deterministic MPS, with Gaussian Pyra-
mids, complete and homogenous parametric models could be generated
with proper uncertainty quantification.

4.5 Conclusion
In this paper, we showed that a novel workflow combining the clay frac-
tion estimation algorithm (Foged et al. 2014) with our modified Multiple
Points Statistic algorithm is a robust method for the automatic genera-
tion of a 3D clay fraction model. The resulting 3D models can be used by
local authorities or project managers to better plan the development and
underground use of the region. These models can be used for example
to locate potentially highly permeable zones for groundwater exploita-
tion, or geothermal developments, or to evaluate the potential presence of
construction materials in the underground. Because the method provides
uncertainty estimates it can also help design the acquisition of further
data.

Our method has the advantage of being data-driven and not relying
on manual interpretation of the structures. The workflow is automatic
and includes: 1) the inversion of the translator function on the resistivity
models and the borehole data, 2) the automated fit of the variogram used
for the GRF model, and 3) the generation of different TI and HD for each
MPS simulation. The user has only to select a few parameters such as
the number n of neighbors, or the threshold t for the MPS simulations,
but default values can be used. Furthermore, it reproduces structures
that cannot be modeled using classical two-point interpolation such as
kriging. By comparing the geology observed along newly made boreholes
with our model, this study always predicts well the general trend as
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shown for example in Fig. 4.9. The workflow can easily be incorporated
with public databases, allowing the authorities to update automatically
the 3D model regularly when new field data become available.

Finally, the paper also proves the efficiency of the towed Transient Elec-
troMagnetic (TEM) method. When most of the previous publications
used airborne TEM data, we integrated towed TEM data. This allowed
us to reach a resolution in space and depth that is unachievable with any
other geophysical method at the moment. Such data acquisition should
be increasingly considered, even for medium or small-scale problems.
Easy, fast, and cheap integration of multiple, often existing, data types
can only be beneficial whatever the purpose.

Additional information
Data availability The tTEM data used in this paper are available from
the open access archive Zenodo at the following URL: http://dx.doi.
org/10.5281/ZENODO.4269887. The data set is documented in Neven et
al. (2021). The borehole data set is available from the Swiss Federal Office
of Topography (Swisstopo) but restrictions apply to the availability of
these data, which were used under license for the current study, and
so are not publicly available. Data are however available from Swistopo
upon reasonable request.

Accession codes The geostatistical codes used in this study are im-
plemented in the python Geone package freely available at https://
github.com/randlab/geone. To use all the functions of DeeSse, an
academic license can be freely obtained. The CF model will be freely
available.
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Abstract

In Quaternary deposits, the characterization of subsurface heterogeneity
and its associated uncertainty is critical when dealing with groundwater
resource management. The combination of different data types through
joint inversion has proven to be an effective way to reduce final model
uncertainty. Moreover, it allows the final model to be in agreement with
a wider spectrum of data available on site. However, integrating them
stochastically through an inversion is very time-consuming and resource
expensive, due to the important number of forward simulations needed.
The use of multi-fidelity models, by combining low-fidelity inexpensive
and less accurate models with high-fidelity expensive and accurate mod-
els, allows one to reduce the time needed for inversion to converge. This
multiscale logic can be applied for the generation of Quaternary models.
Most Quaternary sedimentological models can be considered as geologi-
cal units (large scale), populated with facies (medium scale), and finally
completed by physical parameters (small scale). In this paper, both ap-
proaches are combined. A simple and fast time-domain EM 1D geophys-
ical direct problem is used to first constrain a simplified stochastic ge-
ologically consistent model, where each stratigraphic unit is considered
homogeneous in terms of facies and parameters. The ensemble smoother
with multiple data assimilation (ES-MDA) algorithm allows generating
an ensemble of plausible subsurface realizations. Fast identification of the
large-scale structures is the main point of this step. Once plausible unit
models are generated, high-fidelity transient groundwater flow models
are incorporated. The low-fidelity models are populated stochastically
with heterogeneous facies and their associated parameter distribution.
ES-MDA is also used for this task by directly inferring the property val-
ues (hydraulic conductivity and resistivity) from the generated model. To
preserve consistency, geophysical and hydrogeological data are inverted
jointly. This workflow ensures that the models are geologically consistent
and are therefore less subject to artifacts due to localized poor-quality
data. It is able to robustly estimate the associated uncertainty with the
final model. Finally, due to the simplification of both the direct problem
and the geology during the low-fidelity part of the inversion, it greatly
reduces the time required to converge to an ensemble of complex models
while preserving consistency.
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5.1 Introduction
Quaternary aquifers are frequently used for groundwater supply, but
due to their high heterogeneity, they are difficult to characterize and
model. A possible strategy is to combine geological knowledge, geophys-
ical data, and hydraulic tests. Geophysical methods, especially electro-
magnetic (EM) ones, are inexpensive and can efficiently help when fac-
ing an under-constrained problem (Barfod et al. 2018; Christensen et al.
2017). They are usually sensitive to several petrophysical parameters,
such as resistivity, but provide limited information regarding the hy-
draulic conductivities or the water storage capacity of the underground.
Consequently, inverted geophysical models can be integrated into the
first steps of the aquifer modeling workflow by delineating the geological
structures from a manual interpretation and obtaining a so-called cog-
nitive model (e.g. Høyer et al. 2015). This approach can be combined
with stochastic models to populate the main stratigraphic units with
lithologies and represent that level of heterogeneity. Furthermore, one
can use geophysical inversion results and borehole data to estimate the
probability of occurrence of several lithologies (e.g. clay or sand) and use
these probabilities as soft information to generate stochastic realizations
that are both constrained by some geological reasoning, borehole, and
geophysical data (Carle et al. 2020; Jørgensen et al. 2015). This approach
ensures consistency with available knowledge, it reproduces accurately
the soft information in terms of probability, but nothing ensures that if
the final models were used in a forward geophysical model they would
reproduce the field measurements. Furthermore, it is likely that the over-
all uncertainty may be underestimated because it is rare that the aquifer
geometry derived from the cognitive model is assumed uncertain.

To ensure consistency, we propose to reverse the methodology described
in the previous paragraph and start by constructing a prior geological
model that we will then use in geophysical and hydrogeological inver-
sion. Therefore, the first key ingredient of our proposed methodology is
the ArchPy hierarchical modeling approach developed recently (Schorpp
et al. 2022). ArchPy decomposes the construction of the aquifer model
in three main simulation steps: the stratigraphic units, the litho-facies,
and the petrophysical parameters. The approach is automated and ac-
counts for a geological concept described in a data structure called a
stratigraphic pile as well as borehole data. ArchPy can quickly generate
an ensemble of models compatible with the prior geological knowledge of
the site. Each model can serve as input to any forward geophysical or hy-
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drogeological models. Comparing the results of the calculated responses
to data measured in the field allows one to estimate the likelihood of any
proposed model and identify which one corresponds to the maximum a
posteriori likelihood and generate realizations representing the posterior
uncertainty. This type of Bayesian strategy combining geophysical and
hydrogeological data has shown that it can produce consistent models
and allowed to reduce the final uncertainty (e.g. Irving et al. 2010; Jar-
dani et al. 2013). But these joint inverse problems are often solved using
Markov chain Monte Carlo methods and are computationally challenging
(Linde et al. 2016).

Ensemble Smoothers with Multiple Data Assimilation (ES-MDA) have
shown to obtain solutions to complex nonlinear inverse problems more ef-
ficiently than Ensemble Smoothers (ES) (Emerick et al. 2013) and faster
than Markov Chain Monte-Carlo (MCMC) methods (Juda et al. 2022).
The method uses a Monte-Carlo approximation of the Kalman Filter
(Kalman 1960) where the relations between the state variables and the
parameters are estimated using an ensemble of models. ES-MDA and
PESTPP-IES (White 2018) are both variants of the Ensemble Smoothers
(ES) algorithm proposed by Leeuwen et al. (1996). The key aspect of ES-
MDA is to perform iterative ES corrections of the parameters by assim-
ilating the data of the previous iteration, when PESTPP-IES optimizes
directly an objective function using a modified form of the Levenberg-
Marquardt algorithm. Lam et al. (2020) showed a comparison of different
Iterative Ensemble Smoothers, including PESTPP-IES and ES-MDA. It
was shown that PESTPP-IES approach outperforms ES-MDA when the
ensemble size is relatively small (200 in the study) but that ES-MDA
tends to improve with an increase of the ensemble size, while PESTPP-
IES does not. ES-MDA has been successfully applied in groundwater
studies (Kang et al. 2019; Lam et al. 2020a; Xu et al. 2022). One impor-
tant underlying assumption is that the state variables and parameters
are normally distributed (and even multi-Gaussian). If not, one can ap-
ply a normal score transform to ensure that the marginal distributions
are Gaussian (Zhou et al. 2011).

A recent study by Wang et al. (2022) proposed a hierarchical inversion,
where the posterior distribution of global variables including for example
hyper-parameters of the geostatistical models are first estimated using a
machine learning approach. Following this, an ES algorithm that includes
local reduction of dimension is applied to invert the field parameters.
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Even if ES-MDA is known to be faster than the MCMC approaches, it
can still be computationally heavy because a proper estimation of the
covariance matrices used to estimate the Kalman gains requires running
a large ensemble of models and, therefore, running a large ensemble of
forward geophysical or hydrogeological models. Often, this step is the
one that requires most of the computational power. Therefore, there is
still a need to devise techniques to accelerate such approaches, and one
is to use a multi-fidelity framework. By using a simple surrogate model,
one can approximate the forward model and accelerate the inversion
(Asher et al. 2015; Dagasan et al. 2020). This idea has been applied, for
example, by Zheng et al. (2019), who trained a Gaussian process model
to approximate the forward flow problem in a multi-fidelity ES-MDA
algorithm.

In this paper, we employ the multi-fidelity principle and ES-MDA but
with a different perspective. We do not try to build a surrogate model
of the forward model, but instead, we use the fact that the computing
times for the geophysical and hydrogeological forward models are very
different and that ArchPy provides a hierarchy of levels of representation
of the geological heterogeneity. In practice, we invert jointly the multiple
data types in the same workflow using ES-MDA in two steps. To ensure
that our aquifer models are geologically consistent, they are generated
using ArchPy. To accelerate the inversion, we run first a fast low-fidelity
ES-MDA inversion to obtain an initial representation of the main geolog-
ical discontinuities with the fast geophysical forward only. The complete
heterogeneous models are then generated from the low-fidelity ones, and
used in a second ES-MDA high-fidelity inversion loop including both the
geophysical and hydrogeological forward models. The present paper in-
troduces this idea and demonstrates its applicability to two simple 2D
synthetic cases of increasing complexity.

5.2 Methodology
In this study, we propose to combine the advantages of a stochastic ES-
MDA inversion with a multi-fidelity approach for joint hydrogeophysical
inversion. The model is inverted for both hydraulic conductivities and
electrical resistivity. In this section, we first introduce the ArchPy mod-
eling approach and its use for our approach for multi-fidelity geological
models. We then briefly introduce the ES-MDA algorithm and present
the test case used to benchmark our approach.
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Geological model generation

The ArchPy approach

The first key tool in our methodology is the stochastic hierarchical ge-
ological modeling approach named ArchPy and proposed by Schorpp et
al. (2022). The method is implemented in an open source python module
and is capable of producing both Low-Fidelity (LFM) and High-Fidelity
models (HFM). These models are consistent with the prior geological
knowledge and capable of integrating geological information in a hier-
archical manner. For a complete description of ArchPy capabilities and
algorithms, the readers are referred to Schorpp et al. (2022) and to the
repository of the code4.

a)

b)

c)

d)

5

5

5

5

5

5

5

5

Figure 5.1: Two dimensional example of an ArchPy simulation with the
3 simulation steps: Units, Facies, and two petrophysical properties.

In short, ArchPy relies on the concept of Stratigraphic Pile (SP) which
is used to formalize the existing geological knowledge for a given site. All
the rules, information, and parameters required to generate the geologi-
cal models are stored in the SP. For example, the SP contains the list of
the stratigraphic units that must be simulated, the list of litho-facies to
simulate in which units, and the different simulation parameters (covari-
ance functions, Training images for MPS, etc.). The SP is defined by the
user and represents his prior knowledge. Once the SP, is defined ArchPy
constructs automatically the models in three main steps:

4

http://www.github.com/randlab/ArchPy
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• The stratigraphic units are first simulated using 2D simulation of
the surfaces bounding the units (Figure 5.1a). The user can select
different geostatistical algorithms such as Multiple-point statistics
(MPS) (Mariethoz et al. 2010a) or Sequential Gaussian Simulations
(SGS) (Deutsch et al. 1992). This step handles erosional events
where older and previously simulated surfaces are partially eroded
by younger ones. It also allows some units not to be deposited
(i.e. hiatus). Moreover, inequality data are used to account for in-
complete information provided by a borehole that did not reach a
certain unit or when there is a hiatus in a stratigraphic sequence.

• The units are then filled with litho-facies (e.g. gravel, silt, clay, etc.)
using 3D categorical simulations methods (Figure 5.1b). Again,
the user can chose among MPS or Sequential Indicator Simulation
(SIS) (Journel 1983; Journel et al. 1984). The litho-facies models
can be different for every unit and the simulations are conditioned
by borehole data if available.

• Finally, the facies are populated by continuous petrophysical prop-
erties such as hydraulic conductivities, porosity, or electrical re-
sistivity using SGS (Figure 5.1c,d). The parameters are defined
separately for the different litho-facies.

An important feature of ArchPy is that the different hierarchical levels
only depend on the higher ones (for example, facies only depend on
the stratigraphic unit simulations). This feature allows to consider the
geological representation of the underground at different level of fidelity.

Finally, ArchPy allows defining stratigraphic sub-units. This option is
not used in the present paper but allows simulating complex stratigra-
phies when needed. By operating as described above, a large number of
stochastic simulations can be obtained using ArchPy. They are all con-
ditioned by the same borehole data and geological concept (the strati-
graphic pile).

Low-Fidelity Models

The proposed inversion approach is divided in two main steps: low-
fidelity and high-fidelity. The objective of using computationally inex-
pensive low-fidelity models is to reduce the dimension of the parameter
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space in which we need to solve the inverse problem with the computa-
tionally costly high-fidelity models. Low-fidelity models consist of simpli-
fied models. LFMs neglect the small and medium-scale variability of the
properties by assuming that the stratigraphic units are completely homo-
geneous with a unique property value for each unit. The value is drawn
from a given uniform distribution in each layer. So, it can vary between
the models, but not within one. This step is crucial as it prevents the
inversion algorithm from being over-confident, in order to mitigate our
assumption that the units are homogeneous. It also allows having a more
complete exploration of the parameter space and plausible realizations.
The LFMs are generated using the ArchPy package. They correspond
to the first hierarchical modeling step (Figure 5.1a) and the units are
homogeneously filled.

An important aspect to note is that it is not the resistivity field that
is inverted at this stage. The parameters of interest are the altitude
of the surface(s) delineating the main stratigraphic units. By doing so,
we significantly reduce the number of unknowns while still working on
a simplified geologically consistent model. Moreover, LFMs are solely
evaluated on the geophysical data, as the geophysical forwards are much
faster than the groundwater ones (around 15 times faster).

High-fidelity models

The high-fidelity models (HFMs) are also generated with ArchPy. These
models depend on the LF ones. All the surfaces obtained via the LF in-
version step are used to generate the next level of hierarchical simulations
(heterogeneous litho-facies and properties. The HFMs are more realistic
subsurface models than LFM and are closer to the geological concept.
They present heterogeneous facies distributions, with high property con-
trasts even within a unit (see example on Figure 5.1c and 5.1c). These
complete fields will then be inverted. The number of models is not neces-
sarily the same in the two steps (LF and HF). This allows more flexibility,
as it is expected that the two problems may not require the same number
of models to converge properly. Generally, we expect that we will have
more HF than LF models, since the second problem is more difficult
and have to integrate more data. Therefore, the same surfaces can be
used multiple times and be associated to different facies and parameter
distributions.
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Figure 5.2: General workflow of our approach. The 2 main steps are
differentiated: 1 for the low-fidelity part; 2 for the high-fidelity part.

