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ABSTRACT
One of the paramount challenges in subsurface investigations is the accurate description of
the spatial variability of parameters that control groundwater flow and solute transport. Aquifer
characterization, however, is often at much lower resolution than assumed by complex numerical models. This essentially means that the reliability of such model predictions is constrained
by the capabilities of the field investigation techniques. For instance, in problems involving
contaminant transport, initial and long-term behavior of solutes are of great significance for risk
or remediation cost assessment. In such cases, relatively thin structures, such as sedimentary
intra-channel deposits or fractures constituting high-permeability zones, are potentially neglected and yet they can have a decisive impact. Therefore, the development of methodologies
capable of providing high-resolution parameter estimates is necessary.
A promising direction for aquifer characterization is the use of tomographic techniques such
as hydraulic tomography and tracer tomography. These two variants have the potential of
providing enough information to image the spatial continuity and interconnectivity of preferential flow paths between wells at sufficient resolution and allow for the reconstruction of flow
and transport parameters. Still, applicability in practice is limited by the lack of robust, versatile
and efficient inversion techniques. Such inversions are crucial for decoding the findings from
tomographic field measurements to the parameter fields of numerical models. This thesis offers
new prospects for hydraulic and tracer tomography by the development of innovative inversion
techniques and their validation in field experiments.
Hydraulic tomography consists of a series of short-term pumping or slug tests. Varying the
location of the source stress (pumping interval) and the receivers (observation intervals) generates streamline patterns that are comparable to the crossed ray paths of a seismic tomography
experiment. Classical inversion methods commonly encounter difficulties in providing facies
reconstruction at acceptable computational costs. On the one hand, sequential methods provide
facies reconstruction at the cost of potentially excessive computational burden. On the other
hand, asymptotic methods are computationally efficient but yield limited insight into appropriate aquifer parametrization. A new hydraulic tomographic inversion procedure is presented that
combines fast travel-time based eikonal inversion with pilot points. By combining the two complementary inversion concepts sequentially, different field data can efficiently be assimilated.
This strongly improves the prediction capabilities of a numerical model. Travel-time based inversion provides a first approximation to the aquifer parameter distribution by using the recorded pressure signals. This rough aquifer imaging is then translated to meaningful information
to guide the pilot points based inversion. Pilot point locations and initial parameters are set
according to the eikonal tomograms. This allows exploring the full information content of the
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pressure signals while minimizing computational times. The developed inverse methodology
was successfully applied to a three-dimensional sedimentary aquifer analogue and at the
Stegemühle field test site. Validation on both scenarios shows that the sequential procedure
reduces the misfit between the predicted and true pressure response in comparison to the results
when only travel-time based inversion is employed.
Tracer tomography is a step forward in comparison to conventional tracer testing for the
reconstruction of transport parameters at a high spatial resolution. Like hydraulic tomography,
tracer tomography makes use of sources, tracers in this instance, and receivers where tracer
breakthrough curves are registered. In this thesis, a new stochastic tracer tomography approach
is proposed based on Bayesian analysis combined with pilot points. The procedure tackles classical pilot point challenges and it estimates not only the pilot point values, but also their number
and suitable locations based on the information content of breakthrough curves. Commonly,
Bayesian analysis requires a significant number of iterations which may be computationally
prohibitive. To overcome this, a new model surrogate is developed that makes use of a fast
pathfinding algorithm to provide first arrival times of the tracer.
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ZUSAMMENFASSUNG
Eine der größten Herausforderungen bei hydrogeologischen Untersuchungen ist die
genaue Beschreibung der räumlichen Variabilität von Kenngrössen, die den Grundwasserfluss
und den Transport gelöster Inhaltsstoffe kontrollieren. Die Auflösung, die bei der
Charakterisierung von Aquifern erreicht wird, ist oft viel geringer, als in komplexen
numerischen Modellen angenommen wird. Dies bedeutet, dass die Zuverlässigkeit solcher
Modelle stark von den eingesetzten Messmethoden und der erreichbaren räumlichen
Beschreibung bestimmt wird. Zum Beispiel ist beim Transport von Schadstoffen sowohl ihr
kurz- wie auch das langfristige Verhalten von großer Bedeutung für die Risikobewertung und
das Kosten-Nutzen-Verhältnis einer Sanierung. In solchen Fällen sind gerade kleinräumige
Strukturen hoher Permeabilität, wie z. B. Rinnensedimente oder Klüfte, bedeutsam. Deshalb
sind Methoden zur möglichst hohen Auflösung von hydraulisch bedeutsamen Strukturen von
grossem Interesse.
Vielversprechende Methoden zur Aquifercharakterisierung sind tomographische
Verfahren wie hydraulische Tomographie und Tracer-Tomographie. Diese Methoden besitzen
das Potenzial, heterogen verteilte Kennwerte von Aquiferen in ausreichender Auflösung
bereitzustellen. So lassen sich die räumliche Kontinuität und Interkonnektivität von
präferenziellen Fliesswegen zwischen Messstellen abbilden und so das Strömungsfeld genauer
simulieren. Trotzdem ist die Praxisanwendung durch den Mangel an robusten, vielseitigen und
effizienten Inversionsmethoden beschränkt. Solche Inversionsmethoden sind entscheidend für
die Umwandlung von Aufzeichnungen der tomographischen Feldmessungen in räumliche
Verteilungen der Kenngrössen für numerische Modelle. Durch die Entwicklung und Nutzung
innovativer Inversionstechniken und deren Validierung in Feldexperimenten erschliesst diese
Arbeit neue Perspektiven zur Anwendung von hydraulischer und Tracer-Tomographie.
Hydraulische Tomographie nutzt eine Sequenz von kurzzeitigen Pumpversuchen oder
Slug-Tests. Veränderungen in der Position der Quelle (Pumpintervall) und der Empfänger
(Beobachtungsintervall) erzeugen Stromlinien-Muster, welche vergleichbar sind mit dem
Muster eines seismischen Tomographie-Experiments. Verfügbare Inversionsverfahren sind
jedoch oft ungeeignet bzw. ineffizient, um aus diesen Mustern die räumliche Verteilung von
Kennwerten oder heterogener geologischer Fazies zu ermitteln. So erfordern sequentielle
Verfahren meist erhebliche Rechenzeiten, während asymptotische Verfahren zwar
recheneffizient sind, aber nur Näherungswerte liefern. In dieser Arbeit wird nun ein neues
hydraulisch-tomographisches Inversionsverfahren vorgestellt, welches eine schnelle Lauftzeitiii
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basierte Inversion mit Kontrollpunkten („Pilot Points“) verbindet. Durch die sequenzielle
Kombination dieser zwei komplementären Ansätze können unterschiedliche Felddaten effizient
verarbeitet werden. Laufzeit-basierte Inversion liefert eine erste Annäherung für die
Parameterverteilung des Grundwasserleiters durch die Verwendung der aufgenommenen
Drucksignale. Diese grobe Abbildung des Grundwasserleiters in Tomogrammen dient als
strukturelle Grundlage bzw. Muster für den folgenden Schritt. In diesem werden die Positionen
der Kontrollpunkte an den ermittelten Strukturen orientiert. Dies ermöglicht, den kompletten
Informationsgehalt der aufgezeichneten Drucksignale zu nutzen, während gleichzeitig die
Rechenzeit zur Inversion minimiert wird. Die entwickelte kombinierte Inversions-Methode
wurde erfolgreich auf einen dreidimensionalen, sedimentären Aquifer-Analog und am
Feldversuchsgelände Stegemühle angewandt. Die erfolgreiche Validierung in beiden Szenarien
zeigt, dass das Verfahren verbesserte Ergebnisse liefert, z.B. im Vergleich zur ausschliesslich
Laufzeit-basierten Inversion.
Tracer-Tomographie baut auf standardisierten Tracer-Tests auf und nutzt sie tomographisch
zur hochauflösenden Rekonstruktion von räumlich verteilten Aquiferparametern. Analog zur
hydraulischen Tomographie werden mehrere Quellen und Beobachtungsstellen kombiniert, in
diesem

Fall

allerdings

Tracer-Eingaben

und

Messstellen

zur

Aufzeichnung

von

Durchbruchskurven. In dieser Arbeit wird ein neues stochastisches Inversionsverfahren für die
Tracer-Tomographie vorgestellt. Es basiert auf einem Bayes-Ansatz kombiniert mit dem
Kontrollpunkte-Verfahren. Ein wesentlicher Beitrag ist dabei die flexible Einstellung der
Kontrollpunkte. Während der Inversion werden nicht nur Werte an den Kontrollpunkten
kalibriert, sondern es werden ebenso ideale Anzahl und Position der Kontrollpunkte bestimmt.
Um den erheblichen Rechnaufwand zu minimieren wird ein schneller „Pathfinding“Algorithmus genutzt, und hiermit Erstankunftszeiten der Tracer genähert. Dies liefert ein
kombiniertes Verfahren, das nicht nur im Rahmen der Tracer-Tomographie, sondern ebenso
auf andere Problemstellungen der Kalibrierung räumlich verteilter Parameter in
Grundwassermodellen angewandt werden kann.
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1 Introduction to hydraulic and tracer tomography

1.1 Background
One of the central topics in subsurface investigations is the accurate description of the spatial variations of subsurface parameters controlling groundwater flow and solute transport. Despite the critical importance of aquifer characterization, the definition of an accurate heterogeneous model is still a challenging task [Mariethoz and Caers, 2014; Kitanidis, 2015; Yeh et al.,
2015]. This is especially true when solute or heat transport is involved, and small scale structures and local preferential pathways may play a decisive role [e.g. Le Borgne et al., 2007;
Huysmans and Dassargues, 2012; Blouin et al., 2013; Huysmans et al., 2014]. Innovative aquifer characterization methods have the capability to provide the required high resolution pictures of the subsurface. Among these, tomographic methods are one of the most promising
choices. Two variants exist, hydraulic and tracer tomography, which are selected for focused
research in this thesis.
Hydraulic and tracer tomographic methods have emerged over the past 15 years [e.g. Yeh
and Liu, 2000b; Vargas-Guzmán and Yeh, 2002; Brauchler et al., 2003; Zhu and Yeh, 2005; He
et al., 2006; Brauchler et al., 2007; Hao et al., 2008; Bohling, 2009; Bohling and Butler, 2010;
Hu et al., 2011; Brauchler et al., 2012; Brauchler et al., 2013a; Illman, 2014; Yeh et al., 2014;
Berg and Illman, 2015], and have shown a great potential for high resolution aquifer
characterization. They can provide an image or tomogram of the subsurface heterogeneity with
emphasis on the spatial continuity and interconnectivity of preferential flow paths. Focus is
primarily set on resolving spatial variability of hydraulic conductivity, and in some cases, additional parameters such as diffusivity are estimated.
Traditional hydrogeological tests such as pumping or slug tests commonly make use of a
single borehole, providing an averaged picture of the examined aquifer volume. Such information may be useful in specific cases, such as regional studies or in water supply management,
but it is hardly sufficient to integrate the decisive role of aquifer heterogeneity in applications
such as remediation planning or risk assessment. In comparison to space-integrating hydraulic
testing, hydraulic tomography employs a series of short-term pumping or slug tests. Varying
the location of the source stress (pumping interval) and the receivers (observation intervals)
generates streamline patterns that are comparable to the cross ray paths of a seismic tomography
experiment (Figure 1-1) [Butler et al., 1999]. The vast amount of pressure response data generated is processed by an inverse model able to reconstruct detailed two- or three- dimensional
hydraulic features at higher resolution than traditional tests [Yeh et al., 2014].
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Figure 1-1. Scheme of hydraulic tomography with source (pumping well, borehole with
slug test) and receiver (depth-dependent recording of pressure signals in observation well)
setup.
Tracer tests are commonly used in hydrogeology to obtain insight in flow direction and
transport-relevant aquifer properties. A wide range of tracer types and methods for interpreting
recorded tracer signals exists. A recent review of the role of tracers in hydrogeology can be
found in Kitanidis [2015] and a classical introduction to tracers is provided by Domenico and
Schwartz [1998]. Tracers with different physicochemical properties can be utilized for investigation of transport characteristics relevant for contaminants, such as revealing preferential flow
paths, the degree of retardation, partitioning, decay, and (macro-)dispersion in aquifers [e.g.
Hess et al., 2002; Pickens et al., 1981; Massmann et al., 2008; Subramanian et al., 2013; Rona
et al., 2014; Kang et al., 2015]. Instead of interpreting integral parameters from single observation wells, combined use of several observation wells and multilevel samplers offers a twoand three-dimensional picture of the subsurface [e.g. LeBlanc et al., 1991; Jurado et al., 2012b;
López-Serna et al., 2013; Fiori et al., 2015; Ye et al., 2015]. Tracer tomography belongs to this
group of tests, where multiple observations points are used and sometimes also multiple tracer
types. Similarly to hydraulic tomography, tracer tomography makes use of multiple simultaneously or sequentially activated sources and receivers arranged in a tomographic way. Sources
denote injection points in different wells or depths, and receivers are sample locations such as
depth-dependent well screens. By means of multiple source-receiver combinations, a certain
aquifer cross section or volume can be examined and transport-relevant structures in the subsurface can be located.
Tracer tomography has been used in diverse instances such as dense, non-aqueous phase
liquid [Yeh and Zhu, 2007] or discrete fracture network characterization [Klepikova et al., 2014]
(see Table 1-1 for a more complete bibliography). Tracer tomography has been commonly less
attractive than hydraulic tomography due to the relatively demanding field implementation and
due to the challenge of combined tracer data inversion. This is reflected in the small number of
9
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Table 1-1. Previous work on tracer tomography with main methodological components and
application cases.