Inversion algorithm

The general strategy for the multi-fidelity inversion is to employ the same
ES-MDA algorithm (Emerick et al. 2013) successively for the low fidelity
and high fidelity geological models (Figure 5.2) but on different parame-
ters. For the low fidelity, the algorithm will update only the geometry of
the surfaces bounding the stratigraphic units, while for the high fidelity
models, it will update the complete model including geometry and pa-
rameter fields (resistivity and hydraulic conductivities). The two steps
are coupled because the ensemble of surfaces obtained from the low fi-
delity inversion step are used to initialize the generation of the ensemble
of high fidelity models used in the second step.
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On both fidelities, the ES-MDA inversion algorithm is applied on a set
of N members {mpr

i , ...,mpr
N } representing the prior. To ensure that the

parameters are multiGaussian, we applied a normal score transform on
the prior models (Deutsch 2002, p.44-48). This step was not needed when
performing the inversion on the low-fidelity models, since the surfaces are
generated using Sequential Gaussian Simulation (SGS) and are by defini-
tion multiGaussian. The parameters are updated iteratively on the basis
of the observations of the state variables to form a new conditional dis-
tribution of parameters. Updates are done, for each member i, according
to the following equation :

mk+1
i = mk

i +K · (dkobs,i − g(mk
i )) (5.1)

where k is the iteration step, K the Kalman matrix (or Kalman gain),
and dkobs,i − g(mk

i ) is the mismatch between the observed measurements
and the predictions computed by the forward operator g using the cur-
rent parameters. In order to stochastically account for the errors in the
measurement, dkobs,i is given by

dkobs,i = dobs +
√
αk+1C

1/2
err zd,i with zd,i ∼ N(0, 1) (5.2)

with Cerr being the expected error matrix and zd,i being drawn from
a normal distribution. Compared to ES, the data will be assimilated
multiple times in ES-MDA. For this reason, it will tend to overestimate
the confidence given to the data Emerick et al. (2013). For this reason, a
parameter α > 1 is added to inflate the Gaussian noise. Because of that,
the parameters covariance reduction will be limited at each iteration.
The inflation factor needs to be fixed such as the following condition is
satisfied:

Niter∑
k=1

1

αk
= 1 (5.3)

where Niter is the number of iterations of ES-MDA. The alpha coefficient
was kept unchanged through the iterations, equals to the number of
iterations. Emerick (2016) has shown that varying them do not lead to
a significant improvement in the convergence of the algorithm. The α
factor is applied when calculating the Kalman gain, such as

K = (Ck
MD(C

k
DD + αk+1Cerr)

−1)LM (5.4)
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where Ck
MD is the cross-covariance matrix between the vector of param-

eters m and the approximated vector of predicted data g(m) for the
ensemble. Ck

DD is the autocovariance matrix of the predicted data g(m).
LM is the localization matrix. As shown in (Anderson 2001; Evensen
2009; Wen et al. 2005), with a limited amount of members, fortuitous
long-range correlation can happen. It is necessary to filter them out be-
fore applying the Kalman update. To do so, the Kalman gain matrix is
multiplied element-wise using a localization matrix (Chen et al. 2011).
The purpose is to influence only the parameters located within a certain
distance from the observation points during the update. The localization
matrix has the same size as the Kalman matrix and its values vary be-
tween 0 and 1. It was only used in the HF step of the inversion, and was
set as a uniform matrix of ones for the hydrogeological observation. We
did that since the expected radius of parameters effect on a point was
difficult to properly estimate. For the geophysical data, it was calculated
using the correlation function proposed by Gaspari et al. (1999), with
anisotropy in the distance calculation. Figure 5.3 shows an example of
a localization matrix on resistivity parameters for an observation point.
Further away is the observation point, weaker will be the contribution of
the Kalman gain on the parameter.

Figure 5.3: Example of localization matrix LM for one geophysical ob-
servation point using a length of 250 m.

Test Cases

Conceptual Model

To illustrate and test the proposed methodology, we only consider in
this paper 2D vertical profiles. Note that the extension to 3D models is
straightforward. The domain size is 500 m long for a depth of 50 m, with
a cell size of 1 × 1 m. The resulting model consists of 25’000 cells.
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Figure 5.4: Schematic representation of the geological concepts C1 and
C2, with their associated regional stratigraphic pile.

Two different cases, C1 and C2, were defined as illustrated in Figure 5.4:

• Case C1 is the simplest. It considers only two stratigraphic units:
one aquifer unit (unit 1) and an aquitard (unit 2). In this situa-
tion, the most important feature to identify during the inversion
process is the depth of the transition between the two units for
each position x.

• The case C2 is more complex, as it includes a possibly discontin-
uous aquitard with a variable thickness within the main aquifer
formation that can be divided into two sub-aquifers. This case can
be modeled with four stratigraphic units in ArchPy (see the strati-
graphic pile of C2 in Figure 5.4). The complexity of the problem is
increased, as it is now also necessary to estimate, for each location
x, the absence or presence of the intermediate aquiclude formation,
as well as its depth and thickness in the latter case. A total of three
surfaces must be inverted.

The global conceptual models are inspired from a realistic situation: the
Upper Aare Valley in Switzerland. An upper fluvial deposit layer of a
few dozen meters overlays a thick lacustrine clay layer. The geological
context of the area is briefly described in Schorpp et al. (2022) or Graf
et al. (2016). The upper fluvial deposit may show locally few superficial
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clay layers. Our synthetic model is a simplified version of this real case.
Concerning the geological simulations, for both cases, we assume that
no borehole information is available. Thus, all geological simulations are
unconditional.

For the low-fidelity models (cases 1 and 2), the surfaces are simulated
with SGS and the stratigraphic unit domains are defined. Then, an elec-
trical resistivity value is drawn uniformly between 100 and 400 Ωm in the
log space for the aquifers and is taken constant and equal to 10 Ωm for
the aquiclude. For cases 1 and 2, we generated an ensemble of 100 LFM
to initiate the ES-MDA algorithm. For HFMs, property simulations re-
quired two additional steps. The surfaces delimitating the stratigraphic
units were taken directly from the ensemble of results of the LFM inver-
sion. The aquifer units (units 1 and 3 in Figure 5.4) were supposed to be
composed only of gravel and sand with a proportion of 70 % of gravel and
30 % of sand. Sequential Indicator Simulations were used to simulate the
position of these facies. The aquiclude units are assumed to be composed
only of the clay facies. The different facies are then populated with the
desired properties using SGS. The simulation parameters are given in
Table 5.1. For both cases, we generated a total of 500 HFMs based on
the 100 optimized LFMs. This implies that there are 500 members for
the 2nd step ES-MDA.
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Table 5.1: Geostatistical parameters used by ArchPy to generate the
geological models. The variogram type used for all the litho-facies, resis-
tivity, and hydraulic conductivities models are exponential.

Stratigraphic surface model

Unit 2 3 4

variogram type spherical cubic cubic
mean [m] -17 -20 -38

range x and y [m] 50 150 80
sill [m2] 1 20 20

Litho-facies model

Unit 1 3

range x[m] 30 30
range z [m] 8 8

sill [m2] 0.1 0.1

Resistivity Model

facies mean range range sill
[log10[Ωm]] x [m] z [m] [log10[Ω2m2]]

gravel 2.6 10 2 0.05
sand 2 10 2 0.05
clay 1 20 4 0.01

Hydraulic conductivity Model

facies mean range range sill
[log10[m/s]] x [m] z [m] [log10[m2/s2]]

gravel -2 10 2 0.05
sand -4 20 4 0.05
clay -7 15 15 0.01
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Physical forwards

Figure 5.5: Location of the geophysical and hydrogeological observation
points. The river is located at the position (500,0).

During the inversion, two distinct physical forward models are used: one
geophysical forward and one hydrogeological forward. The geophysical
one is a 1D Time Domain Electro-Magnetic forward. The code used is
the software AarhusInv (Auken et al. 2015). It has the advantage of
taking into account the complete geometry, waveform, and filter that
correspond to the geophysical equipment of interest. We use a distinct
ground-based source-receiver configuration. All the parameters of the
emitters and receivers correspond to the Aarhus towed time domain EM
equipment (tTEM) (Auken et al. 2019). Two distinct moments (high and
low moments) are simulated in order to increase the sensitivity of the
equipment to shallow variations of the underground while preserving the
depth of investigation. When the propagation depth of the method goes
beyond the limit of our resistivity model, the last layer is considered in-
finite. Gates, complete waveform, and exact geometry used can be found
in Auken et al. (2019) and Neven et al. (2021). We consider one sounding
every 5 meters (Figure 5.5), which corresponds to the acquisition rate of
the instrument at normal driving speed.

The second physical forward is a transient groundwater model based
on the MODFLOW 6 code (Hughes et al. 2017; Langevin et al. 2017)
interfaced with the FloPy package (Bakker et al. 2016). We consider the
propagation and attenuation of a periodic perturbation on the upper
right corner of the model (Figure 5.4). The river level at his location
changes daily following a sinusoidal curve. This can mimic either tidal or
daily discharge variations. The river is assumed to be connected to the
aquifer with a conductance of 10−2 [m2s−1]. A second signal comes from
a uniform recharge varying in time at the top of the model. We assume a
no-flow boundary on the other sides of the model. Heads are recorded at



98 Chapter 5: Multi-Fidelity Stochastic Inverse

52 observation points in the model (Figure 5.5). The simulation lasts for
10 days, with a time step of 15 minutes. However, since most of the signal
comes from the upper right corner, we expect a decreasing contribution
of the observations to the inversion towards the left. Since the aquifer is
supposed to be heterogeneous and of fluvial origin, we consider that the
geological heterogeneity below the river bed can be modeled using the
same parameters as the aquifer. Our synthetic model does not consider
the river bed as a special compartment and does include any transient
effect on the conductance of the river bed.

The computing time needed for the two forward models is drastically
different. Geophysical forward takes about 2 seconds per model, when
the transient hydraulic forward needs 30 seconds. The data used for the
inversion are generated on a synthetic reference model and disturbed
with Gaussian noise.

5.3 Results
To better understand how the proposed methodology performs, we first
present the results of the intermediate step (low-fidelity step) before
providing detailed results after the final high-fidelity step.

Low-Fidelity

For case C1, the number of ES-MDA iterations was set to 2 for the low
fidelity step. The computing time was about 3 minutes on a personal
computer. The mean residual decreased by 48% after one iteration and
62% after two iterations with respect to the unconditioned prior. Figure
5.6a shows the prior distribution for the position of the bottom of the
aquifer for Model C1: it follows a normal distribution with an average
depth of 38 meters and 95% (2σ) of the simulated surfaces are between
-26.8m and -49.2m depth. This figure also shows the results of the inver-
sion step: the average surface (solid black line) over the 100 members of
the ensemble, the 95% confidence interval (gray shaded area), and the
reference (in red). We see that even with a relatively small number of
iterations and a small ensemble size, the ES-MDA algorithm converges
rapidly to a plausible solution, even with the high simplification of the
model. The reference surface is almost always within the predicted un-
certainty range.
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Figure 5.6: Low-Fidelity Inversion Results for Models C1 and C2 over
100 members and 2 iterations each. The model C1 has only one surface,
and the model C2 has 3 surfaces. The shading areas correspond to 2 σ.

For case C2, Figure 5.6b shows the three average surfaces of 100 mem-
bers. The computing time was about 3.5 min on a personal computer. In
general, the inversion manages to correctly predict the depth of the tran-
sition and has identified the presence of the clay layer in the middle of the
aquifer. If we compare surface 3 with its equivalent in the C1 model, we
can denote that the corresponding uncertainty associated is much larger,
even if the surfaces are exactly similar in terms of parameters and prior.
This behavior is probably due to the presence of additional layers which
imply some variations in the average resistivity above this surface that
are much larger than in Case 1. Another interesting thing to denote are
the fact that the surfaces 1 and 2 in the last 100m of the model are
superimposed. Where the lower surface equals the upper one, this last
then follows the lower surface and becomes one with it. This is a com-
plex hierarchical principle, because a whole set of parameters suddenly
have no effect on the model residual. ES-MDA as correctly identified this
logic from the set of prior models. It illustrates that using ES-MDA with
geological priors could help reaching complexity in the inversion not seen
so far.
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High-Fidelity

For cases C1 and C2, 15 iterations were performed. The total run time
was about 8 hours on a personal computer, mainly due to solving the
transient hydrogeological forward problem. Figure 5.7a shows the average
electrical resistivity and hydraulic conductivity (Figure 5.7d) over the
ensemble of models at the end of the high-fidelity step. The corresponding
uncertainties are shown in Figures 5.7b and 5.7e, while the reference
model is shown in Figures 5.7c and 5.7f. No weighting based on the
residual is used for the calculation of the mean model. The lower clay
layer shows little uncertainty for both parameters. This is probably due
to its very low resistivity and hydraulic conductivity within the range
of possible values, which makes them easily identifiable. Another factor
is probably that this layer was already well resolved during the low-
fidelity step, because of its monofacies characteristic. However, we denote
an important uncertainty on the exact depth of the transition on both
parameter fields. It is only slightly updated compared to the uncertainty
estimated after the low-fidelity step.

The aquifer layer presents much higher variability for both parameters.
First, we can denote that both fields seem spatially correlated. ES-MDA
has correctly identified the correlation infused by the facies affiliation of
the parameter field. More resistive zones are associated with more per-
meable areas, whereas less resistive zones are associated with less perme-
able sand. The uncertainty on the hydraulic conductivities is higher than
the one associated with the resistivity, probably because the geophysical
method is an active one, whereas our hydrological scenario is passive and
extremely diffuse. Consequently, it is a more difficult problem to solve
for the algorithm. This can also be denoted in Figures 5.7g and 5.7h.

Two High-Fidelity ES-MDA inversions were performed using one single
dataset at a time. Not using the joint inversion approach has only a lim-
ited effect on the resistivity, compared to the joint inversion, even if some
of the simulations can be marginally less noisy. On the other hand, in-
verting the hydraulic conductivities only shows a clear decrease in terms
of the quality of the inversion. The mean simulation tends to converge
to a hydraulic conductivities value intermediate between the sand and
the gravel facies values. As mentioned above, this is expected because
of the aquifer’s high heterogeneity and the method’s diffuse aspect. The
only area clearly resolved is the upper right corner where the oscillating
river limit is set. Since these cells control how the signal gets into the
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Figure 5.7: High-fidelity results for case C1. a) reference resistivity field ,
b) Mean model of resistivity, c) resistivity uncertainty, d) mean model for
an application of the ES-MDA algorithm only using resistivity data, e)
hydraulic conductivity reference, f) mean model of hydraulic conductiv-
ity, g) hydraulic conductivity uncertainty, and h) is the mean model for
an application of the ES-MDA algorithm only using hydrological data.
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aquifer, they have a strong influence on all the observation points and
are consequently easier to resolve for the ES-MDA algorithm.

b)

c)

a)

d)

e)

Figure 5.8: High-fidelity results for model C2. a) reference field for re-
sistivity b) Resistivity field from a deterministic inversion c) ES-MDA
inverted resistivity field d) reference field for hydraulic conductivities
with are well and the simulated steady-state flow line e) mean model
for an application of the ES-MDA algorithm on hydraulic conductivities
only

Case C2 is more complex because the middle clay layer creates additional
spatial variability and discontinuities. However, the same number of iter-
ations as for case C1 were performed. Figure 5.8a shows the result of the
geophysical data inversion only using a classical inversion based on a de-
terministic Newton-Gauss minimization using AarhusInv (Auken et al.
2015). Due to the diffusive nature of the geophysical method, the result-
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ing model is significantly smoother than the reference (Figure 5.8c). The
result of the ES-MDA inversion shows much sharper boundaries (Figure
5.8b) thanks to the embedding of the geological prior in the inversion
method and the multi-fidelity approach.

Figure 5.8d shows the results of the ES-MDA inversion on the hydraulic
conductivities only. Unlike model C1, this result shows a better identifi-
cation of numerous discontinuities in the field of hydraulic conductivities.
We interpret this difference as follows: the contrast of hydraulic conduc-
tivities being sharper in case C2, more information can be captured by
the hydrogeological data. This result confirms that the poor identifica-
tion of the spatial distribution of the hydraulic conductivities for case
C1 was simply the result of a lack of information in the hydrogeological
data set.

Another interesting result is the comparison between the classic ES-MDA
"monofidelity" approach and the multifidelity approach. In a classic ES-
MDA approach, data assimilation is done directly on the whole parame-
ter fields, with no LF step. In other words, the classic ES-MDA inversion
is only the HF, with the difference that the starting models are drawn
in the full space of the prior and not in the reduced space constrained
by the ensemble of LF models. Figures 5.9 a-c and d-f compare the re-
sults of the classic ES-MDA inversion, with the multifidelity. For both
parameters, we can first denote that the simulations are visually more
noisy than multifidelity simulations. The boundaries between the bod-
ies are better defined in multifidelity. The continuity of the geological
structures is also better established. The same number of iterations was
performed on both. Figure 5.9 g) shows the mean residuals in relation
to the computation time. The two iterations of the LF took only about
3.5 min. We can see a slight increase in the residual between the last LF
iteration and the first HF iteration. But the absolute value is much lower
than the monofidelity one. In terms of computing time, it is interesting
to note that even if the absolute number of forward calls and ES-MDA
loops is the same, the multifidelity is faster. The geophysical forward is
almost not affected by the complexity of the model to simulate. However,
the direct transient hydrological problem can show significant comput-
ing time variations depending on the hydraulic conductivity field. The
first iterations are significantly slower, due to more complex models with
high and abrupt hydraulic conductivity contrasts, for example. These
results show that the use of the multifidelity approach tends to produce
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more realistic models, geologically speaking, with a shorter or equivalent
computing time.

Predictions

To further test the predictive capacity of the approach, we consider an
additional hydrogeological scenario. We implement a well at position
x = 250 m reaching a depth z = −35 m. The well is only screened
along the last meter. Taking into account an hourly pumping rate of 36
m3/hour, we calculated the path and travel time needed for the pollu-
tion introduced in the river to reach the well of water production. Such
scenarios and questions are common for various applications in hydro-
geology. Figure 5.8e) shows the reference path, going from the upper
right corner river to the well in 37.5 days (advective time). The same
computation was conducted for all prior and posterior models, as well
as for all models obtained using the classical ESMDA joint inversion.
The results of the flow path computations are shown in Figure 5.10a),
5.10b) and 5.10d). The reduction of the uncertainty on the envelope of
the possible flow paths is clear between the prior distribution and the
results of the two inversions. The two inversions provide similar results,
with a proper estimation of the flow path compared to the reference.
The classic ESMDA inversion tends to show a narrower uncertainty. The
ES-MDA multi-fidelity ensemble predicts an arrival time of the pollutant
between 35.75 and 87.1 days (10-90%interval) after injection. The prior
gives a range between 21.5 and 10’000 days (10-68% interval) with 32%
of the models predicting that the pollutant will not reach the well. The
classical (mono-fidelity) ESMDA inversion ensemble predicts an arrival
of the pollutant between 30.50 and 48.01 days (10-90%interval). Again,
both inversions perform well, with a narrower time range for the classical
ES-MDA inversion.

5.4 Discussion
The proposed multi-fidelity ES-MDA inversion has successfully identified
sharp and complicated geological models.

When a Bayesian MCMC algorithm may take one or a few weeks to
converge and generate an ensemble of realizations matching the data, the
proposed approach only needs a few hours. Although several limitations
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still exist. First of all, our reference model was generated using the same
covariance models as the prior. As shown by Juda et al. (2022), the
choice of an erroneous geostatistical prior can drastically decrease the
realism and convergence rate of the inversion algorithm. This choice was
straightforward in our synthetic approach but could be trickier when
applying the method to real data sets. The solution requires properly
analyzing all available field data to identify the required geostatistical
parameters. If data are not sufficient to constrain the prior model, a
possible solution would be to use published data from analog sites and
generate a broad ensemble of models using different priors. The issue
would then be to have a sufficient number of members to cover the whole
prior parameter space and ensure that the ES-MDA algorithm would not
create models that would be too far from reasonable geological models.

Another limitation of the inversion or data assimilation process is that
we considered the noise in the data to be uncorrelated. This assumption
is commonly used to treat each residual data point independently. In the
synthetic case, this assumption is valid but could become problematic on
real and strongly correlated data noise. Finally, the ES-MDA inversion
(both in high- and low-fidelity) is not bounded to generate models that
remain within the prior. It can be an advantage in the case of an uncer-
tain prior, but it can also become a challenge if the algorithm generates
physically impossible parameters.

The groundwater model used for the synthetic case C1 is not very infor-
mative as illustrated by the poor results obtained with hydrogeological
data alone (Figure 5.7). Indeed, since the river is the only varying bound-
ary condition applied to the model, only hydraulic conductivities close
to the river are inferred with reduced uncertainty. This suggests that
a large ensemble of hydraulic conductivity distributions is compatible
with the data and that it is difficult for ES-MDA to approach the ref-
erence. Increasing the size of the ensemble could extend the possibilities
and improve the results. However, the computational cost would also
increase significantly. It is likely that using different hydrogeological sit-
uations, such as including pumping tests or tracer tests, would improve
the identifiability of the hydraulic conductivity. Nevertheless, our results
strengthen the advantage of using a joint inversion: the geophysical data
help infer most of the subsurface structures and the spatial distribution
of hydraulic conductivities. This contribution of geophysics is due to the
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fact that the different physical parameters are spatially correlated via
the underlying litho-facies.

The main contribution of this paper is to propose to split the ES-MDA
algorithm in two steps using a multi-fidelity strategy. We show that start-
ing with the LFMs accelerates the inversion procedure significantly. It
allows one to quickly delineate the main structures of the subsurface and
quantify uncertainty. However, as it relies on a simplified version of the
model, it cannot reproduce the reference in some places (Figure 5.6).
This is a consequence of using homogeneous units (in terms of proper-
ties); thus, it is not possible to account for some important local vari-
ations of facies, and these have a significant impact on the geophysical
data. Using different homogeneous values among the different members
(or models) of the initial ensemble mitigates this effect by enlarging the
uncertainty and allows one to identify the depth of the true surface ac-
curately almost everywhere (Figure 5.6). However, it is clear that the
uncertainty that we propagate in the second step of the inversion has a
significant impact on the results. For example, if we consider the high
value of the surface at around 330 m for case C1 (Figure 5.6a). The
true surface is barely contained within the range of uncertainty, it means
that the majority of the models considered the surfaces higher than the
reference. As a consequence in the second step, ES-MDA compensates
by predicting mostly "gravel" (high resistivity/hydraulic conductivity)
just above this location, where normally there should be a relatively
large area of "sand" (low resistivity/hydraulic conductivity, Figure 5.7).
We then understand that small initial errors can have major impacts
and that we should be careful with the final models. However, it should
also be mentioned that the generated geological models are totally un-
constrained. It is certain that incorporating more geological knowledge
(such as borehole data) into the models would have helped to detect and
solve this kind of inconsistency.

Our hydrogeological scenario involves 13 multilevel piezometers uni-
formly distributed over 500-meter length. Even if some field sites show
similar or even higher density of data, in a real application the density
of piezometric information could be lower. The consequence will be a
higher uncertainty associated with the hydraulic conductivity field. A
preliminary sensitivity analysis on our synthetic models showed that
removing two piezometers either close to the source of the signal or
far from it have drastically different effects on the final uncertainty.
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This is simply due to the difference in the amount of information car-
ried by the two data series. In addition, in our synthetic example, we
considered rather simple boundary conditions (such as a sinusoidal vari-
ation of the river level) without any uncertainty. In practice, it would
be straightforward to cope with more complex boundary conditions,
such as time-varying water levels. For the uncertainty on the boundary
conditions, the proposed approach would be to include these boundary
conditions as parameters within the ESMDA inversion, this would result
in a higher level of uncertainty for the overall aquifer characterization.

Finally, we think that the approach proposed in this paper could be ap-
plied to a wide range of problems. We illustrate here the multi-fidelity
idea using a simpler geological model and a faster forward operator at
the same time. However, many other combinations could be tested: for
example, the low-fidelity model could correspond to a steady-state hydro-
geological model and the high-fidelity model could be the full transient
model. Another possibility could be to use only a few geophysical ob-
servation points for the low-fidelity step and a complete detailed data
set for the high-fidelity step. One could also group geological units to
simplify the geological architecture during the low-fidelity step.

5.5 Conclusion
The results presented in this paper demonstrate that ES-MDA, multi-
fidelity, and ArchPy, all together, can constitute a potentially powerful
framework for performing geologically consistent inversions. The pro-
posed approach allows integrating in a consistent and stochastic man-
ner different types of data and thus reducing the global uncertainty on
groundwater models. The use of the multi-fidelity approach on such
a problem has proven to be more efficient in infusing prior geological
knowledge into the inversion. This has resulted in more realistic geolog-
ical models while being faster. Future work includes the application of
the presented methodology to real 3D field data.

Several main conclusions can be drawn from this research:

• ES-MDA is an efficient tool to get an ensemble of plausible hydro-
geological models in a multi-fidelity framework.
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• Hierarchical multi-fidelity helps to keep models geologically con-
sistent during the inversion process while improving the quality of
the models.

• Hydrogeophyiscal joint inversions can be decomposed and im-
proved within a multifidelity and hierarchical framework.

• ArchPy’s models are useful priors to investigate subsurface uncer-
tainty.

Additional information
Accession codes The geostatistical codes used in this study are im-
plemented in the python ArchPy package freely available at https://
github.com/randlab/archpy. The 1D forward code used is AarhusInv
developped by the Aarhus University Hydrogeophysics group (Auken et
al. 2015). The AarhusInv code is free to use for research purpose. The
flow model code used in the open-source ModFlow 6 code Hughes et al.
2017.
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Figure 5.9: a to f) Comparison between the inversion model resulting
from a classic ES-MDA inversion, the multifidelity ES-MDA inversion,
and the reference model for both the hydraulic conductivities and re-
sisitivity fields. g) The residuals versus the computation time for the
classical ESMDA (monofidelity) and the multifidelity model.



110 Chapter 5: Multi-Fidelity Stochastic Inverse

Figure 5.10: A and B): Flow lines for the prior and posterior multifidelity
ensemble of model C2. C and D): Distribution of the travel time from the
river to the well and Flow lines for the posterior monofidelity ensemble
of model C2.
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Abstract

To address groundwater issues, it is often necessary to develop geo-
logical and hydrogeological models. Combining geological, geophysical
and hydrogeological data available on a site to build such models is of-
ten a challenge. This paper presents a methodology to integrate such
data within a geologically consistent model with robust error estimation.
The methodology combines the Ensemble Smoother with Multiple Data
Assimilation (ESMDA) algorithm with a hierarchical geological model-
ing approach (ArchPy). Geophysical and hydrogeological field data are
jointly assimilated in a stochastic ESMDA framework. To speed up the
inversion process, forward responses are computed in lower-dimensional
spaces relevant to each physical problem. By doing so, the final models
take into account multiple data sources and regional conceptual geo-
logical knowledge. This study illustrates the applicability of this novel
approach using actual data from the upper Aare Valley, Switzerland.
The results of cross-validation show that the combination of different
data types, each sensitive to different spatial dimensions, enhances the
quality of the model within a reasonable computing time. The proposed
methodology allows the automatic generation of groundwater models
with robust uncertainty estimation and could be applied to a wide vari-
ety of hydrogeological issues.

6.1 Introduction
Groundwater resources represent 99% of the total liquid fresh water on
Earth and provides approximately 50% of the total volume of water with-
drawn for domestic use in the world (United Nations Educational Scien-
tific and Cultural Organization 2022). However, because the resource is
at depth below the ground surface, the interest of the general public and
policy makers tends to wane due to its invisible aspect (United Nations
Educational Scientific and Cultural Organization 2022). In a changing
climate, being able to understand, predict and model underground flows
and resources is crucial. These questions can only be properly addressed
by local to regional groundwater modeling.

Another issue owing to the underground position of groundwater is the
difficulty in collecting data. Data are usually sparse and often represent
only a tiny fraction of the total volume of the aquifer. The data can there-
fore miss most of the spatial heterogeneity. Conjectures based on such
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groundwater models could lead to inadequate decisions. A recent paper
by Adams et al. (2022) reviews the different existing remote sensing tech-
niques (including geophysical techniques) and possible future approaches
that could help fill this gap. They argue that satellite or airborne remote
sensing could be key methods for understanding groundwater dynamics
at various scales, which would have been impossible with classical spare
in situ observations. One method mentioned in their paper is the electro-
magnetic induction techniques, and especially the Time Domain Electro-
magnetic (TEM). The TEM method is relatively inexpensive, fast and
has a depth of investigation ranging from a few meters to a few hundred
meters (Christiansen et al. 2009b; Fitterman 1987). Due to its inductive
principle, the EM method will be mainly sensitive to underground elec-
trical resistivity. Consequently, it will also be sensitive to all parameters
that will affect this property, such as porosity, water saturation, clay
content, and water electrical conductivity. EM was successfully applied
to various hydrogeological situations, usually in combination with sparse
borehole data (Barfod et al. 2018; Christensen et al. 2017; Dumont et al.
2018; Paine 2003, e.g.).

However, the use of electromagnetic (EM) data for hydrogeological in-
terpretation also poses some challenges. Firstly, the method will provide
only limited information regarding the water storage capacity or the
hydraulic conductivity. Second, it is also sensitive to the geological com-
position of the underground. The amount of conductive clay will strongly
affect the measured field and, therefore, the resulting inversion. Thirdly,
due to the nature of the inverse problem and its high nonlinearity in
the case of EM, the inverted resistivity models are nonunique (Tarantola
2005). As underlined by Adams et al. (2022), therefore a good under-
standing of the geological properties of the aquifer and their spatial vari-
ations is necessary in order to interpret geophysical data robustly. So far,
the most popular workflow has been to independently invert EM data
and then relate them to boreholes or other types of data. (Christensen
et al. 2017; Dumont et al. 2018; Jørgensen et al. 2015, 2013; Kang et
al. 2021; Knight et al. 2018; Neven et al. 2022a; Ringrose et al. 2015).
Often, the inversion and some steps in the workflow are considered de-
terministic. Therefore, the final structural model, the so-called cognitive
model, is the one that, according to the modeler, fits most of the com-
prehensive knowledge available on site (Henriksen et al. 2003; Høyer et
al. 2015; Kollet et al. 2006; Lemieux et al. 2008). The calibration of the
groundwater model parameter is then carried out while keeping the cog-
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nitive model fixed. By doing so, there is no way to account for additional
information about the geometry coming from the hydrogeological data,
while the transmissivity and therefore the aquifer thickness clearly in-
fluence the head gradient or solute transport. If the geometry was fixed
before inverting for hydrogeological parameters, and not correctly esti-
mated, the hydrogeological parameters will likely have to be incorrectly
identified during inversion in order to compensate for these initial errors.
Furthermore, the use of a single cognitive model derived from geophys-
ical data completely neglects structural uncertainty and, consequently,
overall uncertainty in the aquifer characterization procedure.

To ensure consistency and the propagation of errors throughout the work-
flow, we propose to reverse the methodology described in the previous
paragraph. Instead of going from the geophysical data to the structural
model, we start by generating a set of prior plausible geological models
and then updating these 3D models iteratively to fit the observed data.
We adjusted the models jointly on the EM data acquired at the sur-
face and the hydraulic heads measured in the aquifer. Since prior data
are generated from the boreholes, we ensure that the final ensemble of
models (posterior) agrees with them, even after parameter adjustment.

In this study, we generate geological models using the ArchPy hierarchi-
cal modeling approach (Schorpp et al. 2022). This method offers a formal
description of a geological concept, the stratigraphic pile, that encom-
passes the succession of units, lithologies, and properties that must be
modeled within a given domain. It also integrate knowledge from wells
and conceptual understanding of the geological setup to create geostatis-
tical realizations of potential aquifer geometries and properties. ArchPy
utilizes a hierarchical approach that first simulates the main stratigraphic
units, then the litho-facies, and finally the petrophysical parameters. The
result is a complex and accurate representation of the aquifer structure.
However, ArchPy cannot integrate other knowledge, such as geophysical
or hydrological. The prior set of models needs then to be updated, in
order to account for all the other types of data available on-site.

When updating models, the Markov chain Monte Carlo (MCMC) has
been shown to be capable of producing consistent models and prop-
erly quantifying the final uncertainty (Irving et al. 2010; Jardani et al.
2013; Mosegaard et al. 1995; Reuschen et al. 2021). One downside of this
method is the large number of forward calls required to converge and the
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associated computational cost (Linde et al. 2016). Ensemble Smoother
algorithms have proven to be a reasonable alternative to MCMC for
high-dimensional problems. It managed to identify solutions for com-
plex nonlinear inverse problems, with fewer computational resources and
time than MCMC (Emerick et al. 2013; Juda et al. 2022). Ensemble
Smoother with Multiple Data Assimilation (ESMDA) (Emerick et al.
2013) is a variant of the Ensemble Smoother (ES) algorithm proposed
by Leeuwen et al. (1996). It approximates the relationship between the
parameters and the data using their covariance computed using a finite
prior ensemble of models. For large or extremely non-linear problems,
the data can be assimilated multiple times iteratively (Chen et al. 2013).
ESMDA was used successfully in various groundwater studies (Kang et
al. 2019; Lam et al. 2020b; Li et al. 2015; Xu et al. 2021). Similar al-
gorithms (ENKF, for example) were also successfully applied to jointly
integrate different types of data, such as geophysical and hydrological
(Bouzaglou et al. 2018). However, this application was adapted only on
a relatively small-scale lab experiment.

In a previous study, we used a synthetic 2D data set and showed that
joint hierarchical inversion combined with ESMDA can improve the iden-
tification of model parameters and the reliability of a prediction and its
uncertainty, while integrating complex geological prior knowledge (Neven
et al. 2022b). In the present study, we extend the method and show that
this novel approach can be applied to real field data to integrate geo-
physical and hydrogeological data in 3D geologically consistent models.
A new and important aspect of this paper is the development of a simple
and consistent approach to identify the 3D parameter fields while com-
puting the forward simulations in lower-dimensional spaces that can be
different for each physical problem. To demonstrate its applicability, the
new methodology is illustrated on a part (∼ 15km2) of the upper Aare
Valley, Switzerland. The area is densely sampled, with a towed Transient
Electromagnetic survey (Neven et al. (2021)), several hundred boreholes,
and 25 piezometers.