References

Aquifer
lithology
Size
(X,Y,Z)

Boreholes

Breakthrough
curves

12

Duration
(days)

6.1 x 4.3 x 3.5
m

-

Tracers
injected

40 x 10 m

0.08

30 observation
ports

72

Illman et al., 2010b

Sandbox with
Butanol and
three sands (F-75, bromide
#14, and 20/30

Sandbox comBrauchler et al., 2013a
by a Triassic
posed
sandstone block

4 boreholes.
Each has 9 pressure and tracer
sampling points.
2 injections
points

48

288

36

51

44

Bromide,
ethanol,
entatolm
exanol,
pentanol

40 x 20 m

10

96 points

3 profiles

3

-

0.9x 0.45 m

0.7

3 boreholes

512

6.1 x 4.3 x 3.5
m

-

60 x 60 m

0.25

64 observation
points

Vasco and Datta-Gupta,
1999

Helium

30 x 30 x 100
m

-

Sands, gravels and
clay

Datta-Gupta et al., 2002

Heat

50 x 50 x 10 m

4 injection
wells, 12 multilevel samplers, 3
extraction wells

Yeh and Zhu, 2007

Fractured granite
and micaschists

Heat

Synthetic case

Klepikova et al., 2014

Synthetic test

Zhu et al., 2009

Schwede et al., 2014

Inversion
method

First arrival and
“amplitudes” of the
tracer response

Information
used

Temporal moment

5 concentration
measurement for
each BTC

Tracer first moment

9 concentration
measurement for
each BTC

Asymptotic
methods

Sequential
methods

Asymptotic
methods

-

Gradient descend
and transdimen- Temperature profile
sional MCMC

Geostatistical
inversion

10

1.2 Sequential methods

scientific publications dedicated to tracer tomography (see Table 1-1). However, most inversion concepts originally developed for hydraulic tomography may also be applicable for tracer
tomography. In the following, existing hydraulic and tracer tomographic inversion concepts are
discussed in detail.

1.2 Sequential methods
Yeh and Liu [2000b] were among the first to develop an efficient hydraulic tomographic
inversion method, able to deal with a large amount of data generated by multiple sources and
receiver combination. The proposed approach uses an iterative geostatistical inverse method
also known as successive linear estimator (SLE) to capture hydraulic conductivity distribution
using head and discharge data as observations. Also, it has been successfully applied to tracer
tomographic setups using multiple tracers [Yeh and Zhu, 2007; Zhu et al., 2009], see Table 11. The SLE algorithm is initiated by estimating a parameter field based on observations using
cokriging (see Isaaks and Srivastava [1989] for a reference on geostatistics). Then a forward
model is used to evaluate the current parametrization. The steps are repeated to assimilate the
non-linear relationship between response data (e.g. hydraulic head) and system parameters (e.g.
hydraulic conductivity). For a detailed description of the method see Vargas-Guzmán and Yeh
[2002], Zhu and Yeh [2005] and Xiang et al. [2009].
SLE has proven one of the most successful hydraulic tomography inversion methods and
has been tested on both porous media [Straface et al., 2007a; Liu et al., 2007b; Kuhlman et al.,
2008; Yeh et al., 2009; Huang et al., 2011b; Mao et al., 2013] and fractured media [Illman et
al., 2009b; Sharmeen et al., 2012; Illman, 2014]. One of the most remarkable applications of
hydraulic tomography is presented by Zha et al. [2015]. Here, SLE is applied to one of the
world’s largest hydraulic tomographic surveys, comprising four long term pumping tests, covering thousands of meters of fractured geological media. Results show the usefulness of hydraulic tomography in fractured rock and its ability to provide insight into reservoir structures.
Still, SLE investigation and prediction capacities are restricted due to the method formulation. For instance, measurement errors associated with pressure head yield a smoother estimate
field (Yeh and Liu [2000b]). Additionally, kriging, the fundamental interpolator within SLE, is
also known to provide a smooth field [Journel and Journel, 2013]. Furthermore, SLE inversion
may be unfeasible when transient data is used due to long computational times, as discussed by
Zhu and Yeh [2005]. In this thesis I try to overcome the challenges that have been discussed.
For instance, the inversion model proposed in Chapter 4, is able to implement alternative geostatistical models such as multiple-points methods. I also demonstrate how to decrease computational burden by making use of surrogate models.
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1.3 Asymptotic methods
Brauchler et al. [2003] derived a two- and three-dimensional asymptotic inversion model
where the groundwater flow equation is transformed into the eikonal equation. Hydraulic conductivity tomograms are obtained using a Dirac impulse as source signal and peak time or derived travel time diagnostics. Time diagnostics, such as the time at which the pressure pulse
increases to 10% of its final peak value, are commonly used due to the information regarding
preferential flow paths, resulting in a more detailed subsurface heterogeneity characterization
[Cheng et al., 2009]. The method is based on the diffusivity line integral derived by Kulkarni
et al. [2000] and Vasco et al. [2000]:
√𝑡𝑝𝑒𝑎𝑘 (𝑥2 ) =

1
√6

𝑥2

∫
𝑥1

𝑑𝑠

(1.1)

√𝐷(𝑠)

where 𝑡𝑝𝑒𝑎𝑘 is the travel time of the peak of a signal from the point 𝑥1 (source) to the observation point 𝑥2 (receiver), and 𝐷 is the diffusivity as a function of arc-length through the propagation path (𝑠). A detailed formulation is provided by Brauchler et al. [2007]. Hydraulic tomography asymptotic inversions use short-term pumping tests and inexpensive ray tracing techniques or particle tracking methods to compute pressure propagation along trajectories [DattaGupta et al., 2001; Vasco and Karasaki, 2006b; He et al., 2006], providing an efficient and
robust framework for reconstructing heterogeneity [Brauchler et al., 2013c].
Additionally, attenuation-based inversion [Brauchler et al., 2011] is analogous to travel
time based inversion and is able to reconstruct specific storage tomograms. The solution of the
diffusion equation in an infinite domain for a Dirac source is
ℎ𝑑 (𝑟, 𝑡) =

𝜋 𝑟𝑐2 𝐻0
√(4𝜋𝑘𝑡)3 /𝑆𝑠

𝑒𝑥𝑝 [−

𝑆𝑠 𝑟 2
]
4𝑘𝑡

(1.2)

where ℎ𝑑 (𝑟, 𝑡)is the hydraulic head that depends on space and time, 𝑟𝑐 is the casing radius,
𝐻0 is the initial displacement, 𝑆𝑠 is the specific storage coefficient, and 𝑘 is hydraulic conductivity.
Some lab and field implementation examples are presented by Brauchler et al. [2010], Hu
et al. [2011], Brauchler et al. [2013a]. For instance, Hu et al. [2015] applied a time-lapse pressure tomography approach to characterize the CO2 evolution, using a virtual deep saline aquifer.
Their results highlight the capability of asymptotic methods to obtain a high resolution characterization of subsurface heterogeneity, using a considerable amount of data in a short time (commonly less than 1 min.). The price to pay for such fast computing inversion is that not all available information contained in a pressure signal is used. The use of all information content is
one of the main motivations for the development of a new tomographic inversion scheme in the
context of this thesis and presented in Chapter 2. Additionally, a major shortfall of asymptotic
12
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methods is the use of an eikonal equation instead of a flow equation because, as described by
Brauchler et al. [2010], “a numerical flow model would be very complex and would increase
computational effort”. It has been observed, that while spatial facies distribution is largely correctly assessed, hydraulic values are poorly estimated. The methodology presented in Chapter 2
combines both an eikonal equation and flow models to provide a more robust inversion framework. Chapter 3 discusses the accuracy of values inferred by the proposed method in detail
based on independent tracer data and statistical analysis.
Additionally, subsurface models are subject to different sources of uncertainty, e.g. associated with inappropriate configuration of boundary conditions or measurement errors. In asymptotic methods, uncertainty may be assessed using conventional geophysical approaches such as
ray density or sensitivity matrix singular value decomposition [Böhm and Vesnaver, 1996].
Although such uncertainty quantification methods are appealing due to computational efficiency, they are based on linear assumptions and their usefulness is limited. A new direction in
Chapter 4 is introduced in which a stochastic tomographic model is proposed where facies distribution and parameter uncertainty is quantified using a Bayesian inference and pilot points
approach.

1.4 Pilot points
The pilot points method is a widely used groundwater model calibration method [Marsily
et al., 1984; LaVenue and Pickens, 1992; Doherty, 2003]. Model calibration by means of pilot
points represents an intermediate technique between zonal calibration and single cell calibration. On the one hand, it is a more flexible method than using a pre-defined zonation due to the
use of geostatistical models to parametrize the model domain. Additionally, the use of geostatistical models allows the modeler to implement prior geological knowledge and constraints
into the inversion. On the other hand, using pilot points is more efficient than cell calibration.
Instead of individually estimating thousands of numerical model cell values, a limited number
of predefined scatter points are adjusted. Pilot point based methods have been applied in many
scenarios such as sea water intrusion or CO2 storage among others, in combination with deterministic and stochastic approaches (see Table 1-2). It provides flexibility in facies characterization and reasonable computational performance for inversion of highly parameterized
groundwater models [Doherty et al., 2010]. This method has been applied in the context of
cross-well testing [Lavenue and de Marsily, 2001; Vesselinov et al., 2001b; Vesselinov et al.,
2001a] and hydraulic tomography [Castagna and Bellin, 2009; Castagna et al., 2011]. It has
been successfully applied to tomographic data in both porous [Bohling and Butler, 2010] and
fractured media [Illman, 2014]. I selected this established method as a base for the inversion
methodologies presented on Chapters 2, 3 and 4. The basic procedure is as follows (Figure 1-2):

13
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I)

An initial pilot point set is given for the starting parameterization.

II)

The space in between pilot points is filled by geostatistical interpolation techniques.

III)

A forward model is used to evaluate the current parameter/s field/s. Field observations are then compared with model results to propose a new pilot point set.

IV)

Iteration is stopped after termination criteria are met. One or multiple parameter/s field/s honoring field observations are obtained.

Figure 1-2. General workflow of pilot points used for numerical model calibration.
Model calibration by means of pilot points represents an intermediate technique between
zonal calibration and single cell calibration. On the one hand, it is a more flexible method than
using a pre-defined zonation due to the use of geostatistical models to parametrize the model
domain. Additionally, the use of geostatistical models allows the modeler to implement prior
geological knowledge and constraints into the inversion. On the other hand, using pilot points
is more efficient than cell calibration. Instead of individually estimating thousands of numerical
model cell values, a limited number of predefined scatter points are adjusted. Pilot point based
methods have been applied in many scenarios such as sea water intrusion or CO2 storage among
others, in combination with deterministic and stochastic approaches (see Table 1-2). Additionally, is worth noting that the pilot point implementation used in this thesis are independent of
transient or steady-state nature of the chosen model. The difference between transient or steadystate would be noted when computing the objective function or likehood values.
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Table 1-2. Selection of recent applications of pilot points based inversion.
References

Objective

Numerical model
framework

Li et al., 2015

Detect channels
connectivity

-

Xue et al., 2014

Benchmark

INME

Sea water intrusion

SEAWAT

Water-resource
management

MODFLOW-2005

Map fractures

HydroGeoSphere

Burrows and Doherty,
2014
Sepúlveda and
Doherty, 2014

Inversion method
Ensemble pattern
matching
Maximum Likelihood
Bayesian Model
Averaging
Calibration-constrained Monte Carlo

Information
used
Head
Head
Head
Head and flux

Characterize preferential flow paths
Coupling geophysical
and tracer data

Comsol
Multiphysics

Sequential linear
estimator
Ensemble pattern
matching
Markov chain
Monte Carlo

Langevin and
Zygnerski, 2013

Sea water intrusion

SEAWAT

Levenberg–Marquardt

Tavakoli et al., 2013

CO2 storage.