6.2 Methodology
The proposed methodology can be divided into three steps (Fig. 6.1): 1)
the generation of prior geological models, 2) the forward simulations in
a reduced dimensionality, and 3) the iterative update of the ensemble of
models using ESMDA.
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Figure 6.1: General sketch of the proposed data integration workflow

Generation of prior ArchPy models

We generate the prior ensemble of models using the open source stochas-
tic hierarchical code, ArchPy5 (Schorpp et al. 2022). This Python-based 
tool allows for a detailed and hierarchical depiction of the geological 
environment, starting from the simulation of the contacts of large synde-
positional layers, using 2D geostatistical methods, to the distribution of 
categorical lithofacies within these layers, and ultimately the petrophys-
ical properties associated to the lithologies. ArchPy relies on the concept 
of stratigraphic pile, which is a formal description of the known regional 
stratigraphy of a given area. A large ensemble of plausible geological 
models compatible with regional knowledge and borehole data can be 
easily generated. For an in-depth description of the ArchPy methodol-
ogy and examples of its capabilities, the reader is referred to Schorpp et 
al. (2022).

In addition to the existing ArchPy approach, to address possible non-
stationarity in the petrophysical parameter simulations, we added the 
possibility to employ petrophysical pilot points. The underlying assump-
tion is that large areas of the same aquifer can be significantly more (or 
less) hydraulically permeable than others. The conductive clay content 
can also change and cause variations in terms of electrical resistivity 
within the same unit. Consequently, the local average used for the sim-
ulation cannot be assumed to be uniform in space in the whole domain. 
To account for this, pilot points are randomly placed in each layer using

5http://www.github.com/randlab/ArchPy
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Figure 6.2: General sketch of the Forward in reduced dimensionality prin-
ciple

a stratified sampling strategy. This ensures that the points are drawn
randomly through the entire domain. The values of the pilot point are
then drawn in a distribution of plausible range. Then, a linear variogram
is used to krigge between the pilot points within each unit. This smooth
map is then used as the local mean for the 3D petrophysical geostatis-
tical simulation. The petrophysical parameters will vary following the
variogram model provided around a spatially variable mean. A set of pi-
lot points is defined for each layer and for each petrophysical parameter.

Forward simulations in reduced dimensionality

As pointed out, for example, by Linde et al. (2016), the inversion of
high-dimensional models leads to a large number of iterations and a large
number of forward model calls for solving the physical, possibly nonlin-
ear, spatial and/or time-dependent equations. Forward calculations are
therefore often the most computationally expensive part of an inversion.
Consequently, it is common to reduce the number of parameters (Linde
et al. 2016), or to use surrogate modeling (Asher et al. 2015), for example.

In this study, we propose applying the inverse procedure by correcting
the 3D geological and parameter models, but before running the forward
flow and geophysical calculations, we reduce the dimensionality of the
model to accelerate the forward simulations. Computing time is drasti-
cally reduced with a marginal loss of information. Fig. 6.2 illustrates the
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principle of this approach. The idea is to exploit the fact that different
physical processes are sensitive to different subsets of the 3D parameter
fields. For example, the propagation of the Electromagnetic Magnetic
(EM) signal requires us to solve the Maxwell equations to simulate the
secondary magnetic field decay. For a horizontal coil, the main sensitiv-
ity is oriented downward. For most applications, solving the complete
3D equations will only slightly affect the final results but will result in
a high increase in computational complexity (Engebretsen et al. 2022).
For this reason, the EM geophysical forward is only computed using mul-
tiple 1D models extracted along the Z axis. Each geophysical sounding
is then computed in parallel using a fraction of the original model. The
simulation time is greatly reduced, from several orders of magnitude. In
this first example, the dimension is reduced by omitting some part of the
model that is expected to have a limited effect on the predicted data.

However, flow within an aquifer is an example of horizontally dominated
sensitivity. Instead of extracting some parts of the model, we use another
approach here. Dimensional reduction is achieved by integrating spatial
properties along the vertical direction. Because the overall thickness is
small compared to the lateral extension and because we only have one
hydraulic head measurement per piezometer, it is reasonable to solve the
groundwater flow only in 2D. The complete 3D hydraulic conductivity
model is then vertically integrated, and the horizontal transmissivity
of the total aquifer is estimated at any location. The equation is the
following :

Tx,y =

nz∑
iz=1

Kx,y,iz · diz (6.1)

where Tx,y is the transmissivity in a cell x, y, nz is the number of cells
in the model along the vertical axis, K is the hydraulic conductivity and
d is the thickness of the cell. The equivalent transmissivity is used to to
solve the 2D equivalent flow.

Of course, the simplified 1D and 2D forward simulations will not com-
pletely represent the actual 3D processes. The gain in terms of computing
resources overcomes the marginal loss of information. For example, for
the regional steady-state hydraulic heads simulation, the average gain in
computing time between a full 3D and a 2D model is about 98% (51 s
per model compared to 1 s per model), for a difference in response of a
few centimeters (see Fig. 6.6 and discussion in section 6.3).
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Data assimilation with ESMDA

ArchPy allows us to rapidly generate a large number of plausible mod-
els. This ensemble represents our prior knowledge; it includes the regional
geological concept expressed through the stratigraphic pile and all the
borehole data. However, the compatibility of each model with indirect
field data (geophysical or hydrogeological) is not guaranteed. To adjust
the models based on all available data, we implemented the Ensemble
Smoother with Multiple Data Assimilation (ESMDA) algorithm intro-
duced by Emerick et al. (2013). In this section only a brief introduction
to ESMDA is provided; readers are directed to the reference paper (Em-
erick et al. 2013) for more details on the method.

This stochastic data assimilation algorithm performs iterative correc-
tions of a finite ensemble of N models {mpr

i , ...,mpr
N }. At iteration 0, the

models are conditioned solely by the boreholes. In the next iterations,
the members of the ensemble are the corrected models of the previous
iteration. At iteration k, the correction requires computing the Kalman
gain matrix K from the experimental covariance matrix between the data
and the model parameters CK

MD combined with the data auto-covariance
matrix Ck

DD and the expected uncertainty of the data Cerr. Cerr can be
estimated using multiple stacking of the data in the field.

K = (Ck
MD(C

k
DD + αk+1Cerr)

−1) (6.2)

The parameter α is the noise inflation ratio. This parameter is added
to address one common issue with Ensemble Smoothers and Ensemble
Methods in general: inbreeding (Houtekamer et al. 1998). This term is
used to describe the underestimation of uncertainty due to the fact that
the ensemble used for the calculation of the Kalman Gain K is the same
as the one used to estimate the error. The individual models within the
set are becoming more and more coupled after each iteration. Emerick
et al. (2013) showed that this inbreeding tends to be reduced with an
increased number of members, and proposed the use of an inflation factor
α. This factor must respect the following relationship:

Niter∑
k=1

1

αk
= 1 (6.3)

with Niter being the number of iterations. Changing α through iterations
does not significantly increase the quality of assimilation (Emerick 2016).
Consequently, we kept it unchanged at α = Niter for all iterations. The
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correction for each member at iteration k is determined as follows:

mk+1
i = mk

i +K ⊙ LM · (dkobs,i − g(mk
i )) (6.4)

dkobs,i = dobs +
√
αk+1C

1/2
err zd,i with zd,i ∼ N(0, 1) (6.5)

where dkobs,i − g(mk
i ) is the Euclidean distance between the observed

measurements and the predictions computed by the forward operator g
using the current model parameters. To account for the imprecision in
the measurement of the observed data, dobs are perturbed with random
Gaussian noise drawn from N(0,

√
αk+1Cerr). The noise realizations are

resampled for each iteration and ensemble member. As shown in Evensen
(2018), each iteration of ES-MDA implicitly minimizes a different cost
function. It combines on the one hand the difference between the param-
eters before and after the given iteration weighted by the inverse of the
prior parameters covariance; and on the other hand, the misfit between
the observations and the predictions. To reduce the risk of spurious cor-
relations, a localization matrix LM is introduced. The localization ma-
trix multiplies the Kalman gain elementwise. Spurious correlations occur
mainly because ESMDA approximates the covariance matrix based on a
finite number of models (Anderson 2001; Evensen 2009; Wen et al. 2005).
Therefore, zero entries are difficult to reproduce in the covariance matrix,
and spurious correlation can occur. One way to address this is either to
increase indefinitely the number of members or to infuse prior knowl-
edge in order to exclude correlations that are physically impossible. For
example, we can expect no correlation between an EM sounding (data)
and the resistivity value several kilometers away (parameter). The local-
ization matrix varies between 0 and 1, and is inversely proportional to
the spatial distance between a parameter and a data point. The Kalman
Gain K will become negligible for a distant set of parameter-data. Sev-
eral functions exist to scale the localization matrix with distance. In this
study, we implemented the widely used correlation function introduced
by Gaspari et al. (1999). They propose the following piecewise rational
covariance function RGC for data assimilation:

RGC(r) =
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Figure 6.3: Gaspari Cohn correlation function (Gaspari et al. 1999) value
versus the ratio between the distance r and the critical distance rc.

where r is the distance matrix of the Euclidean distance between the data
observation points and the parameters, and rc is the critical distance be-
yond which the effect of a parameter on an observation is assumed to be
negligible. Fig. 6.3 represents RGC in 1D as a function of the ratio be-
tween r and rc. The critical distance of the localization matrix should be
chosen according to the expected correlation length. An analysis of the
evolution of the correlation with distance for both observation types is
available in the supplementary material (Figure S1). In our case, we set
the critical distance of geophysical data to 150 meters, since a stabiliza-
tion of correlation is visible around this range. No significant evolution
in correlation with the parameters was observed for the hydraulic head
measurements as a function of the distance. Therefore, the LM was not
implemented for these observations and is set to 1 for all hydraulic heads
measurements. The summary of the LM parameters is available in Sup-
plementary Materials (Table S2).

6.3 Application to the Aare Valley
To illustrate the applicability of the proposed methodology on a real site,
we used a test area in central Switzerland. The upper Aare valley is filled
with Quaternary deposits, with a thickness ranging from a few meters
on the sides of the valley to a few hundred in the center (Bandou et al.
2022). The investigation zone is located north of the upper Aare valley,
just upstream of the city of Bern. It is a 12km2 area where a large amount
of drinkable water is exploited. Several glacial cycles occurred, causing a
complex interwinding of glacial and interglacial deposits (Bandou et al.
2022; Graf et al. 2016; Schorpp et al. 2022). At least two different levels



122 Chapter 6: Valley-Scale Stochastic Inverse

of aquifer have been identified in interglacial fluvial deposits (Schorpp et
al. 2022). A shallow aquifer at the surface and a deeper one that has not
been extensively studied. Despite this lack of knowledge, the upper Aare
valley is widely used. In 60 km², we denote 4 quarries and more than 6000
wells (shallow geothermic or water production). Despite its importance,
the exact dynamics of the aquifer and its extent on the regional scale
are not well known. Due to its importance, this site has been extensively
studied with different data types (see Fig. 6.5). It illustrates well how the
abundance of data does not necessarily lead to an improved underground
model due to the lack of an easy and applicable integration algorithm in
hydrogeology. In the area, we denote the presence of 130 lithologically
described boreholes, 35 hydraulic head measurements, and about 6500
tTEM soundings. While the hydraulic heads measurements are more
or less homogeneously distributed in the domain, there is a clear spatial
division for the other two data sets. The boreholes are drilled most of the
time within the cities or around existing buildings (within a few hundreds
of meters) in areas where the electromagnetic coupling prohibits the use
of inductive methods such as EM. The two data sets then cover different
areas and are, by nature, complementary.

ArchPy Model

To define the conceptual model of the area, we rely on expert knowledge,
existing boreholes, and previous publications (Graf et al. 2016; Schorpp
et al. 2022; Volken et al. 2016). Our zone of interest is the first 100 me-
ters of the valley filling. The conceptual model of the area includes a very
shallow aquifer followed by impermeable clay. Below the clay, a second
aquifer can be present. Finally, a deeper clay layer is present everywhere.
When the second aquifer is absent, the two clay layers become one, even
if they are still considered two distinct units. The top surface of the first
layer is the topography. Therefore, there are only three surfaces delim-
iting the four units. For each surface, a variogram model was derived
from the analysis of the borehole data and expert knowledge. All details
of the parameters are shown in Table 6.1. The surfaces are simulated
as 2D Gaussian Random Fields with inequalities using the Sequential
Gaussian Simulations (SGS) method (Chilès et al. 2009; Deutsch et al.
1992; Freulon et al. 1993). In each layer, we also define the variogram
for the simulations of petrophysical parameters. Once the units are gen-
erated, the lithologies are assumed to be uniform within each unit: the
aquifer units are assumed to be made of gravel to sandy-gravel, and the
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Figure 6.4: Cross section through one realization of a borehole-only
ArchPy petrophysical model of electrical resistivity and hydraulic con-
ductivity. In addition, the surfaces bounding the units are outlined. Note
that there is a vertical exaggeration.

other units are assumed to be made of clay. We expect spatial variations
in terms of petrophysical properties within each lithology as a result of
sedimentological changes, while we do not expect major spatial varia-
tions of lithologies within each unit. The two petrophysical parameters
of interest are electrical resistivity (ρ) and hydraulic conductivity (K).
They are modeled within the units using 3D Gaussian Random Fields
(GRF) (Chilès et al. 2009, e.g.) simulated with the circulant embedding
spectral method (Lang et al. 2011). This method is faster for large 3D
models compared to SGS when inequalities are not needed. In addition,
as mentioned before, pilot points are implemented to represent a possible
non-stationarity within the domain. They are used to parameterize the
local spatial mean for the 3D GRF simulation during the data assimila-
tion. Fig. 6.4 shows a cross-section through one realization of an ArchPy
petrophysical model. The three simulated surfaces and the topographic
surface define the four units. Two are considered to be mainly clay and 2
are considered aquifer. Thanks to the ArchPy hierarchical approach, we
can simulate different parametric fields for each of the units, according
to the prior range of values.

The borehole logs were digitized by the Swiss Geological Survey during
the GeoQuat project (Volken et al. 2016). As discussed above, we dis-
tinguish only aquifer formations from aquicludes. Note that most of the
boreholes were drilled for the exploitation of the shallow aquifer. There-
fore, most of them stop before or when they reach the bottom of the



124 Chapter 6: Valley-Scale Stochastic Inverse

Table 6.1: Geostatistical parameters used by ArchPy to generate the
geological models. The variogram type used for all the litho-facies, resis-
tivity, and hydraulic conductivity models is exponential.

Stratigraphic surface model

Unit 2 3 4

variogram type linear linear linear
range x and y [m] 1000 1000 1000

sill [m2] 70 150 150

Litho-facies model

Unit 1 2 3 4

Type gravel-sand clay gravel-sand clay
uniform facies

Resistivity Model

facies mean range range sill
[log10[Ωm]] x [m] z [m] [log10[Ω2m2]]

gravel-sand 2 – 2.7 200 20 0.05
clay 1.3 – 1.8 20 4 0.01

Hydraulic Conductivity Model

facies mean range range sill
[log10[m/s]] x [m] z [m] [log10[m2/s2]]

gravel-sand -5 – -1.5 200 20 0.01
clay -9 – -6 200 20 0.05

upper aquifer. The vertical depths are then usually between 3 to 12 me-
ters. Only 3 wells reach the lower aquifer at more than 40 m depth. All of
these wells were incorporated into ArchPy and used to constrain the geo-
statistical simulations. An important feature of ArchPy is the integration
of inequalities (Schorpp et al. 2022) during geostatistical simulations. A
well that does not reach the top of a certain unit may still have an ef-
fect on the local uncertainty since it indicates that this surface must be
absent at that location, or deeper than the bottom of the well. The com-
plete ArchPy model used for the prior generation can be found in the
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Figure 6.5: Extent of the simulation with the available data illustrated
besides. The base map is published open access by the Swiss Topographic
Office.

Zenodo repository, as a Python object (Neven et al. 2023). A summary
of the parameters subject to assimilation and their prior distribution is
available as supplementary materials (Table S1).

Geophysical Data

The tTEM data come from a large-scale acquisition carried out in 2020.
Data are publicly available. All characteristics of the system, data pro-
cessing, cleaning, and validation, were documented in Neven et al. (2021).
Data are used in raw electromagnetic decay sounding form (dB/dt), and
therefore are not affected by any inversion choice.The forward code used
to simulate the models is a 1D Time-Domain EM implemented in Fortran
in AarhusInv (Auken et al. 2015). The use of a 1D forward simulation
code is common when dealing with EM technology (Auken et al. 2015;
Farquharson et al. 1993; Scholl et al. 2009, e.g.). The relying assumption
is that locally the subsurface can be considered in his vertical dimension
only. The full system geometry is used for the calculation of the syn-
thetic responses. These responses can then be compared with the raw
electromagnetic decay measured on the field. As mentioned in the data
descriptor, the uncertainty associated with the observations in the data
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is derived from the multiple stacking of soundings during the acquisi-
tion, directly in the instrument. As mentioned in Auken et al. (2019),
the tTEM instrument calculate the uncertainty by stacking few hundreds
measurement. In the area of Belp, 6400 soundings of 29 gates each are
integrated (see Fig. 6.5).

Hydrogeological Data

Hydraulic head measurements are from a large-scale piezometric cam-
paign (Kellerhals et al. 1981b). At the same time, the heads were mea-
sured at hundreds of points in the valley, 35 of which are in our area of
interest. The levels of the two rivers were also measured. Recent but less
dense measurements acquired in 2020-2022 showed that those previous
measurements are still representative of current aquifer conditions. Due
to the lack of sufficient time series to compare with, we decided to use
only a steady-state model in this paper. The forward groundwater model
is two-dimensional and is based on ModFlow6 (Hughes et al. 2017). Fig.
6.6 shows the comparison between the heads simulated using a 2D trans-
missivity model and a complete 3D model for an ArchPy realization. We
denote only a marginal loss of information with an average difference in
heads of less than 12 centimeters. We can denote that the heads further
away from the boundary conditions, which also present an intermedi-
ate head value on figure 6.6, are also those that present more variations
between the 3D and the equivalent transmissivity simulation.

Recharge was estimated using precipitation measured at the site and was
set spatially uniform to 652 mm of rain per year. River boundary condi-
tions were imposed along the two stream paths (see Fig. 6.5) using the
altitude profile of the streams and the hydraulic heads measured during
a piezometric campaign in the river (Kellerhals et al. 1981b). A head is
imposed with a stream conductance damping (Hughes et al. 2017). In ad-
dition, two constant head boundary conditions were assigned: one along
the southeast boundary of our model and one along the north boundary.
Their value was set to, respectively, 506 m and 516 m, following the iso-
head of multiple measurements. All known water pumping wells present
in the area were added as flow boundary conditions, and their estimated
flow is provided in Kellerhals et al. (1981). A conceptual representation
of the groundwater flow model is available as supplementary material
(Fig. S2). All Modflow 6 files are also available in the Zenodo repository
Neven et al. (2023). During data assimilation, only the hydraulic con-
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Simulated Heads [m]

Figure 6.6: Comparison of the hydraulic heads in the 35 measuring sta-
tions computed using a complete 3D flow model and the 2D equivalent
transmissivity model.

ductivity field and the geometry of the aquifers, and consequently the
resulting transmissivity, are corrected. The other parameters are kept
constant. They could be included in the data assimilation procedure in
the future to improve the performance of the model.

Validation and Indicators

In applying data assimilation methodology to real data, unlike a syn-
thetic test, the true geology, parameter fields, and uncertainty are un-
known. To quantitatively measure the validity of our results, we imple-
mented serveral indicators.

The first indicator used to benchmark the quality of the models is the
data misfit. It benchmarks the agreement between the predicted data and
the observations. This indicator is not used during the inversion since
ES-MDA does not need an objective function. But, as mentioned before,
ES-MDA will try to minimize a combination of terms that includes the
misfit. It is used here to assess the posterior compatibility of the data.
The residual at a given iteration is :

DataMisfit =

√√√√ 1

N

N∑
i=1

(dobs,i − dfrw,i)2

σ2
d,i

(6.7)
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where dobs is the observed data, dfwr is the simulated data, σd is the
uncertainty of the observed data and N is the total number of data point.
The indicator is dimensionless and allows us to analyze different types
of data on a comparable basis.

To have a better representation of the permorfance of the parameters
prediction, the next indicators rely on a cross-validation algorithm based
on the borehole data. This involves selectively withholding a portion of
the conditioning dataset from the simulation to create a basis for com-
parison and evaluate the prediction quality against these intentionally
unaccounted-for boreholes. However, the spatial correlation inherent in
the data means that a random selection of boreholes could lead to an
overestimation of algorithm performance if the omitted boreholes are
close to each other from a different fold. To counteract this, we employ
the K-Means clustering algorithm (Hartigan et al. 1979) to the spatial
coordinates of the boreholes, segregating them into 20 groups. This en-
sures boreholes in close proximity fall into the same group, providing a
more accurate representation of the algorithm’s performance.

From these 20 groups, we randomly assemble five similar-sized folds.
For each fold, we generate a unique ArchPy prior ensemble, each time
excluding the data of one fold, accounting for approximately 20% of
the total data. Following this, we apply the data aggregation algorithm
independently to all five sets, allowing for a comprehensive evaluation
of its performance. The results of each set are then compared against
their corresponding excluded boreholes to assess the prediction quality.
These models are created only for the purpose of quality assessment and
function independently from the complete models, which incorporate all
available borehole data. This separation guarantees an unbiased evalua-
tion of performance while ensuring that the final models yield the most
accurate representation possible, given the available data.

Since our main objective is to illustrate and test the application of mul-
tiple data types assimilation to hydrogeology, we will also benchmark
the performance of our models to outline the boundary of the aquifer.
Therefore, we define three quality indicators for each borehole: the mean
error, the mean normalized error, the Continuous Rank Probability Score
(CRPS). The three indicators are applied on the predicition of the thick-
ness of the upper aquifer, which corresponds to the altitude of the surface
that defines the limit between the Unit 1 and the Unit 2. This limit is
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also the one the most frequently defined in the boreholes. The mean error
allows controlling that there is no constant positive or negative bias in
the prediction and that the correct value is predicted on average. The
mean error is defined as :

ϵkx,y =
1

N

n∑
i=1

(zki,x,y − zboreholex,y ) (6.8)

where ϵkx,y is the mean error in iteration k at position x and y. N is the
number of members, zki,x,y is the prediction of the thickness at the posi-
tion x, y in the model i and zboreholex,y is the true thickness of the aquifer
from the description of the well. Therefore, the error is defined at each
borehole position and should converge to zero on average. The second
indicator is the normalized error. It is defined as the mean error divided
point-to-point by the experimental variance of the simulation results. It
shows if the predicted magnitude of the uncertainty is comparable with
the actual ensemble errors, assuming a Gaussian distribution of errors.
Normalized error is then defined as :

Ek
x,y =

(ϵkx,y)
2

(σk
x,y)

2
(6.9)

where Ek
x,y is the normalized error in iteration k at position x and y,

and σk
x,y is the experimental standard deviation calculated over the sim-

ulation results of the n members at position x and y. The normalized
error should converge on average to 1, meaning that the uncertainty is
in the same order of magnitude as the ensemble error. Finally, we used
the Continuous Rank Probability Score (CRPS) (Gneiting et al. 2007).
The CRPS is sensitive to both bias and uncertainty. It is defined as being
the integral between the Cumulative Distribution Function (CDF) of the
ensemble of the predictions at a given point and the step-function CDF
of the discrete true value at the same point. It is expressed as :

CRPSk
x,y(F, z

borehole
x,y ) =

∫ +∞

−∞

(
F (y)− 1(y > zboreholex,y )

)2
dy (6.10)

where 1 is the Heaviside function, so that 1(y > zboreholex,y ) = 1 if (y >

zboreholex,y ) and 0 otherwise, and F is the Cumulative Density function of
the ensemble of predictions at a given point. The minimum CRPS score
is zero, and is reached if the prediction is correct with no uncertainty.
If the prediction has a small uncertainty and is not biased, the score
will be relatively small. On the contrary, as soon as the prediction is
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Figure 6.7: Simulated Heads versus Measured Heads in the 35 groundwa-
ter monitoring stations for the a) 500 Prior models and b) 500 posterior
models. The dashed line is the perfect prediction.

biased or the uncertainty large, the CRPS increase. Unlike normalized
error, CRPS has the advantage of not assuming a normal distribution of
errors. All these indicators are point indicators, and will be calculated
on all excluded boreholes positions for all five folds.

6.4 Results
500 initial members were generated using ArchPy. This set reflects the
prior knowledge and will be referred to later as the prior. Figure 6.8 shows
the evolution of the observation misfit thought the iterations. 10 ESMDA
iterations were carried out. Iteration 0 corresponds to the prior obser-
vations. We denote a global decrease of the residual, with a mean total
joint residual of the data (geophysical and hydrogeological) decreasing
from 15.1 to 4.1. Of course, since the number of geophysical data points
is much higher than the number of hydrological measurements, the total
misfit closely follows the geophysical misfit. However, the hydrological
misfit also shows a decrease in terms of variability and average value.
We can see that the residual tends to greatly reduced in the first itera-
tions, meaning that good results could probably be achieved in less than
10 iterations.

The computing time per iteration is about 4h20, for about 3 million
active cells. On this total time, about 75% is dedicated to the forward
calculation and the rest to the update of the model. The ensemble of
models after data assimilation will be referred to as posterior. Fig. 6.7
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Figure 6.8: Evolution of misfit between the simulated observations and
the measured observations. Iteration 0 corresponds to the prior models
simulation

Figure 6.9: Example of a cross-section through the prior and posterior
models showing the depth of the aquifer along a 2.5km line. The ensem-
ble of simulations is shown in gray, and the arithmetic mean is shown
in red with the 95% confidence interval envelope (2.5% and 97.5% quan-
tile of the ensemble). The decreasing uncertainty at 4600 m is due to a
conditioning borehole.

compares the heads measured in the valley with the heads predicted
from the 500 models at the same position, both prior and posterior. A
decrease in terms of variability of the heads can be denoted, and the final
ensemble of prediction is closer to the perfect prediction line. It suggests
that the posterior ensemble is capable of predicting heads in the domain
fairly well.
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Fig. 6.9 shows a cross-section through the model with all the boreholes
taken into account. 75 members drawn out of the 500 of the prior and
the posterior are compared in terms of the depth of the upper aquifer.
The reduced uncertainty at the 4’600 m position is due to the presence
of a conditioning borehole and is therefore consistently present in both
prior and posterior sets. The locations of the geophysical EM data are
outlined in yellow in the posterior cross-section. Only the points that
are collocated are shown, but the effect of neighboring points can occur.
We denote a clear reduction in uncertainty in the posterior compared
to the prior, where geophysical data have been acquired. The confidence
interval is significantly reduced. Where no geophysical data is present,
the uncertainty logically tends to be equivalent to the one in the prior.
When applying ESMDA, one common risk is the collapse of the poste-
rior, where all members converge to a similar model, potentially leading
to an underestimation of uncertainty. In the present case, despite 11 iter-
ations, each model in the posterior ensemble exhibits notable differences,
suggesting that the uncertainty estimation is reasonably accurate. How-
ever, it is important to acknowledge that validating the correctness of
uncertainty estimates can be challenging.

One clear advantage of the presented methodology is that the final mod-
els are hierarchical. For example, for most applications in hydrology, the
thickness and extent of the aquifer are of key interest. Unlike the 3D
electrical resistivity field, in this workflow, the thickness of the aquifer is
part of the model and can be easily extracted. Fig. 6.10 shows the mean
depth of transition between the shallow aquifer and the aquiclude over
the 500 members. The estimated uncertainty is also outlined. We can
denote the zero uncertainty points in both the posterior and the prior,
which correspond to the borehole positions where the depth is consid-
ered certain. The results appear to be spatially consistent. First, the
variations in terms of aquifer depth show continuity over the range of a
data point update in the Localization Matrix, and therefore beyond the
effect of a geophysical point. The critical distance was set to 150 meters,
which means that above twice this distance, for example, a geophysical
measurement cannot have an effect during the update. Large areas with
lower or higher depth are due to information that is actually brought
by the data. It suggests that distant geophysical data are consistent and
are successfully incorporated during the ESMDA inversion. Secondly, the
continuous lower or higher depths are elongated in a SE-NW orientation,
which is consistent with the deposition phases estimated at this site, de-
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Figure 6.10: Mean depth of transition between the shallow aquifer and
the aquiclude over the 500 posterior simulations (after data integra-
tion) and prior simulations (boreholes only), and associated uncertainty.
The uncertainty at the location of the boreholes. The coordinates are in
UTM32 (epsg: 32632). Basemap freely obtained from the Swiss Federal
Office of Topography.

spite the fact that the variograms used for the generation of the prior
are isotropic. Third, we note that the uncertainty is reduced where and
only where geophysical data are present and kept unchanged far from
them. Finally, the small artifacts that we can see mainly in the Prior are
due to neighboring wells that carry a significant difference in terms of
aquifer depth, probably unrealistic due to their close position from each
other, and cause an abrupt change.

Cross-validation was performed using 5 distinct folds, 500 members, and
10 iterations each. The variable cross-validated here is the thickness of
the first aquifer. The aggregated results are shown in Fig. 6.11. Each fold
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Figure 6.11: Results of the Cross-Validation: a) Error distribution for
prior and posterior models b) Evolution of the uncertainty (2σ) between
the posterior and the prior. A Positive value means a reduced uncertainty
in the posterior, where a null value means that so significant changes
has occurred. c) Distribution of the Normalized error d) Cumulative
distribution of the Continuous Ranked Probability Score (CRPS).

is amputated of 20% of the borehole dataset. The purpose is not only
to benchmark the results of the data integration algorithm, but also to
compare them with the borehole-only approach. For this reason, cross-
validation was also performed using only prior knowledge before data
integration. Several results can be highlighted. First, compared to the
prior models, the error range is smaller and is centered on zero (see Fig.
6.11a). This unbiased error is a critical point and suggests that, unlike
the prior, we tend to equally over- and underestimate the thickness of
the aquifer. This proves that this methodology can perform well even
if the prior is uncertain or not totally correct. Fig. 6.11b shows that a
global reduction in uncertainty is clearly visible almost everywhere in
the domain,especially in places that are surrounded or covered by tTEM
points. No negative change in uncertainty was denoted between the prior
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and the posterior. Despite this global decrease in uncertainty, the nor-
malized error is improved (Fig. 6.11c). The combination of these two
indicators shows that the uncertainty in the posterior is smaller and is
better scaled to the ensemble error. Furthermore, some remaining out-
liers points are in fact far from any measurements and consequently will
only be slightly changed between prior and posterior. The distribution
is asymmetric; with most of the values being lower than one; it sug-
gests that in some locations the data assimilation algorithm still tends
to slightly overestimate the uncertainty.

Unlike the normalized error, the CRPS shown in Fig. 6.11d) has a target
value that is also the arithmetic minimum: 0. CRPS is used to com-
pare a probabilistic prediction with a deterministic truth by integrating
their cumulative density function. The CRPS has the advantage of not
assuming a Gaussian distribution of the error and considers the prob-
abilistic forecast as a whole. In our case, we denote that the CRPS is
distinctly better in the posterior than in the prior, both in terms of global
distribution or in terms of arithmetic mean. We can then assume that
the posterior models give a better forecast in terms of aquifer thickness
than a borehole-only-based model, without any manual integration of
geophysical data.

In the above results, the thickness of the upper aquifer was used since it is
the information that is the most present in the boreholes and can there-
fore be used for cross-validation and comparison. However, our data inte-
gration in the discrete geological model approach can also provide various
other information. First, the distribution of the petrophysical parame-
ters can be retrieved. Figure 6.13 shows an E-W cross section through
one posterior realization (Fig. 6.13 a and c) and the mean petrophysical
fields (Fig. 6.13 b and d). Since the petrophysical models are generated
from the discrete unit model, where each cell is assigned a specific layer,
we denote sharp transitions between the different facies. On the other
hand, the mean realization is much smoother, since it is averaged over
the members. For the resistivity mean cross section (Fig. 6.13d), we can
see that averaged smooth petrophysical properties are closer to what
can be achieved with classic deterministic inversion, compared to a sin-
gle model (Fig. 6.13 c). Figure 6.13 e) compares the smooth inversion of
the same tTEM data published by Neven et al. (2021). To facilitate the
comparison of the structures, the mean resistivity field over the realiza-
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a) Joint petrophysical parameters distribution b) Second aquifer probability map - Posterior

Borehole reaching lower aquifer

Figure 6.12: a) Joint Posterior Distribution of the two petrophysical pa-
rameters of interest in the aquifer: Electrical Resistivity (Rho) and Hy-
draulic Conductivity (K). b) Probability of the presence of the second
aquifer at a depth less than 50 m with the position of the boreholes
reaching the second aquifer.

tions is added in grayscale. The agreement between the mean resistivity
field and the 1D resistivity models is satisfactory.