GEM-CMG

Ensemble Kalman
filter

Yoon and McKenna,
2012
Yang et al., 2012

Heterogeneity assessment
Benchmark
Heterogeneity assessment
Aquifer monitoring and
prediction

MODFLOW-2000
and MODPATH
-

Herckenrath et al.,
2011

Sea water intrusion

SEAWAT

Dausman et al., 2010

Sea water intrusion

SEAWAT

Levenberg–Marquardt
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Case studies and sites

Subsurface investigation methods such as hydraulic and tracer tomography require validation in a known and controlled environment. However, geological structures are rarely accessible or directly observed in the field. A trend in recent years has been to use aquifer analogs to
test new methodologies in a ‘‘known reality’’ that serves as a study site [Bayer et al., 2015].
Instead of practical testing, computer-based experiments can be conducted. The analogue offers
the opportunity to work with realistic, complex and multiscale heterogeneities where the subsurface structures are known. This will facilitate a straightforward validation by comparison
with the inversion result and is used in this thesis as described in Chapter 0 and Chapter 2.
Laboratory studies represent an intermediate step between aquifer analogs and field testing.
The aim of laboratory studies is to reconstruct relevant flow and geological transport structures
that are found in a well-known or constructed laboratory-type aquifer. Laboratory studies have
been employed by a number of authors to test new tomographic inversion approaches [Liu et
al., 2002; McDermott et al., 2003; Brauchler et al., 2003; Illman et al., 2007; Liu et al., 2007b;
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Yin and Illman, 2009; Illman et al., 2010a; Berg and Illman, 2012b; Sharmeen et al., 2012;
Illman et al., 2015]. Additionally, laboratory studies allow a large number of source and receiver combinations and flexibility to modify boundary conditions in a way that would be cumbersome or not feasible to do at a field site. For instance, Brauchler et al., 2013a] used a fractured sandstone equipped with 96 observations and injection ports to study tracer tomography.
Finally, field sites represent the ultimate validation environment where theoretical methods
are tested under geological uncertainty. Several experimental field sites are well described
based on comprehensive geological surveys including core investigations and geophysics.
Therefore, insight into aquifer structures exists a priori. Field sites where hydraulic or tracer
tomographic methods are investigated often contain equipment able to realize a large number
of source–receiver configurations in a reasonable time frame. A common approach is the use
of a double packer system [e.g. Doro et al., 2014] to isolate a given section to obtain discrete
measurements along the investigation borehole. Another approach is the use of multi-chamber
boreholes [Einarson and Cherry, 2002] where the well is extruded with internal partitions,
forming discrete channels within the large tube. Each channel wall is screened at a particular
depth. Thus, it is possible to record the pressure response in different depths at multiple wells
at the same time. Sites that are reported in the literature and equipped with such devices are
Kansas Geological Survey’s Geohydrologic Experimental and Monitoring Site (GEMS) [Zhan
et al., 2003; Butler, 2005; Bohling et al., 2007a; Bohling, 2008; Bohling, 2009; McElwee et al.,
2011], the Boise Hydrogeophysical Research Site (BHRS) [Barrash and Clemo, 2002; Cardiff
et al., 2009; Cardiff et al., 2012; Cardiff et al., 2013a] and the North Campus Research Site
(NCRS) [Berg and Illman, 2011b; Illman et al., 2012a; Berg and Illman, 2015]. In this thesis,
field experiments were carried out at the Stegemühle and Widen sites (see below Chapters 0
and 0).
1.5.1 Aquifer Analog
Aquifer and reservoir analogs are often derived from mapping outcrops and they have
mainly been used in the petroleum industry [Pringle et al., 2006]. In particular, structural and
textural features can be deduced that represent the characteristics of the rarely accessible reservoir rocks. Using such analogs allow numerical studies to reflect field conditions as realistically
as possible [Alexander, 1993; Höyng et al., 2014; Bayer et al., 2015].
In Chapter 2 the described inversion methodology is applied to the Herten aquifer analog
described in Bayer et al. [2011]. The Herten analog is a three-dimensional, high resolution, and
fluvio-glacial aquifer analog. It represents a typical shallow sedimentary aquifer containing a
sequence of hydrofacies of poorly sorted gravels, alternating gravels, well sorted gravels and
sand, and pure sand. The numerical model presented in Chapter 2 makes use of an analog realization that was generated using multi-points statistics [Comunian et al., 2011].
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1.5.2 Stegemühle site
The methodology presented in Chapter 2 is applied to the Stegemühle experimental field
test site (Chapter 3) for validation. The site is located south of the city of Göttingen, Lower
Saxony, Germany. In order to carry out hydrogeological and hydrochemical field research under controlled natural conditions, five 1”-, twenty-one 2”- (five of them are multi-chamber
wells) and three 6”-observation wells were installed during the period of 2006 – 2011. The
composition of the shallow subsurface was determined by a variety of methods such as inspection of sediment cores, grain size analysis, direct-push electrical conductivity logging, borehole
gamma-ray logging, electrical resistivity tomography, and seismic travel time inversion [e.g.,
Hu, 2007; Vogt, 2007; Meyer et al., 2014; Hu, 2011]. The aquifer is composed of unconsolidated fluviatile sediments (sand and gravel) of Quaternary age (Weichsel Glaciation). These
sediments have a varying thickness of 1.0 – 3.3 m and are overlain by alluvial clay. The aquifer
bottom is at a depth of 1.9-7.0 m below land surface with erosional contact to the underlying
clay stone formation of Middle Keuper Age. In the middle of the field site, which is the focus
area of this study, the aquifer exhibits confined conditions. Here, Hu [2011] and Brauchler et
al. [2013b] applied multi-level slug tests and observed vertically varying hydraulic conductivities with higher values at the bottom of the aquifer.
1.5.3 Widen site
The method developed in Chapter 4 was implemented at the well-characterized test site in
Widen, located in the Thur valley (Figure 1-3a). More than 20 observation wells were installed
in the area and the test site was defined by different laboratory investigations, hydraulic testing,
tracer testing, and detailed two- and three-dimensional geophysical surveys [Klotzsche et al.,
2010; Linde et al., 2010; Doetsch et al., 2010; Schneider et al., 2011; Coscia et al., 2011;
Doetsch et al., 2012].
Although the site already has a monitoring network, additional boreholes were needed, to
the dense well or observation borehole field that is required when conducting hydraulic and
tracer tomographic investigations. In many instances, closely spaced wells are difficult to drill
using classical methods. To overcome this in unconsolidated formations, direct-push (DP) technology [e.g. Butler et al., 2002; Sellwood et al., 2005; Butler and Dietrich, 2004; Dietrich and
Leven, 2006; Dietrich and Leven, 2009] allows easy access to the shallow subsurface. DP makes
use of hydraulic rams attached to a penetrometer or a high-frequency percussion hammer to
construct small diameter boreholes. Four new multi-chamber wells were drilled using DP technology (Figure 1-3b) during the field campaign of 2012. The tubings are made of high-density
polyethylene. A multi-chamber well is subdivided using internal partitions, forming seven discrete channels within the large tube which serve as observation points. Each channel is screened
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at a particular depth. Thus, it is possible to record the pressure response at seven different depths
in multiple wells at the same time.

Figure 1-3. a) Widen site boreholes and extension of the field site. b) Multi-chamber boreholes drilling campaign. c) Slug test, slug head connected to the data-logger can be observed at
the center. d) Multi-tracer test with surface pump and peristaltic.
Multi-tracer experiments (Figure 1-3d) are the common basis of tracer tomography and are
described in more detail in Chapter 4. The general design for the tomographic tracer measurements consist of the following:
1) Stable flow field is established between well MC2 and well MC4.
2) Uranine, Sulforhodamine B and Na-Naphtionate were injected each in a different chamber of the multi-chamber well (MC2) used for the injection. The tracer injection was
performed instantaneously.
3) The multi-chamber well (MC4) allows for the sampling of three tracer dyes at different
depths over the whole thickness of the aquifer. Due to the small diameter of the chambers, a multichannel peristaltic pump was used for sampling.
The used-dye tracers can be analyzed separately because the dye tracers can be differentiated by their excitation and emission maxima of their wavelengths. The water samples were
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first analyzed by luminescence spectroscopy and then, additionally, by HPLC combined with
fluorescence detection. The advantages of HPLC combined with fluorescence detection, are
that very low concentrations of fluorescent tracer dyes can be spotted.
Additionally, slug tests (Figure 1-3c) were carried out at 2 inches boreholes to obtain independent hydraulic data to validate the methodology presented in Chapter 4. The slug test equipment was designed and constructed at ETH and consists of a packer system, slug head, able to
rapidly release pressure in the chamber, and a data logger to monitor pressure changes.

1.6 Objectives and structure of this thesis
The main focus of this PhD is the development, field implementation, and validation of
hydraulic and tracer tomographic investigation techniques that allow for the reconstruction of
flow and transport parameters with a high spatial resolution. This comprises the implementation
of new inversion schemes, allowing for the integration of multicomponent (hydraulic and solute) datasets in combination with geological knowledge. Another important topic of this thesis
work will be an uncertainty analysis as an approach to deal with aquifer complexity.
Chapter 2 introduces a novel hydraulic tomography procedure which utilizes travel time
based inversion and the application of pilot points. The travel time based inversion allows for
the reconstruction of a diffusivity distribution which displays the dominant structural elements
of a heterogeneous aquifer. This information is then used to guide pilot point based inversion
of the hydraulic conductivity distribution. Diffusivity distribution is used to optimize the spatial
positions of the pilot points and the relationships among them. Finally, the inverse methodology
is applied to a three-dimensional sedimentary aquifer analog.
Chapter 3 explores the field applicability of the hydraulic tomography procedure introduced
in Chapter 2. The method is applied in order to characterize the spatial heterogeneity of hydraulic conductivity and specific storage at a high resolution for the test site Stegemühle, Germany.
It is demonstrated that calibration of spatially variable specific storage, in addition to hydraulic
conductivity, can improve the fit of the model while the structural features are only slightly
changed. Additionally, tracer tests are employed for independent validation of the hydraulic
tomographical reconstruction.
Chapter 4 describes a new tracer tomography procedure based on Bayesian analysis and
pilot points. The chapter investigates the possibility of not only estimating pilot point values,
but also their number and suitable locations. The utilized algorithm, reversible-jump MarkovChain Monte Carlo (RJ-MCMC), is computationally demanding and this challenges the application for model calibration. In this same chapter, a solution for fast, approximate simulation
as a means of accelerating the Bayesian inversion is described. The proposed method is evaluated with a synthetically layered aquifer and at the Widen site.
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Abstract
We present a novel hydraulic tomography procedure, which is based on a travel time based
inversion and application of pilot points. The travel time based inversion allows for the reconstruction of a diffusivity distribution, which displays the dominant structural elements of a heterogeneous aquifer. This information is used to guide pilot point based inversion of hydraulic
conductivity distribution. We utilize the diffusivity distribution to optimize the spatial positions
of the pilot points and the relationships among them. For the implementation of the relationships, graph theory is applied. The associated high-computational effort was encountered with
subspace regularization and parallel computing. The developed inverse methodology was successfully applied to a three-dimensional sedimentary aquifer analogue. The validation shows
that the sequential procedure strongly improves the misfit between predicted and true pressure
response in comparison to the results, only when travel time inversion is employed.

2.1 Introduction
Hydraulic tomography has evolved as a promising technique for examining spatially heterogeneous hydraulic conductivity and specific storage in aquifers. The method allows for the
reconstruction of hydraulic parameter distributions in two and three dimensions with a resolution and accuracy superior to that possible with type curve analysis based on a homogeneous
parameter distribution [Brauchler et al., 2011]. A comparison between different heterogeneity
modeling approaches and hydraulic tomography can be found in Berg and Illman [2011a],
Illman et al. [2010a] and Illman et al. [2012a]. The origin of hydraulic tomography is in medical
applications [Mersereau and Oppenheim, 1974] and was introduced in hydrogeology by
Bohling [2008], Tosaka et al. [1993] and Gottlieb and Dietrich [1995b], among others. While
in medicine X-rays are used to image sections of a body, in our discipline, hydraulic pulses are
applied to characterize the subsurface [Brauchler et al., 2011; Yeh and Liu, 2000b; Brauchler
et al., 2003; Zhu and Yeh, 2005; Xiang et al., 2009]. These pulses commonly stem from
sequential pumping or injection at a well, which is divided in different vertical sections by a
packer. During the perturbation from each section, the hydraulic pressure response of the aquifer is monitored, typically at other observation wells that act as receivers. The recorded response
is controlled by the hydraulic properties of the aquifer, and so can be deployed to reconstruct
subsurface heterogeneity through an inversion procedure. The potential of hydraulic tomography was successfully demonstrated on different scales and for different aquifer types, e.g. on
laboratory scale utilizing sandbox experiments [Berg and Illman, 2011a; Illman et al., 2010a;
Liu et al., 2002; Liu et al., 2007b; Illman et al., 2008b; Illman et al., 2007; Yin and Illman,
2009; Illman et al., 2010b], investigating unconsolidated aquifers on field scale [Brauchler et
al., 2011; Bohling et al., 2007a; Bohling, 2009; Berg and Illman, 2011b], as well as in
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laboratory and field studies in fractured rocks [Brauchler et al., 2003; McDermott et al., 2003;
Illman et al., 2009b; Sharmeen et al., 2012].
Bohling and Butler [2010] offered a cautionary note to illustrate the inherent non-uniqueness of hydraulic tomography. It is emphasized that it is possible to obtain different realizations
of the aquifer parameters, using hydraulic tomography techniques, which vary from each other
and from reality, even when high-quality drawdown data is available. This highlights an eminent challenge for many inversion procedures in hydrogeology dealing with spatial heterogeneity. Often, some form of regularization is introduced in order to simplify the tomographic
equation system. Cardiff and Barrash [2011] give an overview of the different hydraulic tomographic inversion methods and the applied regularization techniques. The vast majority of proposed hydraulic tomography studies utilize geostatistical a priori information (regularizers),
such as correlation length and variance of the parameter space. Lavenue and de Marsily [2001]
and Vesselinov et al., 2001a; b applied pilot-point based geostatistical inverse methods for the
joint inversion of hydraulic and pneumatic tests in fractured systems. Castagna et al. [Castagna
and Bellin, 2009; Castagna et al., 2011] applied pilot points for joint estimation of transmissivity and storativity in a fractured system. They implemented pilot points in a Bayesian inversion scheme and estimated transmissivity and storativity for each pilot point, as well as the
integral scale, mean and variance within the model domain. Bohling and Butler [2010] used a
pilot-point based inversion approach to illustrate the non-uniqueness of hydraulic tomography.
Thereby, the dimension of the parameter space was reduced by more than one order of magnitude from 5202 (storage and transmissivity estimates) to 354. For the reconstruction of the parameter space between the pilot points, a thin-plane spline interpolation function was applied.
Aside from geostatistical a priori information, several authors have included independent geological information, such as flow meter data [Li et al., 2008], self-potential signals [Straface et
al., 2007a] and structural information derived from georadar data [Bohling et al., 2007a] to
constrain the inversion.
The multiplicity of solutions that are generated by hydraulic tomography calls for a rigorous
evaluation of reconstructed tomograms. For this purpose, a first order estimation of the parameter covariance [Cardiff and Kitanidis, 2009], Monte Carlo analysis [Bohling and Butler, 2010;
Castagna et al., 2011], or pressure response curves not used for the inversion [e.g. Liu et al.,
2007b; Berg and Illman, 2012b], can be employed. Another possibility is to exploit results from
other field investigation techniques, e.g. from multi-level slug testing [Brauchler et al., 2010],
direct-push logging [Bohling et al., 2007a] or geophysical investigations [Brauchler et al.,
2012]. However, the use of independently collected data to validate hydraulic tomography results can be a challenge, for instance, in the case of different observation scale and mismatch in
the resolution [Brauchler et al., 2012].
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In this study, we present a novel inversion procedure, which combines a travel time based
inversion scheme [Vasco et al., 2000] with a subsequent pilot-point based inversion step [Lavenue and de Marsily, 2001]. The motivation of combining these two methods is to exploit the
high structural resolution of the calculation-efficient travel time based inversion approach in
order to tune the pilot-point based inversion approach. This involves enhanced regularization,
minimization of the number of pilot points and optimizing their spatial position. The travel time
based inversion scheme is based on the transformation of the flow equation into a form of the
eikonal equation using an asymptotic approach [Vasco et al., 2000]. We solve the travel time
based inverse problem utilizing computationally efficient eikonal solver. The reconstructed diffusivity distribution, together with a calculated null-space energy map, is utilized to assign pilot
points and for tuning the regularization during hydraulic conductivity estimation. The pilotpoint based inversion method was selected because it represents a hybrid method with deterministic and stochastic components. Even more important, it offers the possibility of easily
including a priori information.
In the following, the sequential steps of the developed inversion scheme are individually
described. Then, a numerical case study is presented, which is a tomographic suite of pressure
response curves simulated on a three-dimensional (3-D) aquifer analogue. The full procedure
is applied to this case study and the obtained hydraulic conductivity distribution of the inspected
aquifer is validated.