Figure 6.12 a) shows the joint distribution of resistivity versus hydraulic
conductivity in the upper aquifer after inversion. As a reminder, in the
prior both proprieties were assumed to be normally distributed around
uniformly distributed random means drawn at the pilot points position.
Recall that the uniform range for the pilot points was for resistivity and
hydraulic conductivity, respectively, 100−500(102−102.7)Ω·m and 10−5−
10−1.5 m · s−1. The resulting prior petrophysical distributions for the
upper aquifer are shown in orange in Fig. 6.12a. Logically, the maximum
of the prior distribution of parameters corresponds roughly to the average
of the initial pilot point values. The predicted value range in the posterior
is smaller compared to the large prior range. Interestingly, the results of
the data integration show two distinct populations not present in the
prior (see Fig. 6.12a). We can denote that the two populations are clear
in terms of hydraulic conductivity but overlap in terms of resistivity.
The values for both resistivity and hydraulic conductivity are within
the expected range in the area. Finally, Fig. 6.12b shows the probability
of encountering the second aquifer above a certain depth. Since only
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Figure 6.13: E-W Cross-Section (y = 5’194’568 m UTM32N) comparing
the hydraulic conductivity field of one posterior model (a), the mean
hydraulic conductivity over the posterior members (b), the resistivity
field of one posterior model (c), the mean resistivity over the posterior
members (d), and the 1D resistivity models from a deterministic smooth
inversion of the tTEM data (e) from Neven et al. (2021). The dashed
black line is the standard depth of investigation, retrieved from the in-
version. The gray scale base map of (e) is the mean resistivity over the
posterior members (d).
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Figure 6.14: Thickness of the aquiclude, acting as the separation of the
surface and shallow aquifers. Low thicknesses are correlated with a higher
risk of pollutant contamination from the shallow aquifer to the lower
protected aquifer. Zero-incertitude points are boreholes. The coordinates
are in UTM32 (epsg: 32632). Basemap freely obtained from the Swiss
Federal Office of Topography.

4 boreholes reach this second aquifer, the probability in the prior is
almost uniform at 50%. The data aggregation algorithm has provided
a significant amount of information, reducing the probability in some
areas of the valley and predicting with high confidence the presence of
the aquifer in other places.

Another interesting result is the possibility to assess the vulnerability
of the second aquifer. Shallow aquifers in quaternary settings are gener-
ally more affected by pesticides, fertilizers, or permanent contaminants
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(PFAS for example) than the deeper ones. In Switzerland, these prob-
lems lead some water authorities to start targeting deeper aquifers to
produce drinking water. Quantifying the potential connection between
the shallow and deeper aquifers is therefore an important practical issue.
The modeling framework proposed in this paper allows estimating this
thickness in every simulation and post-processing them to obtain some
statistical estimates. Fig. 6.14, summarizes such results. The thinner the
aquiclude, the higher the risk of communication between the upper and
lower aquifer, and consequently the vulnerability of the second aquifer
to surface pollutants. Fig. 6.14 shows that the uncertainty is relatively
high in the set of prior simulations. It is low only around the seven bore-
hole locations. Note that among these boreholes only three are touching
the deeper aquifer and are used as conditioning points, while the others
have not reached the second aquifer and are used as inequalities in the
conditioning of the geostatistical simulations. The use of the EM data
allows to constrain better the thickness map and reduce significantly the
uncertainty (Posterior results in Fig. 6.14). But we observe that the pos-
terior uncertainty still remains much higher than the uncertainty of the
thickness of the shallow aquifer. The uncertainty reduction is lower, this
is certainly due to the higher depth and the presence of a thick clay layer
because the EM method is only poorly sensitive to structures at a large
depth.

Finally, we show the effect of the data assimilation on different particle
tracking scenarios to illustrate the impact of the method on possible so-
lute transport predictions. The prior and posterior models are compared.
Using the simulated heads of the groundwater model, the advective path
is calculated for each of the members. We used the same hydrogeological
forward model as the one used for inversion. As shown earlier (Fig. 6.7),
the hydraulic heads are much less dispersed in the posterior simulations.
Fig. 6.15 shows four situations with a different initial location for the
contamination source and shows their respective prior and posterior ad-
vective paths. In all the cases, the uncertainty has been reduced by in-
tegrating the geophysical and groundwater data. We observe that all
the posterior paths are contained within the prior. This suggests that
a model based only on boreholes could be used to estimate the travel
path uncertainty, but the uncertainty would likely be much too broad.
For example, in the case of scenarios A and B (Fig. 6.15A and B), the
river in which the pollutant may appear is not identified with confidence
in the prior since it could reach either the Aare river on the east or the
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Figure 6.15: Advective particle path computed using the Prior and Pos-
terior models for 4 different starting sites. For readability, only 100 mem-
bers are represented.
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Grube in the middle of the domain when the posterior distribution has
clearly identified the most probable case. Fig. 6.15C-D illustrates how
the thicker and more permeable aquifer areas identified through the as-
similation of the data affect the path. The thicker aquifer northwest of
the area (see Fig. 6.10) drains most of the particles along an impermeable
boundary of the valley.

6.5 Discussion
The methodology and results presented in this study have proven the fea-
sibility of integrating geological, geophysical, and hydrogeological field
data to obtain consistent models at the scale of a part of a regional
aquifer. The use of two different data types through joint inversion has
proven to be a valuable approach. The two distinct hydraulic conduc-
tivity populations (Fig. 6.12a) probably correspond to two distinct sub-
aquifer regional granulometry changes, which is typical of highly het-
erogeneous Quaternary environments. The two populations cannot be
distinguished from resistivity only, since their respective ranges overlap,
despite an order-of-magnitude difference in hydraulic conductivity. How-
ever, geophysical measurements constrain the thickness of the aquifer.
Consequently, the space of uncertainty of the transmissivity is reduced,
and the space of uncertainty for the hydraulic conductivity is limited.
Without joint inversion, it is probable that these areas would have been
considered to be a shallower aquifer section, instead of a less permeable
one.

To accelerate the forward computations, we used a simplified 2D ground-
water model. This is not a requirement for the proposed methodology,
but it constitutes a reasonable simplification in the aquifer that we stud-
ied and with the available integrated head data. In a thicker aquifer
with precise head measurements collected at different depths, this 2D ap-
proach would not be adequate to represent the system since the vertical
flow components across the geological formations may have an important
impact. In these situations, a complete 3D groundwater model would be
required. Similarly, the use of 1D EM forward for inversion is widespread
but significant differences can occur between 2D or 3D modeling in the
case of complex geology such as seawater intrusion for example (Kang et
al. 2015). However, our method lies in between since even if a 1D forward
code is used, the underlying model is still 3D and has some constrains.
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The proposed workflow has the advantage of being flexible and could
easily be extended to account for more physical processes and param-
eters. The data assimilation method could include other types of geo-
physical or groundwater measurements and allow identifying additional
model parameters such as storativity, porosity, or river conductance, as
well as boundary conditions or source terms. Combining more informa-
tion would require developing appropriate prior distributions for all these
additional unknowns but could help to better quantify the overall uncer-
tainty in groundwater models. The downside could be that adding more
parameters, especially global ones, could lead to more spurious correla-
tions in the ESMDA procedure and could also increase significantly the
computing time required for the assimilation algorithm.

Compared to a classical geophysical inversion, the data residual of the
proposed approach is much higher (4.1 versus less than 1 in the previous
inversion by Neven et al. (2021)). Indeed, the classical deterministic in-
version is only constrained by the regularization applied to the inversion
algorithm. These fairly loose constraints allow the minimization scheme
to fit the data almost perfectly. In contrast, our inversion scheme in-
volves much more prior knowledge, such as the number of layers, the
distribution of the parameters, and their spatial continuity. The final
models are therefore the best models that fit both all the data and the
conceptual knowledge of the area. For example, some local areas may
show a thin additional layer of clay within the upper aquifer; this is not
considered by the conceptual model and will result in a higher residual
close to the point. Additionally, as shown in Figure 6.13, the mean of
the realizations is very similar to the deterministic inversion. It is a good
indicator that the space of uncertainty around this mean optimum is cor-
rectly represented by the ensemble of posterior models. It is also possible
that the variogram models chosen for the parameter fields simulation are
not suited, or that the number of pilot point should be increased. The
balance between the representation of the detailed complexity and the
large-scale structures always depends on the purpose of the final model,
and one should be aware that the prior model will need to reflect the
level of expected details. For hydrological observations, we denote only
a marginal decrease of the residual. The fact that only a steady state
model was used limits the amount of information which can be gathered
from the hydrological data. The use of dynamic data such as tracer test
or piezometric time series could probably increase the contribution of
the hydraulic data.
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Figure 6.16: Experimentals variogram on the bottom of the aquifer sur-
face (surface 1) along the X and Y axis for the posterior and the prior.

We do not assume a specific petrophysical relationship a priori. The geo-
statistical simulations for each petrophysical parameter are independent.
The only prior knowledge that links resistivity and hydraulic conductiv-
ity comes from the prior distribution of the mean values for each layer
(and rock types) drawn at the pilot point locations. This means that a
permeable layer will always be associated with high resistivities; how-
ever, extremely high values within the high aquifer resistivity range will
not necessarily be associated with high permeability within the aquifer
values range.

The cross-validation performed on the prior models has revealed a bias of
about -4 meters on average. Even if this error might seem negligible, for
an aquifer that has a mean thickness of about 5-6 meters, it represents an
important bias in terms of available resources. We interpret this result as
a classical example of sampling bias and should be carefully considered
when making geological models. The prior mean depth used for the geo-
statistical simulation is calculated by averaging the available thickness
data from the boreholes. However, when the aquifer is deep, most drilled
wells for geothermal heat pumps or irrigation do not reach the bottom of
the aquifer. Therefore, the exact thickness of the aquifer is unknown at
these locations. This leads to a sampling bias toward smaller thicknesses
and consequently to a bias in the prior model. We note that the ESMDA
approach successfully identified the bias and recenter the distribution.
Choosing a correct prior when bias exists in the available data is a gen-
eral issue when dealing with Bayesian approaches, and was previously
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noted in the review by Linde et al. (2015). Properly capturing the het-
erogeneity and statistical parameters from the wells is straightforward
with variogram-based methods and the simplicity of the approach makes
the transcription of prior conceptual knowledge into statistics easier than
with other more advanced object-based or multiple-point statistics mod-
eling methods. Combining variogram-based geostatistical methods with
inversion offers a good balance between simplicity and realism. If the
prior is not totally statistically correct (such as the bias in the mean
altitude of a geological interface in this study), data assimilation may
correct it. The variogram of the posterior distribution of the base sur-
face of the upper aquifer was compared to the original variogram model
from the prior simulation in Fig. 6.16. It reveals that data aggregation
has significantly changed the variogram, its sill has been reduced by a
factor of almost two. This posterior variogram could help to scale ac-
cordingly similar areas that are not covered by geophysical measurement
by assuming that the statistics are similar. Getting reliable and data-
based variogram models in geology is always difficult, and applying this
methodology to other environments could create potential databases of
analogs.

As mentioned above, the total computing time was about 4h20 per iter-
ation. The complete workflow was parallelized on 30 CPUs. Despite the
reduced-dimensionality strategy, the forward simulations still represent
75% of the computing time. To accelerate even further the algorithm, one
possible future research direction could be to employ non-physical sur-
rogate modeling, such as, for example, machine learning (Bording et al.
2021; Juda et al. 2021). Using a less computationally expensive approach
for the first iterations, or the complete inversion, could significantly speed
up the computation.

6.6 Conclusion
This paper has shown the feasibility of integrating geological observa-
tions, an explicit geological concept, hydrogeological, and geophysical
data on a shallow quaternary aquifer. Using the Ensemble Smoother
for Multiple Data Assimilation (ESMDA) algorithm, the methodology is
able to effectively integrate all these data and provide robust uncertainty
estimation.
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The approach consists in generating and updating a consistent ensemble
of 3D geological models that are obtained using the ArchPy hierarchical
approach. To accelerate the ESMDA computation, we propose to run the
forward physical simulations in a reduced dimension that is different for
the geophysical and hydrogeological problems. In addition, the nature of
the ESMDA algorithm allows for benefiting heavily from parallel com-
puting. The application of the methodology to the upper Aare Valley in
Switzerland, with actual field data, demonstrates the applicability of the
proposed workflow in real situations. The stochastic nature of the method
and the existence of the underlying complete 3D geological model allows
for estimating uncertainty, with the advantage of being able to retrieve
not only petrophysical fields but also some underlying quantities derived
from the model, such as the thickness of the aquifer, or the probability
of occurrence of a protection layer above an aquifer. This feature can
be used to deliver specific critical information for decision-makers which
would not be simple to derive at the aquifer scale from geophysical data
only.

To conclude, the results presented in this paper demonstrate that cou-
pling the ArchPy methodology with ESMDA is a promising approach
that could be applied to a wide variety of problems. All the components
of this methodology are available as open-source Python-based software
that can easily be modified. For example, any other forward simulator
could be coupled with the existing code to extend it to a wide variety of
situations to constrain the geological models with other types of geophys-
ical observations or other hydrological processes such as heat or solute
transport.

Additional information
Data availability The tTEM data are published in Neven et al. (2021).
Most of the boreholes are distributed by the Canton of Bern (http:
/ / www . agi . dij . be . ch). Some part of it is distributed by Swis-
stopo, through the GeoQuat project (Volken et al. 2016), and can be
obtained upon request for research purpose. To facilitate reproducibil-
ity, the ArchPy models (prior and posterior) and the flow model used
for the flow simulation can be found in the zenodo repository (https:
//zenodo.org/record/8047723,Neven et al. (2023)).
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Accession codes The geostatistical codes used in this study are im-
plemented in the python ArchPy package freely available at https://
github.com/randlab/archpy. The 1D forward code used is AarhusInv
developped by the Aarhus University Hydrogeophysics group (Auken et
al. 2015). The AarhusInv code is free to use for research purpose. The
flow model code used in the open-source ModFlow 6 code (Hughes et al.
2017).
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7.1 Introduction
The main objective of the work presented in the previous chapter is the
inversion of hydrological and geophysical data within the same geologi-
cally consistent framework. Of course, the ultimate goal is to aggregate
all the data available in the valley, and not only in the Belp area (see
previous chapter). However, at the time of this thesis, the realization of
the complete hydrological concept of the valley is still in development.
Instead of using a hydrological model that is not well adapted to the
site, we decided to work only on a subset of the area where the hydrolog-
ical conceptual model was already defined. For this reason, the complete
joint inversion study was only performed in the Belp area, towards the
north of the valley, where the boundary conditions and the hydrological
concept were better defined. The results were presented in the previous
chapter. However, to prove the feasibility and scalability of the method,
an inversion was carried out throughout the valley, using all the bore-
holes in the area and the tTEM soundings. The site of interest in the
complete Upper Aare Valley, between the cities of Thun to the South,
and Kehrsatz to the North. Hydrological measurements are not taken
into account in this model. This short chapter only shows preliminary
results of the geophysical inversion only, and briefly comment on them.

7.2 Preliminary Results
All the methodology described in the previous chapter is kept unchanged;
for this reason, no methodology will be detailed here. The model is
slightly coarser compared to the Belp area, with a resolution of 50 m
x 50 m x 4 m. The parameters and the number of layers are kept simi-
lar. We expect that the conceptual geological conceptual model will not
change drastically between the north and the south. The model includes
1430 wells and all geophysical soundings within the area of interest. How-
ever, the soundings were downsampled to the model resolution. Only one
sounding is kept per model cell in this preliminary example. Although
even if nearly all of the acquisition area has been considered, this re-
sults in the inclusion of only a small fraction of the available soundings.
Specifically, fewer than 10,000 soundings are included out of a total of
over 50,000. Figure 7.1 shows the spatial distribution of data within the
valley. The model is 24 km long and ranges between 1 and 3 km in
width. The total surface modeled is about 48km2. As denoted before in
the Belp area, there is a clear inverse correlation between the position
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Figure 7.1: Aare Valley Modeling Area, with the Position of the Boreholes
and the tTEM used for the inversion

of the tTEM and the boreholes. The city of Munsingen, for example, is
clearly visible with a really high density of boreholes and no tTEM cov-
erage. The tTEM aquisition stopped toward the south before the city of
Thun, because most of the remaining area is military-owned. Since the
model is larger, the inversion computing time was about 44 hours on a
30 CPU machine.

Figure 7.2 A) shows a cross section with 100 realizations after 10 itera-
tions of ES-MDA, and the statistics of the bottom of the upper aquifer.
The areas where geophysical data were acquired and the position of the
cross section are outlined in 7.2 C). We can denote that, similarly to
the Belp Area, the ES-MDA algorithm has successfully reduced the un-
certainty where no data were available in prior. The prior model shows
fairly uniform mean and standard deviation through the section, sug-
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gesting that no conditionning boreholes are close, and that the ensemble
distribution converges to the mean and variance of the statistical model.
An interesting point to note in the section is that the posterior surface
ensemble is mainly outside the prior distribution. This was also noted
in the Belp area, but is even more clear in the present example. This
suggests that the prior models calculated from the boreholes probably
underestimate the thickness of the aquifer significantly beyond its uncer-
tainty due to an unadapted prior. This is probably another example of
sampling bias in the data. The areas where the thickness of the aquifer is
the most important tend to be unmapped because the boreholes do not
reach the bottom of it. Since the statistical model was fited at the depth
derived from the boreholes, the same bias will propagate in the model.
This issue is a common issue in statistical modeling, and no solution
exists if there is additional prior hard knowledge or the use of informed
assumptions.