2.2 Methodology
2.2.1 Workflow of sequential hydraulic tomography inversion procedure
The full inversion procedure consists of four major components, which are depicted in Figure 2-1 and described in detail below. The database gathered and utilized for the hydraulic
tomography analysis is the pumping schedule at a source well and the associated responses
recorded at close-by receiver well(s). The diffusivity is estimated by travel time inversion of
early travel time diagnostics [see, e.g. Hu et al., 2011]. The diffusivity tomogram obtained for
a specific vertical cross-section between source and receiver is transformed into a structure map
by clustering and by means of the estimated null-space energy maps. The structural map serves
as a basis for assigning pilot points and for tuning the regularization during the subsequent
hydraulic conductivity estimation.
2.2.2 Hydraulic experiment
In order to create a hydraulic tomography reconstruction, the necessary information must
be collected in the form of pressure response curves. Different techniques can be used to induce
a perturbation at different depths in a borehole and to record the pressure responses in multiple
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observation points. Pumping and slug tests are the most common way to create such perturbation in the aquifer, using a cross-well setup. Depending on the number and disposition of the
source and receivers, two-dimensional (2-D) or 3-D reconstructions will be possible. Recent
developments in well installation, e.g. direct-push technology [Dietrich and Leven, 2006], and
equipment such as portable, modular packer systems [Cardiff et al., 2012], facilitate highly time
efficient hydraulic tomography tests in shallow aquifers. However, there is still a need for developing more advanced multi-packer, data acquisition and semi-automatic systems for test initiation. Numerical simulations are often a cost effective alternative to field campaigns to develop and evaluate new investigation techniques, such as a new hydraulic tomographic inversion scheme. These numerical experiments provide us with the possibility to compare the reconstructed parameter field with the ‘‘true’’ parameter distribution (K-field), which again allows for a rigorous validation. Aquifer analogues are especially well suited because they realistically imitate geological and hydraulic heterogeneity.
2.2.3 Estimation of spatial diffusivity distribution
The travel time based inversion approach that was proposed by Vasco et al. [Vasco et al.,
2000] is oriented at a fundamental procedure from seismic ray tomography, which is adopted
in hydraulic tomography to reconstruct spatially variable diffusivity. The relationship between
the arrival time of a hydraulic signal and diffusivity, D, is expressed by a line integral [Vasco
et al., 2000]:
√𝑡𝑝𝑒𝑎𝑘 (𝑥2 ) =

1
√6

𝑥2

∫
𝑥1

𝑑𝑠
√𝐷(𝑠)

(2.1)

where tpeak is the travel time of the peak of a Dirac signal from the source (position x1) to
the receiver (x2).
By differentiation of transient head data measured at the receiver(s), the inversion scheme
is also applicable to experiments with constant pumping rates over a given short period of time
[e.g. Vasco et al., 2000; Hu et al., 2011]. Moreover, Brauchler et al. [2007] demonstrated that
instead of the peak travel time, inspection of an earlier time behavior of the received hydraulic
signal is preferable to analyze preferential flow paths. The latter delineate connected high conductivity zones, and their localization is of particular interest for prediction of flow and
transport in heterogeneous aquifers. In our study, we follow the suggestion of Hu et al. [2011],
and exclusively inspect the time at which the pressure pulse rises to 10% of its peak value, that
is, the t-10% diagnostic. Hu et al. [2011] showed that limiting the angle between source and
receiver is recommendable in many aquifers, where horizontal and layered structures dominate.
This way, focus is set on source–receiver combinations that follow the expected structures,

25

2 Sequential hydraulic tomographic inversion

rather than providing an integral signal from different layers. For more details on the implementation of the angle constraint and travel time diagnostics the reader is referred to [Brauchler
et al., 2003; Brauchler et al., 2007; Hu et al., 2011]. In our study, diffusivity is reconstructed
by utilizing the eikonal solver CAT3D, which is based on the SIRT (Simultaneous Iterative
Reconstruction Technique) and ray tracing algorithm originally developed to determine seismic
velocities. The used curved ray tracing algorithm is described in great detail in Brauchler et al.
[Brauchler et al., 2013a]. The complete inversion procedure delivers a pixel-based diffusivity
tomogram for a given source–receiver combination within a few seconds of computation.
Due to sparse data and spatially varying data density, some parts of the imaged section are
more reliable than those of others. There are several criteria to quantify uncertainty and reliability of travel time inversion, such as ray density and angular coverage. The generation of a
null space energy map is a robust way to rank the reliability of the different pixels in a tomogram. In the following, a short description of the calculation of the null-space energy map,
which is based on the work of Böhm and Vesnaver [1996], is given. The null space map method
comprises a singular value decomposition (SVD) of the tomographic matrix (A), where Aij of
the matrix A are the lengths of the ith trajectory path in the jth pixel. This matrix can be factorized
into three components by applying SVD:
A = UWVT

(2.2)

The square matrices U and V are orthonormal.
The elements wii of the diagonal matrix W are the singular values of A and correspond to
the square root of the eigenvalues of transpose A times A. The reliability of the estimated parameters by hydraulic tomography inversion can be evaluated utilizing the singular values wii.
Small singular values show potential instabilities of the inversion process. We reorganized the
singular values according to their numerical value. Taking into account that the columns of V
of the matrix decomposition (Eq. 2.2) display an orthonormal basis of the model space, a local
reliability, Ri, of each pixel can be defined. Therefore, the squared elements vi of V are summed
up as follows:
𝑅𝑖 = ∑ 𝑣𝑖2

(2.3)

𝑖

Note, the summation of the elements is equal to one if the index i covers the whole model
space. By introducing a threshold to separate large and small singular values we can use the
summation displayed in Eq. 2.3 to assign each pixel a value ranging from 0 to 1. Pixels associated with high values of null space energy reflect high uncertainty and vice versa. Pixels with
a high uncertainty are neglected for the subsequent development of the conceptual maps.
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Figure 2-1. Workflow corresponding to the main steps, presenting the new inversion framework, from data collection, hydraulic tomography reconstruction, to the final pilot point inversion.
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2.2.4 Development of conceptual maps
Travel time inversion between a source and receiver well delivers a diffusivity section, in
the following called D-tomogram. Diffusivity is defined as the ratio between hydraulic conductivity, K, and specific storage, Ss. Therefore, it can be assumed that a D-tomogram carries valuable structural information with respect to the K-distribution, because the K-distribution typically shows a higher variability than the Ss-distribution in the subsurface. However, sparse data,
spatially varying data density, as well as measurement errors, can lead to inaccurate reconstruction. Hence, clustering is suggested by Brauchler et al. [2011], and this yields a zoned diffusivity image, for which the respective K-values are then calibrated. This approach supposes that
the ‘‘true’’ parameter distribution is better described as discrete rather than as continuously
varying. By crude clustering, however, information is lost and the determined static structures
will strongly depend on the chosen clustering technique.
As an alternative, we utilize clustering to obtain zonal images that serve as basic conceptual
schemes. Clustered zones represent initial estimations of facies distribution, and these will be
adjusted during the K-field estimation step. That means the boundaries are not fixed as well as
the homogeneous K-field distribution of each zone is allowed to change into a heterogeneous
K-field during inversion.
As standard method, here k-means clustering is applied without any spatial adjacency
[MacQueen, 1967]. The number of clusters was derived from a dendrogram based on hierarchical clustering. In hierarchical clustering e.g. [Anderberg, 1973; Hartigan, 1975] the most
similar observations, in our case values of D, are taken to define a cluster. Successively, the
next most similar observations are connected to the initially defined clusters. This procedure is
repeated until all values of D are connected. The distances between the clusters are visualized
in a dendrogram and are utilized to determine an optimum cluster number for the k-means clustering.
An illustrative example of a structure map is shown in Figure 2-1. The structure map indicates that only those pixels are clustered where sufficient information is available, that is, where
the null space energy is below a given threshold. This threshold, however, is not well defined
and is case-specific depending on the number of available trajectories and the spatial discretization of the domain. The cells characterized by a low reliability, i.e. high null space energy,
are not considered during the clustering step. After the clustering step, these ‘‘gap cells’’ are
assigned to the respective clusters based on the cluster association of their neighboring cells. In
Figure 2-1, the pixels with a low reliability are displayed in grey.
The transient hydraulic head response carries more information than the 10% travel time
diagnostic utilized for the travel time inversion. Since the influence of aquifer storativity diminishes with later times [Sun et al., 2013; Wu et al., 2005], information on K-values is ideally
derived from the later part of the transient pressure responses. This is also considered in our
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procedure. For the estimation of K-values, pilot points are used [Marsily et al., 1984; Certes
and de Marsily, 1991; RamaRao et al., 1995]. The underlying concept is that the K-field is
calibrated at given points, and then a spatial interpolator is employed to assign the parameter
values to the rest of the aquifer [Fienen et al., 2009]. In line with Doherty et al. [Doherty, 2003;
Doherty et al., 2010] and others [Sun et al., 2012; Le Ravalec and Mouche, 2012; Kazemi and
Stephen, 2012; Jardani et al., 2012], we chose ordinary kriging for interpolation between the
pilot points. Although kriging is known to provide a smoothing effect it also is a best linear
unbiased estimator and provides fast computation of Gaussian processes governed by prior
co- variances.
A crucial and critical aspect is the positioning of the pilot points. Doherty [Doherty, 2011]
proposes placing points at measurements locations, close to the boundaries of the model domain, and oriented at the head gradient. Pilot points should also be positioned where they are
most sensitive to the model predictions [LaVenue and Pickens, 1992]. In areas where a high
hydraulic property change is observed, the density of the pilot points should be greater than in
areas of small variation [Doherty et al., 2010]. Within our hydraulic tomography framework,
the information gained from travel time inversion is used to guide the allocation of pilot points.
We utilize a finite element mesh generator (free triangular) in order to design a mesh for each
cluster. To each node of the mesh a pilot point is assigned. This procedure leads to a refinement
of the pilot point distribution at the interface between two clusters, representing initial estimations of facies boundaries. Once the spatial position of each pilot point is determined, this position is kept constant during the inversion. The resolution, that is, number of elements of the
designed mesh is a compromise between required resolution, available observations, in our case
number of transient pressure responses and calculation demand. Note that the generated mesh
is not identical to the mesh we used for the forward simulation step of the pilot-point based
inversion discussed in the next section.
2.2.5 Estimation of spatial hydraulic conductivity distribution
The last step is the calibration of the K-distribution by assignment of facies-specific K values
to each pilot point and flexible adjustment of facies boundaries. The objective function U, of
the parameter estimation problem thus combines two goals. One is to adjust the K-field so that
the receiver response is matched by the flow model prediction, and the other is to comply with
the structures anticipated by diffusivity clustering:
min Φ = Φm + Φr

(2.4)

The first goal is expressed by minimization of Φm. It represents the minimization of residuals when calibrating the late head responses at the receiver(s), which are computed by a numerical groundwater flow model [e.g. Doherty, 2003]. Φm is called model function in the following.
The second goal is to minimize the regularization function, Φr, which tries to keep the structure
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derived from the diffusivity–clustering step. In order to minimize the model function Φm subject
to the regularization function, Φr, which can be seen as a constrain, the Lagrange multiplier
method is applied. The optimization problem is then reduced to find a point in the parameter
space, where the gradient of model function and regularization function are parallel:
∇ Φm = λ ∇ Φr

(2.5)

where λ is a constant, which expresses the difference in the magnitudes of the gradient vectors.
The rationale of the preceding diffusivity–clustering step was to obtain facies-based zones
rather than an unrealistic scattered image. Similarly, pilot points application is often combined
with a regularization step [Le Ravalec and Mouche, 2012; Wiese and Nützmann, 2011]. This is
applied to create geologically plausible zoned K- fields, and this way, by increasing the uniqueness of the solution, to stabilize the inverse problem. There exist several regularization methods
[Doherty, 2010a], from which Tikhonov and subspace methods are selected for our procedure.
In detail, a facies-based, smoothing Tikhonov regularization method is employed. It includes a
set of rules that will be explained in the following.
We need a regularization technique that maintains spatial continuity of zones consistent
with the diffusivity tomograms. However, the resolution by travel time inversion is limited and
small-scale heterogeneities may exist, which are blurred in the tomograms. Therefore, regularization should find a balance between maintaining extensive zones and flexible identification
of potentially existing small-scale heterogeneities. For these purposes, the spatial relationships
between the pilot points are examined by utilization of graph theory. The use of graph theory
to examine adjacency conditions has also been suggested by [Bhark et al., 2011b], who introduced a spectral domain parameterization for multiscale aquifer heterogeneity zonation. In our
methodology, the pilot points are interpreted as the vertices of a graph, and the connections
between the pilot points, the edges, are given by their mutual relationship. Initially, before the
calibration is conducted, each pair of pilot points is examined and an adjacency matrix is developed:
0
( ⋮
𝑎𝑖𝑗

⋯ 𝑎𝑖𝑗
1, 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑠 𝑠𝑎𝑡𝑖𝑓𝑖𝑒𝑑
⋱
⋮ ) = 𝐶(𝑝𝑖 , 𝑝𝑗 ) = {
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
⋯ 0

(2.6)

where i = j = 1; . . . ; total number of pilot points, aij is a Boolean indicator, p denotes pilot
points with coordinates and cluster categories.
We define three conditions which have to be fulfilled so that two pilot points are allowed to
connect (Figure 2-1): (i) both pilot points pertain to the same cluster (Figure 2-1a). (ii) The
distance d between the pilot points is smaller than the average length of the cluster in horizontal
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direction, r (Figure 2-1b). (iii) There must be no other pilot points from a different cluster within
a space of influence, defined by the angle α and the distance d between two selected points; this
is necessary to account for cluster boundaries (Figure 2-1c and d). For calculating the angle α
we select one pilot point A, and the two closest pilot points B and C associated with the same
cluster. Then we construct a triangle ABC and calculate the angle between the sides AB and
AC. This is done for all possible pilot point combinations and finally the angle α is specified
by the arithmetic mean of all calculated angles.
The adjacency matrix (Eq. 2.6) determines if there is connectivity between two pilot points
and is used to calculate the regularization function Φr. Therefore, the adjacency matrix C is
multiplied with vector p, containing the K-value of each pilot point for a given iteration step.
By squaring the product, we receive:
M(p) = (C * p)2

(2.7)

Note, the matrix C is constant during the whole inversion and the vector p is updated after
each iteration step. The squared regularization values M(p) (Eq. 2.7) are utilized to define the
regularization function Φr,
Φr = (d – M(p))t (d – M(p))

(2.8)

The regularization function describes the squared differences between the regularization
values M(p) and the initial regularization observations d derived from the assignment of faciesspecific K-values to each pilot point.
Pilot points are employed in great numbers to delineate the identified structures. In most
cases, the number of pilot points necessary to maintain the basic structure from the tomogram
will be in the order hundreds, and the calibration procedure accordingly will be computationally
demanding. As a remedy, application of parallelization and subspace regularization is suggested
by Doherty [2010a]. The goal of subspace regularization is to decrease the number of pilot
points during the inversion, in order to reduce the computational time. The underlying principle
is the same as that for the null-space energy maps introduced above for travel time inversion
(Eqs. (2) and (3)). To get insights in the singular values matrix, the condition number (ratio of
the largest singular value to the smallest singular value) can be scrutinized. The condition number qualifies the linear dependency of the equations representing the tomographic system. Note,
for each unknown (i.e. each pilot point) one equation has to be solved. A large condition number
indicates that some equations of the system can be expressed as linear combination of the others.
Thus it is possible to reduce the number of equations or pilot points, respectively, after each
iteration step. For example, in this study we could reduce the number of pilot points from 373
to 233. In doing so, the resulting inversion time could substantially be reduced.
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2.3

Study site and experimental set-up

2.3.1 Herten aquifer analogue
For the demonstration of the sequential hydraulic tomography inversion procedure, we selected a ‘‘known reality’’: a high-resolution 3D aquifer analogue serves as study site. Instead
of practical testing, computer- based experiments will be conducted. The analogue offers us the
opportunity to work with realistic, complex and multiscale heterogeneities, and in contrast to
field investigation at similar sites, the subsurface structures are known. This will facilitate a
straightforward validation by comparison with the inversion results.
The aquifer analogue data was collected in SW Germany in the town of Herten, close to the
Rhine river at the Swiss border [Bayer et al., 2011]. A gravel pit in excavation offered direct
insight into the decimeter scale sedimentary facies distribution of the unconsolidated gravel,
which was formed about ten thousand years ago as fluvio-glacial sediment during the retreat of
the Rhine glacier. During excavation, the structures found in six parallel vertical cross-sections
(7 m height, 16 m with, 2 m distance) were recorded taking field samples, photographs and
drawings. Based on lab measurements of porosity and hydraulic conductivity, hydrofacies mosaics that delineate sedimentary horizontal layers overlaying cross-beddings with significant
small-scale conductivity contrasts were obtained. The cross-sections were interpolated by Maji
et al. [2006] and utilized in the hydraulic tomography application by Hu et al. [2011]. The more
recent multiple points based interpolation by Comunian et al. [2011] better preserves 3D continuity of the sedimentary units and thus is favored for our study. One specific 3D analogue
realization (Figure 2-3) is selected to simulate a highly heterogeneous aquifer, with the conductivity values of 10 hydro(geological) facies ranging from 6x10-7 to 1x10x-1 m/s.

Figure 2-2. Adjacency conditions based on a 2-D slice of the three-dimensional domain. a)
Both red pilot points pertain to the same cluster category. b) The distance, d, between the pilot
points is smaller than the average length of the cluster in horizontal direction, r. In the situation
depicted in c) no pilot point from a different cluster (pilot point displayed in green color) is
within the zone of influence and therefore the pilot points will be connected. In d) the requirement is not met, a pilot point from a different cluster (pilot point displayed in green color) is
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within the zone of influence, and hence, the two pilot points will be not connected. (For interpretation of the references to color in this figure legend, the reader is referred to the web version
of this article).

Figure 2-3. Realization of Herten aquifer analogue used as application case; a) hydrofacies
b) only high conductivity facies and borehole locations (blue: source well, grey: observation
wells, red: validation wells). (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)
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2.3.2 Numerical simulation and configuration of cross-well test
The analogue is implemented in the center of a numerical groundwater flow model, embedded in a homogeneous hull (Dx = 600 m; Dy = 116 m; Dz = 7 m) to minimize boundary effects.
In the heterogeneous core model, the numerical mesh is composed of about six millions uniform
tetrahedrons, with telescopic lateral coarsening in the homogeneous surrounding. Constant head
boundary conditions are imposed at the two faces (perpendicular to the longitudinal axes) of
the homogeneous hull. The rest of the faces have no flow boundary condition. The hydraulic
properties of the heterogeneous core corresponds to a selected realization of the Herten aquifer
analogue, and the hull is specified the analogue’s median values. More information about the
design of the groundwater flow model is provided as Supplementary Information.

2.4 Results and discussion
2.4.1 Experiment – pressure response
The hydraulic cross-well simulations were performed with Comsol Multiphysics. In Figure
2-3 the spatial position of the test and the six observation wells, within the aquifer analogue
environment, are displayed. The distance between the test and the observation wells is always
3.5 m. The test well is subdivided into six vertical sectors that represent the screened intervals.
In each screened interval of the test well a hydraulic test was simulated and the transient pressure response was recorded in each observation well in six different depths. Hence, the derived
data base consists of 216 (6 x 6 x 6) pressure response curves. In this model, the screened
intervals of the test well were implemented implicitly as 1D-elements with a length of 0.5 m.
The pressure response curves were recorded directly at the respective nodes.
2.4.2 Diffusivity tomograms
Six vertical sections a–f, are obtained by diffusivity reconstruction between source and receivers. For this, all source–receiver combinations with an angle of 40° and less between the
center of the packer and observation point are taken. This threshold is set to capture the mainly
horizontal and sub-horizontal structures, while eliminating those responses which are more vertical and thus, potentially across the main structures [Hu et al., 2011]. The first derivative of
the head response data is used to determine the peak time and the used travel time diagnostic
t - 10%. The eikonal solver CAT3D translates this for a given regular grid in a diffusivity tomogram. As initial model domain, a relatively coarse grid of 10 x 12 cells is chosen, because the
applied inversion scheme includes no regularization terms. To increase the nominal resolution
of the coarse grid, we utilized the staggered grid method developed by Vesnaver and Gualtierro
[2000] and applied in the context of hydraulic tomography by Brauchler et al. [2013c]. The
method is based on the displacement of the initial grid in all directions. The displacement rates
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in the Dx and Dy are 0.15 and 0.16 m of the cell length in both directions, respectively. For
each grid position, we performed an inversion and received a slightly different image. In total
we performed 16 single inversions and determined the arithmetic mean of all grids by staggering them. The diffusivity tomograms displayed in Figure 2-4 is composed of 40 cells in x- and
48 cells in y direction. Note that each of the six vertical sections was inverted separately, in
two-dimensions, applying the technique described above.
The original diffusivity distributions of the six 5 m x 6 m cross-sections a–f are shown in
the first column of Figure 2-4. For the calculation of the diffusivity distribution we assumed a
homogeneous specific storage distribution and utilized the relationship D = K/Ss. All share a
central mostly elongated zone with local high diffusivity values of up to 1400 m2/s. This stems
from coarse open framework gravel deposits that dominate the central alternating sequence in
the aquifer analogue. This sequence is differentiated as m-scale architectural element in Bayer
et al. [2011]. Cross-beddings are visible here, and also in the other, similar high-diffusivity part
at vertical position z = 4.5–5.5 m. When comparing all cross-sections, orientation of crossbeddings and inclination of layers apparently depends on the orientation of the section, but
generally sub-horizontal structures are found. There is one dominant architectural element,
which appears most uniform and persistent: the gravel sheet deposits on top, bottom and between the alternating sequences, which are visualized by homogeneous zones of light blue.
The results from travel time inversion, the D-tomograms, are depicted in the second column
of Figure 2-4. We chose a different color scale for the true and reconstructed diffusivity distribution in order to highlight the structural information contained in the diffusivity tomograms.
The first impression is that the main structures are somewhat reproduced but not perfectly localized and with limited resolution. The resolution of travel time inversion is constrained by the
number of source–receiver combinations that are evaluated, and thus in our application the dm(sub)scale heterogeneities of the analogue can hardly be reconstructed. However, the m-scale
structures, which originate from the main architectural elements found in the aquifer analogue,
are well identified in most crosssections. Tomogram ‘‘a’’, for example, properly reproduces
position and form of the high-diffusivity zones, even if diffusivity at the section bottom is overestimated. In the other sections, the two alternating sequences are identified as separate (b, c, f)
or a merged zone (d, e). An evident example is the upper area of section ‘‘e’’, where highdiffusivity values (orange and red) are mixed with low diffusivity values (cerulean), limiting
the reconstruction capacity of this inversion step. Least consistent are the bottom and the lateral
boundaries of the tomograms, and even if the original structure is reproduced, absolute diffusivity values are often far from the ‘‘real’’ information given by the analogue. This motivates
to extract mainly the structural information rather than absolute diffusivity estimates from the
travel time inversion results.
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In order to assess the spatial reliability of the D-tomograms, null space energy maps are
produced (Figure 2-5). Two major fields can be distinguished. In the outer part of the model,
where no trajectory is passing through, null space energy values are close to one (i.e. low reliability). In the rest of the domain we find intermediate values. There are also fields of low
reliability in this inner domain, which are characterized by low diffusivity values. This reflects
that trajectories try to avoid such zones, and this decreases the trajectory density. A good example can be observed in section ‘‘f’’ (Figure 2-5) where a low reliability zone is present in
vertical position 1–2 m, corresponding to small diffusivity values ranging from 27 to 35 m 2/s
(Figure 2-4). As a conclusion, the null-space maps are plausible, and they offer valuable insight
into the reliability of the D-tomograms. In particular, they provide reasons for the badly characterized fringe in most cross-sections.