Figure 7.2 B) shows the point-to-point probability of being in an aquifer,
calculated over 510 members, compared to the prior knowledge. Prob-
ability is calculated by dividing the number of times a certain cell is
simulated as being part of an aquifer by the total number of simula-
tions. As mentioned above, the prior is poorly informed in the area, with
almost no boreholes. The probability distribution converges to the statis-
tical prior. This is why the bottom aquifer probability seems flat around
the depth of -70m, which is the average depth at which boreholes hit the
lower aquifer in the valley. The posterior shows significant changes, both
in terms of the upper and lower aquifer distribution. The upper aquifer
becomes extremely well resolved, where the lower aquifer position seems
to be more probable on one side of the valley.

Figure 7.3 shows the average thickness of the upper aquifer in the upper
Aare Valley, and the associated uncertainty. As expected, no changes in
the model are visible on the southern side of the model. No geophysical
data are present in these areas, and therefore no update was conducted
between the prior and posterior. This proves that the use of a localization
matrix as a way to reduce the potential spurious correlation was success-
ful. The uncertainty is reduced where geophysical data is present. We
denote a clear N-S trend in terms of the depth of the aquifer. This trend
was established before using boreholes (see Fig. 7.4) but the integration
of geophysical data gives an unprecended look at its extent. Figure 7.4
only shows the boreholes that reached the bottom of the aquifer (equal-
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Figure 7.2: A) Mean upper aquifer depth and several realizations along a
section in the Upper Aare Valley and comparison between the posterior
and the prior. B) Probability of presence of the aquifer facies (Sand
or Gravel) along a section in the Upper Aare Valley, and comparison
between the posterior and the prior. C) Map of the area and cross section
position (blue line) with the tTEM coverage in orange.

ity points) and their value. On the right side of the figure, the posterior
model is added. As mentioned several times through this thesis, we ob-
serve that the boreholes are not regularly distributed in the area. We
clearly see the Munsingen area, where many wells are concentrated, for
example. However, we can also denote that deeper aquifer areas in the
posterior tend to be unsampled by the boreholes. It is possible that this
is an example of sampling bias. The assumption is that outside of the
cities, the probability of a well being drilled is spatially roughly uniform,
but the probability that this well reaches the bottom of the aquifer is
inversely proportional to the aquifer thickness.
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Figure 7.3: Mean depth of the upper aquifer in the complete Aare Valley,
compared with a borehole-only-based model (prior) and their associated
uncertainty
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In terms of geological interpretation of the results, several points can be
noted.

• Close to Heimberg, we see a clear narrowing of the valley (see
Zone1 in Figure 7.3). Intrestingly, this narrowing also corresponds
to a clear deepening of the surface aquifer, both in the prior and in
the posterior. The posterior even slightly extends the over-deeping
area. This over-deepening can be interpreted as a change in the
deposition conditions due to the topographic lock.

• Just above this area (see Zone2 in Figure 7.3), at roughly the center
of the model, we have the arrival of one of the main side valleys
of the area of interest. The Oberdiessbach valley joins the upper
Aare Valley from the East. The valley axis appears to prolong
in the upper Aare Valley, perpendicular to the normal flow of the
Aare, to the form of a significantly shallower area. The side valley is
much steeper in terms of topography compared to the Aare valley.
The gain in altitude in the side valley is greater at a distance of
100 m than the total topographic difference in the Aare Valley.
This change in stream regime when entering the valley can cause
the deposition of many finer sediments during glacial retreat, and
potentially cause a shallower aquifer (Messan 1992).

• Between the Oberdiessbach valley and the city of Munsingen, sev-
eral points can be denoted (see Zone3 in Figure 7.3). First, we can
see discontinuities in terms of the thicknesses of the aquifer. Where
the prior model estimated a more or less homogeneous aquifer, we
see much more variations in the posterior. Then, we also see the
large abnormally close to Munsingen. At this position, two bore-
holes have identified almost 100 meters of porous and saturated
rocks. The anomaly is present in both models and its shape was
refined by geophysical data. We believe that this could be gravi-
tational deposits on the side of the valley, but more data will be
needed to give a more precise answer.

The points above give an overview of the knowledge that can result from
the data integration workflow on a large scale.

As mentioned above, the final ensemble is also associated with a rela-
tively high geophysical residual when compared to the classic geophysical
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Figure 7.4: Posterior model of the depth of the aquifer compared with
the depth retrieved from the boreholes. The boreholes were used in the
prior and are therefore, by definition, all in agreement with the posterior
model.
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Figure 7.5: Map of the position of the 4 cross-sections visible on Fig. 7.6
and 7.7
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inversion. The simulated soundings are several orders of magnitude out-
side of the uncertainty of the original data. Figures 7.6 and 7.7 compare
the resistivity models recovered from the ES-MDA ensemble with the
classic deterministic inversion results presented in Chapter 3. The posi-
tions of the cross sections are outlined in Figure 7.5. In general, we can
denote that the 4 cross sections are visually similar and show consistent
features. Cross Section 1 shows that the same soundings were inverted
coherently in the two approaches. At position x = 380m, both models
predicted a thicker and more conductive second layer. The same proper
identification of aquifer thickness can be denoted in cross section 2. The
resitivity values of the layer are different. The smooth inversion tends to
converge to a larger resistivity contrast between the layers. Sections 3 and
4 focus on the identification of the second layer. The cross-section 3 is an
area of high residual. The ES-MDA inversion does not manage to reduce
the residual as much as the deterministic inversion. This cross section is
close to a well that has successfully hit the lower aquifer at a depth of
approximately 75m. In this case, we believe that the variogram used in
the prior modeling is too constraining, and none of the prior models are
able to fit the data. This leads to a possible poor correlation between
the data and the model parameters and therefore to no correction. Cross
section 4 on the other hand shows that only a few hundred meters away,
the ES-MDA inversion successfully inverts a parametric model close to
the one generated by deterministic inversion.

Figure 7.8 compares the same cross section in the original deterministic
Geoquat model provided by the Swiss Geological Survey, the CF model
presented in Chapter 4, the posterior ArchPy simuation, and the Smooth
1D inverted EM models introduced in Chapter 3. The cross section is
the same as the one introduced in Figure 7.2. Overall, the main struc-
tures are quite coherent between the three methods and the inversion.
It is important to note that the 3 models are binned in a regulard grid,
when the inverted models are discrete point. For this reason, the spatial
resolution of the resistivity line is higher, and the soundings may be not
perfectly colocated with the grid, but are extremely close. All models
agree with the presence of an aquifer at the top, but this was expected
since it is present through the valley. However, there are several differ-
ences in terms of the thickness of the aquifer. The CF inversion is only
guided by a relatively simple geological conceptual model, only assuming
some continuity in the structures (regularization in the inversion) and
is mainly based on boreholes to infer the translation function. In this
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Figure 7.6: Cross-section showing the mean resistivity model retrieved
from the ArchPy-ES-MDA posterior ensemble, and the inverted resistiv-
ity models using a deterministic smooth regularization. The models are
blinded at the standard DOI estimation. Position of cross-section 1 and
2 are shown on Fig. 7.5

situation, the model predicts a thick aquifer, with a possible thickness
of about 50 meters in some areas. The upper aquifer has on average a
resistivity of about 400-500 ohmm, when the lacustrine clay showed re-
sistivity usually below 60 ohmm. However, in some areas, the aquiclude
has a low hydraulic conductivity but a lower content in conductive clay.
In those areas, the resistivity of the aquiclude can be higher, up to 100
ohmm. As mentioned above, only a few wells are present in the area,
possibly causing a poor constraint on the translator function in the area.
Consequently, the model predicts a thick aquifer. On the other hand, the
ArchPy and Geoquat models are based on conceptual knowledge of the
area. Two aquifers, usually separated by a clay layer, of variable resistiv-
ity are expected to be present. Consequently, this layer is represented in
the models.
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Figure 7.7: Cross-section showing the mean resistivity model retrieved
from the ArchPy-ES-MDA posterior ensemble, and the inverted resistiv-
ity models using a deterministic smooth regularization. The models are
blinded at the standard DOI estimation. Position of cross-section 3 and
4 are shown on Fig. 7.5

The final part of the results analyses the computing time of our inversion.
As shown in Figure 7.9 and Table 7.1, one iteration of ES-MDA inversion
took approximately 4 hours. The time is more or less evenly distributed
between the forward and inverse. Most of the workflow is paralelized,
and therefore, two times are provided. The duration per model per CPU
is the computing time for one model on a single CPU. If several models
are computed in parallel over different CPUs, the time per model can
be reduced and the duration per model can be calculated. For example,
the forward consists in solving the EM forward for the 10’000 sound-
ings times 510 models. AarhusInv takes about 4:46 for one model, but
since it is parallelized over 20 cores, the code solves parallelly 20 models
and therefore needs 4:46 for 20 models. The same logic is used for all
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Figure 7.8: Comparison of the same cross section from the GeoQuat
model, the CF model, the ArchPy after ES-MDA inversion, and the
geophysical deterministic inversion. The Cross-section is a E-W section
cross the valley, just at the north of the Kiesen village (x = 391’688 m
in UTM32N)
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Duration for 510 members

Initial Simulation

Forward Calculation

Kalman Gain
Computation
Model parameters
update

Populate Models

Total Time

03:57:14
51 %

20 %
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per iteration

Forward
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Figure 7.9: Computing times for the first iteration of the ES-MDA in-
version on the full-valley scale

Table 7.1: Computation time for the first iteration of the Full Aare Valley
inversion

510 members Step Duration
model

Duration
model·CPU CPUs

00:08:33 Initial Simulation 00:00:01 00:00:31 31
02:01:29 Forward Calculation 00:00:14 00:04:46 20
00:47:33 Kalman Gain Computation 00:00:06 00:02:53 31
00:47:24 Model Parameters Update 00:00:06 00:00:56 10
00:12:45 Populate Models 00:00:02 00:00:47 31

3:57:44 TOTAL 0:00:28 00:09:53

steps. For efficiency, it is recommended to select the number of models
such as mod(nMembers, nCPUs) = 0. Due to RAM usage, some part
of the workflow runs on fewer CPUs than is available. For example, up-
dating the model parameters involves large matrix multiplication and is
demanding in terms of RAM. Increasing the available RAM could speed
up these steps.

7.3 Discussion
The preliminary results presented in this chapter prove that our method-
ology can be applied successfully not only in the Belp area, but also in
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the entire valley. When a reasonable groundwater model is available for
the entire area, joint data integration could be performed. However, this
chapter still proves that a geophysical-only inversion can still bring a
wide amount of knowledge.

We saw in the results that the computing time is evenly separated be-
tween forward and inverse. In this workflow, all the steps that could
take advantage of multithreading were optimized. If one wants to speed
up the inversion without increasing the computational power, the use of
simplified forward will be needed. This could be achieved by using ma-
chine learning-based forwards (e.g. (Bording et al. 2021)). In these cases,
the forward does not need to solve complex physical equations but just
evaluate the neural network. This could result in significant acceleration
if training time is not taken into account or if the trained network can
be reused for different sites. The use of a more efficient matrix inversion
method can also be considered to speed up Kalman-Gain computation.

The high geophysical residual of the models are probably due to a com-
bination of various causes. First, the mean resistivity value was only
constrained by pilot points. Some continuity is expected and will not be
able to fit the small-scale variations of resistivity. Secontly, an inadapted
prior ensemble will not allow ES-MDA to converge properly, unlike a
deterministic inversion where the prior is more diffuse. Increasing the di-
versity of the prior ensemble and adding more pilot points will certainly
diminuish the residual, but increase the computing times.

An interesting point is the comparison between the different models (Fig.
7.8). As mentioned in the results, we denote differences between the CF
model and the two other models. Beyond a simple difference in terms
of aquifer thickness, we have here two different results that are due to
two different approaches, relying on two different philosophies. On the
one hand, we have two models that are dominated by prior knowledge
and conceptual ideas (Geoquat and ArchPy), while on the other hand,
we have a data-based model relying on almost no prior knowledge of the
area (CF model). The two approaches showed good results, and both are
plausible. In the cross section presented in Figure 7.8, it is possible that
the two aquifers identified in the ArchPy inversion are in fact connected.
But since the conceptual model of the area expects the presence of a sep-
aration between them, this scenario will probably be overrepresented in
the posterior models. The CF model does not have this bias; still it relies
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only on data. However, infusing prior knowledge can definitely improve
the quality of the inversion, and this was proven throughout this thesis.
But no uncertainty in the prior conceptual idea of the valley was consid-
ered. In this case, problems will arise if the data is integrated in areas
that are not compatible with the prior knowledge. Even if ES-MDA has
the capability to move outside of the prior, a complete change of con-
ceptual idea is unlikely. In the presented case, the conceptual model is
not changed and is uniform throughout the valley. It is possible that bet-
ter results could be achieved by taking into account various conceptual
models and combining them. Again, it proves that efficient and precise
geological modeling can only be achieved by joint efforts that bring to-
gether geologists, geophysicists, and modelers.

7.4 Conclusion
In the presented section, we drafted some of the results of the complete
valley inversion. Since no conceptual groundwater model is yet avail-
able, only the geophysical data were integrated with the boreholes using
ArchPy and ES-MDA. It proves the applicability of the methodology
that effectively integrates geological and geophysical data at the scale of
a complete valley. The data are assimilated using Ensemble Smoother
for Multiple Data Assimilation (ES-MDA), which leads to a robust error
estimation. The methodology reduces computing times by using forward
in a reduced-dimensionality and parallel computing. The methodology
was applied to a real site in Switzerland The final ensemble of models is
compatible with a significant number of geophysical soundings, demon-
strating its potential for a wide range of applications.
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This thesis has studied several approaches to generate large hydrogeo-
logical models automatically and applied them on a Pilot Site in the
Upper Aare Valley, Switzerland. The data collection included a large
1500 hectares towed Transient Electro-Magnetic campaign that resulted
in about 58’000 soundings after processing. Due to the large amount of
data, an automatic interpretation technique had to be developed. The
first technique is derived from the CF transfer function introduced in
Christiansen et al. (2014) and Foged et al. (2014). This methodology
uses boreholes to invert a transfer function that minimizes the mis-
match between the predicted lithology derived from resistivity models
and the observed lithology in the boreholes. The method was coupled
with a stochastic MPS interpolation to propagate the uncertainty down
the workflow, up to the final model.

Following the development of ArchPy within the PheniX project, the the-
sis focused on the integration of different data types within a geologically
consistent framework. Given the high dimensionality of the problem and
the will to robustly estimate uncertainties, the most determining choice
was the inversion technique. Several methods were tested in the Markov
chain Monte Carlo class, such as Metropolis-Hastings algorithm, itera-
tive spatial resampling (ISR) (Mariethoz et al. 2010b) and the posterior
population expansion (POPEX) (Jäggli et al. 2017). However, even for
a 2D problem whose dimension was way below the targetted one, the
number of iterations needed to converge was consequent and infeasible
combined with the relatively long geophysical forward calulation times.
Due to their ability to effectively address large-scale estimation issues
in various fields, such as calibration of weather forecast models, ensem-
ble methods for data assimilation were selected. We focus especially on
the use of the Ensemble Smoother with Multiple Data Assimilation (ES-
MDA) algorithm introduced by Emerick et al. 2013. The algorithm was
tested in a synthetic 2D case and combined with a hierarchical inversion
approach. This approach was chosen to take advantage of the ArchPy ca-
pabilities of hierarchical modeling. The inversion produced good results,
and therefore the methodology was upscaled to 3D and applied to real
data. The following sections summarize the main conclusions and limi-
tations of the main aspects of this thesis and will include propositions of
improvements and further research directions in the field.
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8.1 Large Dataset Aquisition
This thesis successfully collected a large amount of data. To better un-
derstand the spatial heterogeneity of the valley, we collected a large
and detailed time-domain electromagnetic (TDEM) data set in the up-
per Aare Valley, Switzerland. TDEM data were acquired in an area of
1500 hectares with a 20-meter spacing and are available for access at
https://doi.org/10.5281/zenodo.4269887 (Neven et al. 2020). TDEM is
an efficient and trustworthy method of measuring the magnetic field
that is directly related to the underground resistivity. Inverted resistiv-
ity models derived from the acquisition of TDEM data present a range
of investigation depth (DOI) between 40 and 120 meters with an average
residual contained within the standard deviation of the data. Inverted
resistivity models revealed important variations in terms of resistivity
through the valley. The upper aquifer presents important variations in
thickness, with some overthickened areas where the thickness exceeds the
DOI (more than 100m) and some others where the clay aquiclude is only
a few meters below ground. This illustrates why spatial heterogeneities
have to be considered when the objective is to model medium- to large-
scale areas. It also proved that the tTEM method developed by Auken
et al. (2019) is an efficient method to map large areas of quaternary
deposits.