Figure 2-4. Null space energy maps of the corresponding diffusivity tomograms (scale in
meters).
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Figure 2-5. First three columns show original aquifer analogue diffusivity, tomographic
diffusivity (D) reconstruction and the corresponding zones resulting from the cluster analysis.
Final reconstructed hydraulic conductivity distribution is shown in 4th column, and for comparison the true hydraulic conductivity distribution of the aquifer analogue is shown in column
five.
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2.4.3 Conceptual maps
The next step towards characterizing the structures is the cluster analysis. The aim of cluster
analysis is to approximate – on a resolution constrained by the tomogram accuracy – the hydro(geological) facies distribution that controls flow in the aquifer.
The cluster analysis is applied for all those diffusivity values that are associated with low
null space energy, that is, below 0.97. Hence, the diffusivity values of the outer part of the
model domain and zones characterized by low diffusivity values, both associated with low reliability, are excluded. To apply k-means cluster analysis, a suitable number of clusters must be
defined. Therefore, we utilized hierarchical clustering. The dendrogram plot, displayed in Figure 2-6, shows that the maximum distance between the two most separated diffusivity values is
14. If we assign all diffusivity values to two clusters, the maximum distance between the two
most separated diffusivity values within the two clusters is only six. This indicates that the
diffusivity distributions are dominated by two groups. Thus, two clusters will be used to group
the diffusivity values in two hydrofacies. In order to simplify the dendrogram plot, the first two
hierarchies are not displayed in Figure 2-6. The resulting structural maps are presented in the
third column of Figure 2-4. Where no information is available due the low reliability of some
points, adjacent values are interpolated using ordinary kriging. This results in the smoothing of
the structures and loss of some details suggested by travel time inversion, such as can be seen
for example in the upper half of section ‘‘c’’.

Figure 2-6. Dendrogram based on the diffusivity values derived from the travel time.
2.4.4 Hydraulic conductivity reconstruction
The calibration step estimates K-values in 3-D, while preserving the structures identified
during travel time inversion (Eq. (6)). For the latter, the mission is to locate the pilot points
where they are able to reproduce the original hydrofacies distribution that is approximated by
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the clusters. For the application case, the goal is to heavily constrain the structure, and accordingly a set of 280 pilot points is assigned, based on the six conceptual maps (Figure 2-4, third
column). The 2-D section-based hydraulic tomography method is not capable of interpreting
the space in between the six examined source–receiver combinations. In order to facilitate 3-D
parameter estimation, six auxiliary vertical sections are introduced (Figure 2-7), with a regular
grid of 16 pilot points each. Ordinary kriging is applied as spatial interpolator [e.g. Doherty,
2011] between the pilot points after each iteration step in order to determine the hydraulic conductivity values between them. Each pilot point contains the necessary information, that is,
spatial coordinates and cluster category, for the smoothing Tikhonov regularization. As an essential element of regularization, the adjacency matrix states if two pilot points are contiguous
or not. It is computed after inspecting the conceptual maps to specify suitable parameter ranges
for r and a. Spatial analysis on all maps yields a mean length of r = 4.5 m. The average angle is
a = 42°. The pilot points are connected by 14,032 edges. Figure 2-8 shows the pilot points of
section ‘‘a’’, connected by 1565 edges.

Figure 2-7. Illustration of pilot point distributions, the source-receiver cross-sections (orange) and auxiliary sections (blue). (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)
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Figure 2-8. Graph representing the pilot points relationships in section a.
For the pilot-point based inversion, parallelized implementation and cloud computing was
utilized [Hunt et al., 2010; Bürger et al., 2012]. This was realized with a heterogeneous hardware configuration with a PC (i7 3.4 GHz, 16 Gb RAM), two work stations (8x Xeon 3.33 GHz,
24 Gb RAM and 32x Xeon 3.1 GHz, 64 Gb RAM) and two virtual instances in a cloud (Amazon
EC2 m1.xlarge (http://aws.amazon. com/ec2), see [Bürger et al., 2012]). By parallelization, the
computing time for the entire sequential inversion procedure was reduced from almost 300 h
on a single personal computer to 40 h, whereby one single forward model run took 10 min. The
calculation time for the travel time inversion was approximately 20 s for one profile on a single
personal computer and hence, computing time for the travel time inversion can be considered
negligible in comparison to the pilot-point based inversion step.
In Figure 2-4, the agreement between the conceptual maps based on the structures anticipated by diffusivity clustering and the final reconstructed K-distribution is still visible, although
the initial K-field was adjusted in order to fit the observed transient pressure data. The final Kfields obtained from the inversion are compared to the original aquifer analogue K distribution
in the fifth column of Figure 2-4. At first sight, the reconstructed sections are at much coarser
scale than the original ones. The limited resolution of the hydraulic tomography based inversion, however, is expected in view of the experimental set-up. With a screen interval length of
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half a meter the original dm-scale heterogeneity can hardly be extracted from the recorded pressure-responses.
In all sections, we can see that layers of high and low conductivity in the same order of
magnitude are nicely reproduced. There are some examples, where the inversion results could
be improved. For example, the upper alternating sequence (about y = 5 m), with high and low
K cross-beddings, is not well identified in most sections and not precisely localized in sections
‘‘a’’ and ‘‘b’’. This may reflect that even if high conductivity facies are present here, the connectivity is not sufficient to have a substantial hydraulic effect on the m-scale. In contrast, the
low conductivity area at about y = 2 m is an excellent example for successful reconstruction.
This is especially the case in sections b, c, d, and f.
Additional to the visual assessment of the results, validation with a series of modeled pumping tests is carried out. This is done by 18 pressure response curves that were not used for the
hydraulic tomography inversion, whereby the spatial position of the test and the observation
well is displayed in Fig 3. Three tests were simulated in a depth of 1.7, 3.4, and 5.1 m and the
pressure response curves of each test were recorded in six different depths (1, 2, 3, 4, 5, 6 m)
for 145 s. For the validation, the time dependent mean misfit between the heads simulated with
the original analogue and the reconstructed block is shown in Figure 2-9b. This is complemented with Figure 2-9a, which depicts the same results but for the head responses applied in
the calibration. Both figures clearly show very small misfits, which slightly increase with simulation time to about 0.05 m. Non-used head responses are slightly worse than those utilized in
the calibration. Note, the misfits are displayed in absolute values. For this reason the misfits are
increasing if the pressure head is increasing in the observation well. The figures also display
the much more significant discrepancies when only employing travel time inversion. The respective K-distributions are derived from the D-tomograms assuming we know the true specific
storage field. The mean misfit is more than one order of magnitude higher, and this substantiates
the need for an additional adjustment of the spatial K-distribution. For a better comparison of
the simulated and the reconstructed pressure response curves, we displayed exemplarily the
best and the worst fit in Figure 2-9c and d. More details can be found as Supplementary Information, where we provide the comparison of all 18 simulated and reconstructed pressure response curves.
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Figure 2-9. Mean head misfit for travel time and sequential inversions and comparison of
the simulated and the reconstructed pressure response curves not used for the inversion: a) misfit computed with pressure response curves used in inversion, b) misfit computed with pressure
response curves used only for validation purposes, c) best fit of the simulated pressure response
curves, d) worst fit of the simulated pressure response curves.

2.5 Conclusions
The presented inversion procedure for hydraulic tomography extracts structural information
on aquifer heterogeneity from diffusivity tomograms, and integrates this to constrain pilot-point
based three-dimensional hydraulic conductivity estimation. This tackles the deficits of separately existing methods by their symbiotic combination.
Travel time inversion facilitates a fast reconstruction of a cross-section between two wells,
based on multiple head stimulations and responses between the wells that act as source and
receiver. However, only the diffusivity D = K/S is obtained, and this is not sufficient to derive
the hydraulic conductivity, K, distribution. Existing methodologies [Brauchler et al., 2011; Hu
et al., 2011], for example, propose statistical clustering and zonal calibration, but this means
that the ‘‘soft information’’ from the diffusivity tomograms are taken as hard data with a crucial
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bias introduced by the type of clustering method used. Ideally, structural insight obtained from
hydraulic tomography is exploited as much as possible, but not more than necessary and this
insight constrains the subsequent calibration of the K-field.
With this perspective, the diffusivity tomogram here is adopted as initial guess of the
K- field structure. Utilizing the null space energy maps we are able to judge the reliability of
the tomograms. In fact, these maps could be used to guide additional experiments, in order to
arrive at tomograms of high reliability at all locations of interest. This is of particular interest
in the context of data worth based optimal field investigation [e.g. Nowak et al., 2012]. The
null-space maps also support reliable clustering, and this is where they are applied in our procedure. Clustering, however, is not employed to determine a fixed zonation, rather than to instruct how to position pilot points. This way, the structural information from tomographic testing is nicely conveyed as soft information to the K-field calibration. Missing a priori knowledge
to constrain pilot- point inversion is often a major shortcoming, when this method is used for
calibration. This also applies to the regularization step to interpolate between the points. By
establishing adjacency conditions of pilot points in a graph theoretical framework, a new step
is included to guide the regularization. As a result, a sequential procedure is developed that
follows two objectives: Keeping identified structures and finding a possible K-distribution.
Structures, however, are not implemented as fixed zones. Instead, regularization-based inversion facilitates a flexible spatial adjustment. A worthwhile topic for future research would be
to utilize the further development of the eikonal-based inversion approach proposed by
Brauchler et al. [2013c]. The approach allows for the inversion of pumping test signals and to
reconstruct the diffusivity, as well as the storativity field using calculation efficient ray tracing
techniques. By utilizing the information content of the diffusivity, as well as the reconstructed
storativity tomogram, the proposed pilot-point based inversion scheme could be further developed with respect to reconstruct the spatial storativity distribution.
As an example, a highly heterogeneous aquifer analogue is selected, which is implemented
in a groundwater model. The analogue of the Herten case study is very realistic, and exhibits
strong conductivity contrasts on the decimeter scale. It represents a challenge for hydraulic
tomography as any other related field experiments. It is clear that the used twelve well screens
can hardly capture this small scale variability, and this is illustrated by the resolution of the
inverted six cross-sections. Within the resolution capability, however, coarse scale structures
are reproduced. What is more, the three-dimensional analogue could be reconstructed and the
validation with pumping tests succeeded. Still, the presented reconstruction represents only one
of many possible realizations of the spatial K-distribution. Even if the combined use of different
data and methods constrains K-field calibration, the inversion problem is still ill posed. Thus,
further work will concentrate on including more data, which is additional structural information,
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such as geological expertise, or stems from additional measurement, such as near surface geophysics or tracer testing.
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Abstract
A sequential procedure of hydraulic tomographical inversion is applied to characterize at
high resolution the spatial heterogeneity of hydraulic conductivity and specific storage at the
field test site Stegemühle, Germany. The shallow aquifer at this site is examined by five shortterm multi-level pumping tests with 30 pumping-observation pairs between two wells. Utilizing
travel time diagnostics of the recorded pressure response curves, fast eikonal based inversion is
shown to deliver insight into the sedimentary structures. Thus, the structural information from
the generated travel time tomogram is exploited to constrain full calibration of the pressure
response curves. Based on lateral extrapolation from the measured inter-well profile, a threedimensional reconstruction of the aquifer is obtained. It is demonstrated that calibration of spatially variable specific storage in addition to hydraulic conductivity can improve the fitting of
the model while the structural features are only slightly changed. At the field site, two tracer
tests with uranine and sodium-naphthionate were also performed and their concentrations were
monitored for two months. The measured tracer breakthrough curves are employed for independent validation of the hydraulic tomographical reconstruction. It is demonstrated that major
features of the observed solute transport can be reproduced, and structures relevant for macrodispersive tracer spreading could be resolved. However, for the mildly heterogeneous aquifer,
the tracer breakthrough curves can also be approximated by a simplified homogeneous model
with higher dispersivity. Therefore improved validation results that capture specific characteristics of the breakthrough curves would require additional hydraulic measurements.