However, as mentioned in Chapter 3, EM methods are also extremely sen-
sitive to coupling. In a valley like the Upper Aare Valley, all the antropic
infrastructures (train line, highway, power lines) are built at the bot-
tom of the valley, where the topography is the flatest. This high density
of disruption caused important couplings, and some important part of
the original dataset had to be discarded during processing. Therefore,
the applicability of this geophysical method could be limited in densely
populated and anthropized areas.

8.2 Clay Fraction Inversion
In this chapter, we developped and applied a new method to generate 3D
clay fraction models from boreholes and TEM data, using field data from
the Upper Aare Valley. Our approach combines the clay fraction estima-
tion algorithm of Foged et al. (2014) with a non-deterministic TI-based
multiple-point statistic algorithm. The method provides uncertainty es-
timates that can inform the acquisition of additional data. The method
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is data-driven and does not rely on manual interpretation of structures.
It is also fully automatic, including the inversion of the translator func-
tion, the automatic fit of the variogram for the GRF error model, and
the generation of different training images and conditioning data for each
MPS simulation. The user needs to select only a few parameters, with de-
fault values available, but the process is largely automated. The method
can also reproduce structures that cannot be modeled using traditional
two-point interpolation methods. The method was benchmarked using
cross-validation and was shown to be unbiased. It predicts uncertainty
within the same range of magnitude as the actual error. The model was
then compared with the existing GeoQuat deterministic model and pre-
sented significant improvements. Finally, the comparison of both models
with geological observations along new boreholes not included in the
database at the time of the modeling shows that the method accurately
predicts general trends, even relatively far from the geophysical data.
The workflow could be integrated with public databases to enable regu-
lar updating of the 3D clay model as new field data become available.

However, several limitations in this methodology must be underlined.
First, the ACT algorithm is based on the colocation of the observations
to infer the translator function. EM measurements will need to be at least
close to the wells in order to have a robust objective function during the
parameter inversion. However, in a lot of cases, the EM measurements
cannot be exactly co-located with the EM measurements. In the method-
ology originally proposed by Christiansen et al. (2014) and applied in the
present study, a small distance krigging is used to propagate the clay frac-
tion from neighboring tTEM models to the position of the boreholes and
calculate the misfit. This interpolation in environments that could show
major spatial discontinuities or where the borehole density is low could
be problematic. This need for colocation is one of the major limitations
of the ACT method, but also what allows the method to work with only
few prior knowledge.

Secondly, even if the uncertainty from the data can be propagated to the
model, one source of uncertainty is not taken into account: the fit of the
translator function itself. For example, in some areas, the final parame-
ters of the translator function can better predict boreholes CF than in
other areas. The causes can be diverse, such as errors in the lithological
logging of the boreholes, important spatial variations of the resistivity-
clay fraction relationship, inadapted regularization constraints on the
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inversion function inversion, or a lower local density of the wells that
causes a poorer constraint on the parameters. However, once the func-
tion has been optimized, its parameters are deterministic and assumed to
be certain. Finally, for a wide variety of applications, the actual variable
of interest for the end user is, of course, derived from the Clay Fraction,
such as the depth of an aquifer, but not the CF itself. Translating the
CF probability to an aquifer thickness for example can be tricky, and
the choice at which probability of clay the transition between the aquifer
and the aquiclude occurs is difficult. Even if this indicator is useful, it
may be difficult for a large audience to adopt it.

8.3 MultiFidelity Stochastic inversion
In this chapter, we have shown, using synthetic tests, that ES-MDA and
ArchPy can be combined to create a powerful framework for performing
geologically consistent inversions. This approach enables the integration
of different types of data in a consistent and stochastic manner, thus re-
ducing global uncertainty on groundwater models. By incorporating the
multi-fidelity approach, this study has demonstrated a more efficient in-
fusion of prior geological knowledge into the inversion process, leading to
the generation of more realistic geological models in a shorter time. The
use of hierarchical multi-fidelity has been beneficial in ensuring that the
models remain geologically consistent throughout the inversion process.
This has improved the quality of the models generated. Furthermore, hy-
drogeophysical joint inversions have been effectively decomposed and en-
hanced within a multi-fidelity and hierarchical framework, demonstrating
the versatility and usefulness of this approach in the solution of complex
problems.

The authors have also highlighted the usefulness of ArchPy’s models as
priors for inverting complex 3D models. This chapter has shown that the
proposed approach is a promising method for performing geologically
consistent inversions that can reduce global uncertainty on groundwa-
ter models. In summary, several main conclusions can be drawn from
this chapter. Firstly, ES-MDA is an efficient tool for generating an en-
semble of plausible hydrogeological models in a multi-fidelity framework.
Secondly, hierarchical multi-fidelity helps to maintain geologically con-
sistent models during the inversion process while improving their qual-
ity. Thirdly, hydrogeophysical joint inversions can be decomposed and
enhanced within a multi-fidelity and hierarchical framework. Finally,
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ArchPy’s models provide valuable priors for investigating subsurface un-
certainty. However, one limitation is that the choice of an erroneous
geostatistical prior within Archpy could decrease the realism and con-
vergence rate of the inversion algorithm. This issue should be considered
when applying the method to real data sets, and the solution requires
proper analysis of all available field data and conceptual knowledge to
identify the adapted geostatistical parameters. If the data are not suffi-
cient to constrain the prior model, a possible solution would be to use
published data from analog sites and generate a broad ensemble of mod-
els using different priors.

An important point to mention is that the groundwater model used for
the synthetic case in the study is not very informative. Since the signal
is only "naturally" induced and diffuse, the forcing on the permability
is limited. It results in poor results obtained with hydrogeological data
alone and without geophysical data. The use of different hydrogeological
situations, such as including pumping tests or tracer tests, is likely to
improve the identifiability of hydraulic conductivity.

8.4 Valley Scale Data integration
The results of this chapter demonstrate the effectiveness of ArchPy cou-
pled with an ES-MDA framework in generating a plausible and robust
ensemble of hydrogeological models. The case applied in the upper Aare
Valley clearly illustrates the ability of this workflow to integrate differ-
ent types of data into a geologically consistent framework. In addition to
retrieving petrophysical fields, this approach can also estimate discrete
hyperparameters, such as the depth of an aquifer. One of the most sig-
nificant advantages of this methodology is its ability to combine different
types of data, including wells, geophysical, and hydrological data, within
a geological-driven framework. This approach allows for robust error es-
timation, ensuring that the resulting models are plausible and realistic,
within a reasonable time frame. The benefits of this methodology are
further supported by the results of cross-validation, which highlight the
advantages of using this approach, particularly in cases where the prior
is uncertain.

Overall, the results of this chapter suggest that ArchPy coupled with
an ES-MDA framework is a promising tool for generating large-scale
realistic and plausible hydrogeological models. The approach presented
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in this study has a wide range of potential applications and could be
used to address a variety of complex problems in geology, hydrology, and
related fields.

8.5 Perspectives
This thesis has extensively explored stochastic data integration in large-
scale geological models. We started by trying to interpret the inverted
geophysical data in a similar way as a human would try to interpret a
geophysical line through the use of the ACT algorithm. We then extend
the work by trying to bypass the deterministic petrophysical inversion
and directly fill the gap between the data and the geological model. Both
methodologies showed good results for a computing time that is compa-
rable. We believe that both can be used, depending on the data and
knowledge available on a site. The CF approach has the advantage of
relying on a lesser amount of conceptual knowledge than the ArchPy ap-
proach. The only prior is the assumption of a relative spatial continuity in
terms of translator function parameters and starting values for the trans-
lator inversion. This last prior knowledge will especially have a determin-
ing effect far from borehole conditionning points. In these positions, the
relative diffuse conceptual model will therefore produce a poorly con-
strained model. On the other hand, the ArchPy approach requires much
more site knowledge, such as rough site caracteristics and typical pa-
rameter ranges. In our experience, these conceptual prior knowledges
are often available, but can be tricky to formally describe. These more
formalized priors will produce more complex geological models far from
conditionning data points, and will include multiple layers, for example.
However, for large-scale models, it is possible that the chosen conceptual
model is not valid throughout the site. Therefore, it will lead to a realistic
but inadequate model. In summary, both approaches have strengths and
weaknesses. The use of one or the other will depend on the purpose and
the amount of knowledge available. However, where possible, we believe
that more complex prior and modeling methods such as ArchPy should
be considered priorily.

In addition, several perspectives and research directions can be indi-
cated. First, we must make an effort to standardize and centralize the
data. This axis of research lies between political will and the research
itself, but is the basis of all the data-based modeling. When we start
dealing with large databases, unformity of description, positionning, or
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unit identification has to be ensured. To date of this thesis, there is no
guideline for the description of boreholes in Switzerland. Each 26 regions
have their own policies and rules when it comes to data management,
and each company has its own way of describing cuttings. In almost all
cases, data transmission is done in Portable Document Format (PDF),
and most of the information is not digitalized. There is no centralized
database for either wells or geophysical data. Expanding the work pre-
sented here to other areas or even country-wide will not be possible
without the data supporting it. Swiss authorities have to move towards
systems that have existed for years in Danemark or Belgium for example,
where the transmission of the data to the authorities is done through a
defined format, with only a control of the data from the authorities. Pub-
lic authorities will need to establish a standardization of the description
of wells in collaboration with the universities and all actors in the field.

Secondly, a possible improvement of the ACT method would be the use
of a stochastic inversion framework to tune the parameters of the trans-
lator function. In doing so, the uncertainty on the parameters of the
translation function could be efficiently estimated and propagated. This
would be even more critical if some part of the investigated site has
no boreholes and is beyond the regularization range because the deter-
ministic inversion would leave the parameters unchanged at the starting
value. A stochastic inversion will also not change the parameters range
in such areas, but will then just converge to the distribution of the prior,
reflecing a high uncertainty.

The major part of this thesis focused on the use of ArchPy and the
stochastic inverse algorithm. In this context, two main research direc-
tions could emerge. First, expanding the work presented in Chapter 6
to the entire Aare Valley with the inclusion of a hydrological model is
a clear follow-up of this thesis. However, certain challenges will arise:
In the case presented in Belp, the hyperparameters of the hydrological
model are kept unchanged. These parameters, such as, for example, the
recharge volume, the inflitration ratio, the river conductance or all of the
boundary conditions, will probably affect much more the prediction of
the complete valley size model, compared to the smaller example pre-
sented in this thesis. Indeed, the distance between the main north and
south boundary conditions will be multiplied by more than 12. The cou-
pling of all those parameters with the inversion will be necessary and
will include a detailed analysis of which parameters should be included
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and at which spatial scale. Another point that will be of interest and
has not been extensively analyzed in this thesis is the balance between
multiple data types during the ES-MDA inverison. Previous unpublished
work from the author has shown that the stability of an objective func-
tion with data of different natures and different orders of magnitude can
become unstable. The balance between the hydrological and geophysical
data in Belp seems to be satisfactory, but extensive tests have not been
performed within this thesis.

This thesis has shown that ES-MDA has succeeded in updating com-
plex hierarchical models. The choice of ES-MDA was mainly due to the
high number of parameters involved. To our knowledge, no other inver-
sion scheme can be as efficient for large datasets as ES-MDA. However,
this efficacity comes with several disadvantages, such as inbreeding. The
inbreeding term was first introduced by Houtekamer et al. (1998) and
describes the fact that iteration after iteration, the ES-MDA members
become more and more coupled. This is mainly due to the fact that the
same ensemble is used to calculate the Kalman Gain matrix and the mis-
fit. The method used in this thesis to counterbalance this is the method
proposed by Leeuwen et al. (1996) consisting of the use of an inflation
factor alpha, avoiding the collapse of the ensemble to a single model. In
addition, we took a number of ensemble larger than what is usually seen.
However, despite this factor, ES-MDA has trouble efficiently scaling the
uncertainty. In this paper, an extensive analysis was not performed and
such an analysis will be needed. In addition, another disadvantage when
the dataset is getting large is that the matrix inverse calculation during
the Kalman gain can become computationally extremely expensive. As
seen in Chapter 7, the computing time is almost equally distributed be-
tween the physical forwards and the inverse. In the valley inversion, for
example, each pseudo-inverse took about an hour on a high-performance
cluster. For this step, this calls for the use in the future of either a more
efficient pseudo-inverse method, the implementation of singular value de-
composition approaches or the implementation of local updating, where
only a subset of the model is updated iteratively. For the forward part,
the use of machine learning based forward (Bording et al. 2021, i.e.) could
speed up the inversion. Finally, I want to point out the difference in scale
between the models and the tTEM acquisition. In the present thesis, the
tTEM has a resolution of around 10m along lines, and 20m cross lines.
However, the desired resolution for a regional hydrological model is often
in the range of 25 to 100 m cell size. We think each update should take
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advantage of the best resolution available. The multifidelity presented in
Chapter 5 could be extended, in a multiresolution framework. The first
part of the update iteration would invert a unit model from the geophys-
ical measurement, with a finer resolution (on the order of 10mx10m),
and the petrophysical permeability simulation would be simulated using
an upscaled version of the surfaces. In doing so, both methods could be
combined at the peak of their efficiency.

This thesis represents a first step towards exploring the potential prac-
tical applications of the new methods presented. By demonstrating the
feasibility and applicability of the approaches, we hope to inspire further
research and development in this field. The data used in this study were
carefully selected to ensure that they are not specific to any particular
site. Consequently, the results obtained could easily be reproduced in var-
ious locations, demonstrating the scalability of the methods. One of the
key contributions of this thesis is the improvement in uncertainty quan-
tification, which is essential for practical applications. We focus specifi-
cally on directly quantifying the uncertainty of the variable of interest,
such as the head, the probability of clay, the flow path, the permeability
or the thickness of the aquifer. Significant improvements in their quan-
tification were achieved. Overall, this thesis provides a solid foundation
for future research and development in this field. The approaches and
results presented here offer a glimpse of what could be achieved, and we
believe that with further refinement and development, they could become
an essential tool for a wide range of day-to-day applications.
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Processed_Data.dat
Column Label Unit Description
1 RECORD Global record number.

Links the data to the
resistivity model in in the
*.inv files

2 LINE_NO Line number (Line number
0 = data/model not tacked
with a line number)

3 UTMX (m) UTMX coordinate, WGS
84 UTM zone 32N
(epsg:32632)

4 UTMY (m) UTMY coordinate, WGS
84 UTM zone 32N
(epsg:32632)

5 ELEVATION (m) Surface elevation
6 NUMDATA Number of data points

(gates) in-use for the seg-
ment/sounding

7 SEGMENT Transmitter moment in-
dicator. 1=Low moment,
2=High moment

8-37 DATA_# (V/(Am4)) Processed z-component
dB/dt data value for gate
number #. 9999 values =
data not in-use/not present

38-66 DATASTD_# STD Data uncertainty for
DATA_#, stated as a
relative STD in log space.

Table A.1: Structure of the .dat datafile

A.1 Processed data file
The table A.1 refers to chapter 3 and provide the details of the processed
data file structure.
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Smooth_Model.inv, Sharp_Model.inv
Colum Label Unit Description
1 RECORD Global record num-

ber. Links the model
the data in the *.inv
files

2 LINE_NO Line number
(Line number 0
= data/model not
tacked with a line
number)

3 UTMX (m) UTMX coordinate,
WGS 84 UTM zone
32N (epsg:32632)

4 UTMY (m) UTMY coordinate,
WGS 84 UTM zone
32N (epsg:32632)

5 ELEVATION (m) Surface elevation
6 DATAFIT Datafit (Data resid-

ual)
7-36 RHO_I_# (Ohmm) Resistivity of layer#.
37-65 THK_# (m) Thickness of layer #.
66 DOI_CONSERVATIVE (m) Estimated depth of

investigation, con-
servative threshold
value used

67 DOI_STANDARD (m) Estimated depth
of investigation,
standard threshold
value used

Table A.2: Structure of the .inv datafile

A.2 Inversion Model File
The table A.2 refers to chapter 3 and provides the details of the inversion
model file structure.
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Forward_Data_Smooth.dat, Forward_Data_Sharp.dat
Colum Label Unit Description
1 RECORD Global record number. Links

the data to the resistivity
model in in the *.inv files

2 LINE_NO Line number (Line number
0 = data/model not tacked
with a line number)

3 UTMX (m) UTMX coordinate, WGS 84
UTM zone 32N (epsg:32632)

4 UTMY (m) UTMY coordinate, WGS 84
UTM zone 32N (epsg:32632)

5 ELEVATION (m) Surface elevation
6 NUMDATA Number of data points

(gates) in-use for the seg-
ment/sounding

7 SEGMENT Transmitter moment indica-
tor. 1=Low moment, 2=High
moment

8-37 DATA_# (V/(Am4)) Model forward response,
dB/dt, for gate number
#. 9999 values = data not
in-use/not present

Table A.3: Structure of the .syn datafile

A.3 Synthetic response file
The table A.3 refers to chapter 3 and provides the details of the synthetic
response file structure.
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