3.1 Introduction
Nearly all hydraulic tomographic field studies are driven by the need to provide spatial highresolution parameter fields for solute transport predictions. In fact, tomographic approaches,
among others [e.g., Mariethoz et al., 2010], can resolve sedimentary structures or fractures that
control preferential flow. Their potential and superiority to traditional field investigation techniques was demonstrated in several previous studies [Gottlieb and Dietrich, 1995a; Yeh and
Liu, 2000a; Illman et al., 2010a; Berg and Illman, 2011a; 2015]. However, the effort of data
collection and data evaluation is higher for tomographic investigation methods in comparison
to conventional methods that avoid spatial assignment of estimated hydraulic parameters. This
motivates a strong interest for enhanced tomographic field and inversion techniques [Bohling
et al., 2002a; Zhu and Yeh, 2006; Lochbühler et al., 2013]. Naturally, the development of new
field technologies and field data collection strategies is delayed in time in comparison to the
computer-based development of inversion schemes. Numerical studies with virtual aquifers are
essential means for motivating, developing, and testing new schemes, but their viability can
only be approved by often laborious field experiments. Therefore, especially during the last few
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years the number of field studies has been catching up. These started from simplified two-dimensional, depth integrated characterizations [e.g., Straface et al., 2007c] to arrive at full threedimensional reconstructions [e.g., Illman et al., 2009a; Berg and Illman, 2011c; Cardiff et al.,
2013a] based on a large number of interference tests.
For field investigations one of the important and at the same time most challenging tasks is
the evaluation of the significance and reliability of the reconstructed hydraulic parameter fields.
Independent from the inversion technique, all field studies use the residual error from data fitting as a first measure for the quality of their inversion results. Unfortunately, this information
is not sufficient because a large number of parameter distributions might exist that equally
honor the measured data. Hence, independent information and measures have to be exploited
to evaluate the quality of the reconstructed parameter fields. Geological information such as
deposition information or fault information based on a detailed structural geological study is
utilized by Straface et al. [2007b] and Illman et al. [2009a] to support reconstructed parameter
fields. Berg and Illman [2012a] used a large number of permeameter and grain size tests in
combination with multi-level slug tests to interpret the estimated hydraulic conductivity (K)
fields. The tests were performed at the North Campus Research Site (NCRS), Waterloo, Canada, in a heterogeneous confined aquifer built up by tills and glaciofluvial deposits. The high
vertical resolution of multi-level slug tests and direct-push injection-logs were exploited by
Brauchler et al. [2010] and [2013b] to interpret reconstructed diffusivity fields estimated at the
Stegemühle Site, Göttingen, Germany. This site is characterized by a shallow confined aquifer
consisting of fluviatile sediments. In comparison to the conditions at the NCRS (variance of log
conductivity, σK2 = 1.72, Alexander et al., 2011), the aquifer at the Stegemühle Site is less
heterogeneous (σK2 = 0.2).
Cardiff et al. [2012] and [2013a] compared porosity logs and multi-level slug tests with
reconstructed parameter fields. They performed a three-dimensional (3-D) transient hydraulic
tomographic field experiment utilizing highly flexible packer systems at the Boise Hydrogeophysical Research Site (BHRS), USA. The BHRS site [e.g., Straface et al., 2011; Cardiff et al.,
2013a] is characterized by a mixed sand/gravel/cobble facies and in comparison to the other
two test sites it shows unconfined conditions.
Hydraulic tomographical measurements were performed by Vasco and Karasaki [2001] and
[2006a] to reconstruct preferential flow paths at the Raymond Field Site, California, USA. Intensive geological experiments allowed for a comparison of identified preferential flow paths,
imaged in the hydraulic tomograms, with borehole conductivity logs and seismic tomograms.
Such utilization of independently collected data for comparison with the reconstructed hydraulic tomograms can be a challenge due to different observation scale and mismatch in resolution
[e.g., Brauchler et al., 2012]. Huang et al. [2011a] successfully applied independent validation
pumping tests to field data recorded at the test site of the National Yunlin University of Science
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and Technology in Taiwan. The site consists of fluviatile sediments with mean hydraulic conductivity values of around 10-4 m/s, which are comparable to those found at the Stegemühle
Site. A more direct way to validate tomograms is to use direct visual comparisons between
inverted hydraulic conductivity and laboratory experiments [e.g., Illman et al., 2007; 2010].
Although the main motivation of hydraulic tomographic field studies is to provide highresolution information for solute transport predictions, only a small number of field studies
were published that employ tracer test data to interpret or validate reconstructed tomograms.
Bohling et al. [2007b] utilized a solute tracer test to evaluate the capability of steady-shape
tomography. They show that the tracer test could support the existence of a highly conductive
layer, which was reconstructed by hydraulic tomography. For further verification, a large number of small-scale hydraulic tests were performed at the Geohydrologic Experimental and Monitoring Site (GEMS), USA, but none of these revealed the presence of this high-conductivity
zone. The GEMS site is a heavily studied alluvial confined aquifer that consists of 11 m of sand
and gravel overlain by silt and clay. Another field example utilizing tracer test data and flow
data for inversion was presented by Vasco and Finsterle [2004] at the Grimsel Rock Laboratory
in Switzerland. In contrast to the work of Bohling et al. [2007b], the tracer test data was not
used for validation. Instead, the different data types were inverted together to improve the significance of the reconstructed hydraulic tomograms. Illman et al. [2012b] showed that estimated
hydraulic conductivity tomograms predicted better tracer distribution patterns during a dipole
tracer test than other traditional methodologies (i.e. effective parameter/macrodispersion approach or heterogeneous approach using ordinary kriging based on core samples). They also
emphasize the difficulties of capturing details of the tracer breakthrough due to intrinsic methodological limitations, such as effects of noise in head measurements and “the less diffusive
nature of the tracer which demands a much higher resolution mapping of the K-field”. Ni et al.
[2009] compared the predictive capabilities of a 2- D tomographic reconstruction to that of a
homogeneous model. In their theoretical study, they showed that the tomographic variant was
capable of reproducing tracer breakthrough curves (BTCs) independently of the transport distance. In contrast, a homogeneous advection-dispersion model with empirically estimated dispersivity could not match the BTC. When calibrated to the BTC, the homogeneous model would
properly reproduce the BTC, but obtained dispersivity would need to be raised with transport
distance.
In this paper, our main objective is to validate subsurface reconstructions from hydraulic
tomographic inversion for predicting solute transport in the field. Therefore, we choose the
hydraulic tomography procedure developed by Jiménez et al. [2013], which combines eikonal
and pilot point based inversion approaches. The procedure was originally presented for the reconstruction of a K-field and theoretically assessed by application to a virtual aquifer. Here, we
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further develop and adapt it to the requirements of the simultaneous 3-D reconstruction of specific storage and hydraulic conductivity. We apply it to the inversion of short-term pumping
tests at the Stegemühle site. Between the same wells originally used for the hydraulic tomographic investigations by Brauchler et al., 2013a, a forced gradient tracer test is performed.
Two fluorescent tracers are injected in two different depths of the aquifer and the BTCs are
recorded in the observation well over the entire thickness of the aquifer. The tracer test results
are contrasted with the new findings from hydraulic inversion, and we reveal, to what extent
and at which accuracy it is feasible to reconstruct structures relevant for subsurface transport.
Similarly to Ni et al. [2009], we also compare the BTC prediction by reconstructed model to
that of a homogenous one.

Figure 3-1. Monitoring well network at the Stegemühle test site. The 2” wells are colored
black, and multichamber wells are colored in blue. The plane between P5/M17.5 and P0/M25
corresponds to the eikonal inversion domain.

3.2 Material and methods
3.2.1 Field site and experiments
3.2.2 Stegemühle site
The experimental field test site Stegemühle is located south of the city of Göttingen, Lower
Saxony, Germany (Figure 3-1). In order to carry out hydrogeological and hydrochemical field
research under controlled natural conditions, five 1”-, twenty-one 2”- (five of them are multichamber wells) and three 6”-observation wells were installed during the period of 2006–2011.
The composition of the shallow subsurface was determined by a variety of methods such as
inspection of sediment cores, grain size analysis, direct-push electrical conductivity logging,
borehole gamma-ray logging, electrical resistivity tomography, and seismic travel time inversion [e.g., Hu, 2007; Vogt, 2007; Meyer et al., 2014; Hu, 2011]. The aquifer is composed of
unconsolidated fluviatile sediments (sand and gravel) of Quaternary age (Weichsel Glaciation).
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These sediments have a varying thickness of 1.0 – 3.3 m and are overlain by alluvial clay. The
aquifer bottom is at a depth of 1.9-7.0 m below land surface with erosional contact to the underlying clay stone formation of Middle Keuper Age. In the middle of the field site, which is
the focus area of this study, the aquifer exhibits confined conditions. Here, Hu [2011] and
Brauchler et al. [2013b] applied multi-level slug tests and observed vertically varying hydraulic
conductivities with higher values at the bottom of the aquifer.
3.2.3 Field implementation of hydraulic tests
A series of cross-well multi-level pumping tests were performed at the test site Stegemühle,
implementing a tomographic array along a straight line between a pumping well (P0/M25) and
an observation well (P5/M17.5) (Table 3-1). The distance between these two wells is 9 m (Figure 3-1). During each pumping test, the water was partially pumped out of the pumping well
P0/M25 by employing double packer systems with a screened interval of 0.25 m. The tube
connected to the pump has an internal diameter (ID) of 0.031 m. The observation well P5/M17.5
(Figure 3-2) is a multi-chamber well constructed with the Continuous Multi-channel Tubing
(CMT) System [Einarson and Cherry, 2002]. This well consists of a pipe with six continuous
separate channels (ID = 0.014 m), which are arranged in a honeycomb shape and lead to different depths. This design allows for the measurement of water level changes at different depths
of the aquifer.
Table 3-1. Basic information of the two wells P0/M25 and P5/M17.5 used for hydraulic tomography inversion and tracer testing.
P0/M25

P5/M17.5

single screen

multi-chamber

Aquifer thickness (m)

1.98

1.99

Well height (m)

0.87

0.65

Elevation of the well top (m.a.s.l.)

152.23

151.54

Surface elevation (m.a.s.l.)

151.36

150.89

Well bottom (m.a.s.l.)

145.28

145.3

Aquifer top (m.a.s.l)

147.382

147.415

Aquifer bottom (m.a.s.l)

145.401

145.419

Type

For the profile between the pumping well and the observation well, five short-term pumping
tests were carried out. For every short-term pumping test and every pumping interval, the pressure changes in the six different depths of the multi-chamber wells were recorded at a frequency
of 50 Hz with the pressure transducer (PDCR 35/D-8070) connected to a data logger (Campbell
Scientific® CR 3000). By varying the pumping interval, a total number of 30 (5 × 6) drawdown
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curves for the profile were recorded [Brauchler et al., 2013]. The pumping tests in series produced a pattern of crossing trajectories between test and observation well, similar to the paths
of a radar or seismic experiment. The travel times and hydraulic attenuations between the wells
P0/M25 and P5/M17.5 thus can be utilized for eikonal based cross-sectional reconstruction of
hydraulic parameter distributions.
3.2.4 Field implementation of tracer tests
Tracer test data is used for independent validation of the derived aquifer model. Non-reactive tracer tests are effective means to identify preferential flow paths or integral transport parameters of the subsurface, such as porosity and dispersivity. They can be conducted under
natural gradient or forced gradient conditions. Compared to the natural gradient tracer test, the
forced gradient tracer test is hydraulically well controlled and not constrained to a given natural
flow field. Moreover, higher mass recovery rates can be achieved [e.g., Ptak et al., 2004]. Consequently, forced gradient conditions were also favored at the field site.
The experiment was conducted between the same wells previously used for the pumping
tests (P0/m25, P5/m17.5). We selected two different tracers with similar transport properties,
the fluorescent dye tracers uranine and sodium-naphthionate [Leibundgut et al., 2009], in order
to allow for a robust analysis and to mitigate the effects of possible measurement errors, data
noise or tracer-specific transport behavior.
Prior to tracer injection, a steady radial flow field was established by continuous water extraction from the single screen well at a constant rate of ~ 0.3 l/s. A mass of 15 g uranine and
150 g sodium-naphthionate dissolved in water were injected into the multi-chamber well, each
in a different depth (Figure 3-2). The injection periods of uranine and sodium-naphthionate
were 5 min and 3 min, respectively, and by this a pulse-like injection was realized. The different
injection periods were employed due to technical reasons. They have negligible influence on
the results as they are very small compared to the time of tracer arrival. At the monitoring well
depth-integrated concentrations were measured every 30 s by a flow-through field fluorometer
(type GGUN-FL30), calibrated to the specific tracers and local groundwater conditions. For
quality control, at some time points the pumped-out water was also manually sampled and subsequently analyzed in the laboratory. The entire tracer experiment lasted two months, and the
water levels at the two wells were measured every few days to ensure the flow field was steady.
Detailed information on experimental settings is summarized in Table 3-2.
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Figure 3-2. Setup of the tracer experiment at Stegemühle site with well configuration and
illustration of injection levels for uranine and sodium-naphthionate. Additionally, electrical
conductivity (EC) measurements are depicted (in red) for both wells, which delineate the aquifer boundaries.
Table 3-2. Experimental design of two tracer tests at the Stegemühle field site.
Uranine
Pumping rate (l/s)
Injection start date and time

0.301~0.305
2011/10/18, 13:45

2011/10/18, 13:53

Injection mass (g)

15

150

Injection chamber

6

1

145.761

147.261

300

180

Height of chamber (m.a.s.l)
Injection duration (s)
3.3

Sodium-naphthionate

Tomographic inversion
The inversion procedure we use here encompasses the sequential application of an eikonal

based and pilot point based inversion scheme (Figure 3-3). It was presented in detail by Jiménez
et al. [2013] and makes use of the strengths of both inversions and minimizes drawbacks. On
the one side, eikonal based inversion is a fast, well tested methodology capable of providing
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insight into hydraulic parameters and aquifer structure. Strictly speaking it represents an approximation, since it treats the parabolic flow equation as a wave equation. In addition, the
eikonal approach, as presented in this paper, only uses a time diagnostic from the whole pressure signal leaving the rest of the information unused. As a consequence, the eikonal based
inversion is highly efficient for fast detection of structures, but as an approximation it is less
accurate in estimation of hydraulic parameter values. On the other side, pilot point-based inversion commonly works by fitting the flow equation, using the full recorded pressure signal and
thus making full use of the measured information. Therefore, hydraulic parameter values can
be determined, but this is computationally demanding, especially for 3-D reconstructions.

Figure 3-3. Main elements of sequential inversion procedure: the transient pressure signal
is inverted by an eikonal-based approach to deliver a conceptual map. This structural information is used to constrain full pressure signal inversion based on pilot points.
Jiménez et al. [2013] showed how to link both schemes in a synergetic way. Eikonal based
inversion is utilized to extract structures from reconstructed diffusivity fields (D-tomograms)
but not parameter values. Since we are interested mainly in K, the original procedure is refined
here by utilizing eikonal based estimates of K-distribution rather than diffusivity fields. As a
bridging step, specific storage (Ss)-tomograms are developed by attenuation tomography [Brauchler et al., 2013]. Given D = K/Ss, a fully eikonal based K-tomogram can be derived from the
D- and Ss-tomograms. The reliability of the tomographic models is assessed by means of null
space energy maps. A null space energy map represents a measure of the reliability of a tomo-
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gram. It relates the trajectory distribution to the mesh used for the discretization of the investigated area [e.g., Böhm and Vesnaver, 1996] and comprises a singular value decomposition of
the tomographic matrix.
We consider the eikonal based K-distribution as a proxy, but carrying valuable insight into
subsurface structures. For extracting this information, it is converted into a zonal image (conceptual map) using a k-means clustering algorithm. Pilot points serve as auxiliary variables that
are often combined with regularization techniques to fill a model parameter field. During the
pilot point based inversion procedure here, the information content of the conceptual maps is
exploited as follows [Jiménez et al., 2013]:
Initial values: each individual pilot point is assigned an initial value equal to that of the
corresponding cluster centroid.
Pilot point positioning: higher pilot point density is favored at locations where parametric
variability is suspected, i.e. at cluster boundaries. This step is performed using a finite element
mesh generator. For each cluster a mesh is designed, and at each node a fixed pilot point is
assigned. This procedure automatically leads to a refinement at the cluster boundaries.
Regularization: Interpolation among the pilot points is based on the conceptual maps as
well. Three conditions are proposed, which have to be fulfilled so that two pilot points are
correlated: (i) both pilot points pertain to the same cluster; (ii) the distance between the pair of
pilot points is smaller than the average length of the cluster in horizontal direction; and (iii)
there must be no other pilot point from a different cluster within a given space of influence
[Jiménez et al., 2013]. For the regularization implementation, i.e. the spatial relationships
among the pilot points, a graph theoretical concept is adopted [e.g., Bhark et al., 2011a]. Initially, prior to the calibration, each pair of pilot points is examined and an adjacency matrix is
developed:
0
( ⋮
𝑎𝑖𝑗

⋯
⋱
⋯

𝑎𝑖𝑗
1, 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑠 𝑓𝑢𝑙𝑓𝑖𝑙𝑙𝑒𝑑
⋮ ) ← 𝐶(𝑝𝑖 , 𝑝𝑗 ) = {
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
0

(3.1)

where 𝑖 = 𝑗 = 1, … , 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑙𝑜𝑡 𝑝𝑜𝑖𝑛𝑡𝑠, 𝑎𝑖𝑗 is a boolean indicator, 𝑝 denotes a pilot
point, and 𝐶( ) is the adjacency matrix. The adjacency matrix dictates if two pilot points are
connected in a graph or not, based on the three conditions listed above, and it is used to calculate
the regularization function, 𝛷𝑟 .
Note that we want to arrive at a 3-D parameter field, but the conceptual map gives only
insight into structures in a 2-D vertical slice between source and receiver well. For 3-D extrapolation, variograms along the horizontal and vertical axes are constructed from the eikonal
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based diffusivity tomogram. Along the tomogram, pilot point values are considered as hard
data, and the values for each cell of a given numerical model grid is derived from 3-D kriging.
The hydraulic parameters with spatial heterogeneity, which are addressed by the inversion
procedure, are K and Ss. On one hand, the resulting K- and Ss-field must honor the recorded
pressure response data. This is evaluated by implementation in a flow model and comparison
to the field data. On the other hand, the parameter fields are constrained by regularization. This
is described by an objective function, which is solved based on Lagrange multipliers [Doherty,
2010b; Jiménez et al., 2013].

3.4 Numerical modeling
3.4.1 Hydraulic test simulation
Inversion methods such as the pilot point-based approach use a large number of iterative
flow model runs. Therefore, any possibilities for minimizing simulation time are of interest. An
appealing option is using locally refined grids, and accordingly hydraulic cross-well simulations were performed with MODFLOW-LGR [Mehl and Hill, 2005; Vilhelmsen et al., 2012], a
transient, three-dimensional groundwater flow code. MODFLOW-LGR allows local refinement of a finite difference grid, as an extension to the classical MODFLOW code. It couples
two or more finite difference grids called parent and child. A parent grid can cover a large area
in order to accommodate regional flow and boundaries. A much more refined child grid can be
used to study more local phenomena, for instance the hydraulic effects in the vicinity of a
pumping well.
3.4.2 Tracer test simulation
By numerical simulation of the tracer test with the reconstructed aquifer, the suitability of
the hydraulic tomography approach for predicting solute transport can be evaluated. For this
purpose, the reconstructed 3-D aquifer is implemented in a flow and transport model, and the
simulated results are contrasted with those by a homogeneous case. The heterogeneous model
represents the full heterogeneity in K and Ss obtained from the tomographical inversion procedure. In the homogeneous model, K and Ss are set constant, taking the mean of the estimated
values. For flow modeling, the forward model used for pilot point-based full signal inversion is
selected. The code MT3DMS [Zheng and Wang, 1999] is chosen for solving solute transport.
By comparing measured and, by these models, simulated tracer BTCs, we can assess the
gain from resolving aquifer heterogeneity and also validate the inverted model. Still, additional
parameters need to be specified before the transport models can be run. Crucial unknowns are
dispersivity and effective porosity. Since these parameters cannot be determined separately with
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sufficient accuracy, we consider their possible value ranges, and estimate the most likely parameter ranges for homogeneous and heterogeneous models through a Bayesian approach, a
Markov Chain Monte Carlo (MCMC) sampling procedure. It utilizes the Metropolis–Hastings
algorithm [Metropolis et al., 1953; Hastings, 1970] to sample realizations of longitudinal dispersivity and effective porosity, separately for heterogeneous and homogeneous models. For
simplification, transversal dispersivity is set 1/10 the value of the longitudinal one, which is a
rough but common assumption in related work [Molina-Giraldo et al., 2011]. For generating
new realizations within the MCMC framework, (i) one of the parameters is selected randomly,
(ii) a new parameter value is proposed using a Gaussian random walk, and (iii) the acceptance
ratio α is computed:
𝑎 = min(1,

𝐿(𝑚𝑛𝑒𝑤 ) 𝑔(𝑚𝑛𝑒𝑤 → 𝑚𝑜𝑙𝑑 )
)
𝐿(𝑚𝑜𝑙𝑑 ) 𝑔(𝑚𝑜𝑙𝑑 → 𝑚𝑛𝑒𝑤 )

(3.2)

where L is the likelihood function, 𝑔 is the proposed distribution, and m denotes a model
parametrization. Finally, a random number u is drawn from a uniform distribution on [0, 1] and
the realization is accepted if a > u, and rejected otherwise. As search criterion, the RMSE between measured and modeled tracer BTCs is selected. The function that maps from RMSE to
−

likelihood is 𝐿 = 10
3.5

𝑅𝑀𝑆𝐸
2𝜎2

with σ equal to 0.2.

Results

3.5.1 Eikonal based inversion of hydraulic tests
Brauchler et al. [2013c] reconstructed a diffusivity (D) and specific storage tomogram (Ss)
utilizing the eikonal based inversion approach. The derived tomograms displayed in Figure
3-4a-e are shortly discussed in the following; however, for more details we refer to Brauchler
et al. [2013c].
For the eikonal based inversion, a starting 2-D model domain of 45 cells was applied. Utilizing the method of staggered grid, the mesh was shifted four times in the horizontal direction
and three times in vertical direction, which led to the final resolution of 540 pixels imaged in
Figure 3-4. For the diffusivity reconstruction displayed in Figure 3-4a, the 50% travel time
diagnostic was employed for the inversion. The travel time and attenuation inversion, including
the staggered grid calculation, took less than one minute on a conventional notebook. For quantifying the reliability of the D- and Ss-tomograms (Figure 3-4a, c), null space energy maps are
provided in Figure 3-4b, d. These maps illustrate the uncertainty associated with the eikonal
based inversion. A value of 1 of the null space (black color) means the lowest possible confidence on the values obtained for a given cell in a tomogram, and a value of 0 (white color)
indicates highest confidence.
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The D- and Ss-tomograms indicate horizontal layering (Figure 3-4a, c), with values of D
between 2 m2/s and 20 m2/s, and of Ss between 3 x 10-5 and 10-4 m-1. The K-tomogram (Figure
3-4e) is obtained by D = K/Ss. It shows a similar structure, with moderate heterogeneity and
values ranging from K = 10-4 to 10-3 m/s, which are considered typical for sand and gravel
aquifers.

Figure 3-4. a and b) Reconstructed diffusivity tomogram and the associated null-space energy map. c and d) Reconstructed specific storage tomogram and the associated null-space energy map. e) Computed hydraulic conductivity tomogram using D=K/Ss [see Brauchler et al.,
2013]. f) Resulting cluster distribution based on hydraulic conductivity tomogram. g) Pilot
point distribution, cluster IDs, and Tikhonov regularization connections (gray lines). h) Resulting hydraulic conductivity from pilot points inversion using K and Ss as a parameter (longitudinal slice of the 3-D domain, Figure 3-8b, for comparison purposes).
3.5.2 Conceptual map and pilot points configuration
The conceptual map to support the subsequent pilot point inversion was developed from the
eikonal based results and is displayed in Figure 3-4f. The number of clusters was set to four,
which, after visual inspection, was considered the maximum possible to keep the main structures of the tomograms. Following Jiménez et al. [2013], cells associated with high null space
energy values (here > 0.9) were ignored during clustering. These gap cells, which are mainly
located close to the top boundary, were filled by nearest neighbor interpolation from adjacent
cells.
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The conceptual map is used to guide pilot point positioning and setting initial values for
hydraulic parameter (K and Ss) calibration. This involves transforming the conceptual map into
a vector graph in order to obtain a digital image of the cluster interfaces. The latter are displayed
as black lines in Figure 3-4g. Then a mesh is assigned to the vector graph using a finite element
mesh generator. The mesh nodes are translated into pilot point positions. Each pilot point an
initial value equal to the value of the corresponding cluster centroid is assigned.
The selected mesh generator uses Delaunay triangulation. The utilization of the mesh generator leads to a higher pilot point density along the cluster boundaries. This distribution is
favorable because along these boundaries the largest contrasts in hydraulic properties are expected. A maximum element size of 0.7 m and a resolution curvature of 0.3 are selected. Both
parameters control the mesh (i.e. pilot point) density and how fast it declines away from the
cluster boundaries. The maximum element size determines how big each grid element can be
and the resolution curvature limits the mesh size along a curved boundary [COMSOL, 2012].
Accordingly, the lower the values for each parameter are, the more pilot points are allocated.
The maximum number of nodes is set to 1200. Table 3-3 lists the number of pilot points assigned to each cluster. The maximum element number, which controls the total number of pilot
points, is a compromise between available computational resources, available observations and
desired resolution.
Table 3-3. Number of pilot points and connections for each cluster.
Cluster ID

Number of pilot points

Number of connections

1

75

358

2

96

301

3

125

369

4

67

238

Total

363

1266

The regularization step for interpolation among the pilot points is also guided by the conceptual maps. Based on their neighborhood relationships, pilot points are connected in pairs,
yielding separate networks that delineate the structures observed in the conceptual maps. In
Figure 3-4g, these networks are illustrated as grey lines. For the maximum distance between a
pair of pilot points three meters were chosen, which equals the average length of the clusters in
horizontal direction, and for the calculation of the space of influence an angle of 30° was set
[e.g., Jiménez et al., 2013].
For interpolating between the pilot points and lateral extrapolation in 3-D, ordinary kriging
is applied. The diffusivity tomogram displayed in Figure 3-4a is utilized to derive the underlying semi-variograms depicted in Figure 3-5. As expected for fluviatile sediments, we find a
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larger range in the horizontal (2.3 m) than in the vertical direction (1 m). During the subsequent
calibration, the K and Ss values at the pilot point cells are tuned, and by kriging the values of
the other cells are filled. In the numerical model, pilot points exist only in the vertical tomogram
slice between the source and receiver well. For lateral extrapolation, we assume stationary,
horizontally isotropic geostatistical properties and consistently use kriging with the same semivariograms. However, it is clear that due to the missing field data away from the well couple,
the resulting 3-D field will lose reliability in lateral distance. Alternatively, several tomograms
from different source and receiver wells may be collected from the field and combined for 3-D
inversion, such as shown in Berg and Illman [2012a].
3.5.3 Simulation of pumping tests
In the numerical groundwater flow model domain, the refined child grid (13 m × 4 m × 2 m)
is embedded in the coarser parent grid (60 m × 60 m × 2 m). The selected refinement ratio
between parent and child grid is 5:1, resulting in total around 1 million cells. Fixed hydraulic
heads are implemented to enforce the regional hydraulic gradient (0.004) measured in the field.
The child grid simulates the source (P0/M25) and receiver well (P5/M17.5) from the field
test. Along the source borehole, five vertical screens are implemented. This resembles those
screens in the field at which the pumping tests were performed. At the receiver an array of six
observation points is defined in the model to simulate the multi-chamber well configuration.
For the calibration, the repeated pumping tests at the source well are simulated by transient
flow modeling. Each test simulates a 140 seconds pumping at 0.3 l/s. With five tests at different
depths and six receivers, 30 pressure response curves are recorded in total. Each pressure signal
is discretized by 300 points. Two choices are compared for fitting these curves to those measured at the field site. In the first one, only K is calibrated, and Ss is set a constant value of
Ss,mean = 5.5·10-4 m-1 equal to the mean of the tomogram (Figure 3-4c). The initial values for K
are specified equal to the centroids of the clusters. In the second one, both parameters are independently adjusted, which means that the number of decision variables is doubled. However, to
save computational time, here the initial values of K are selected according to the results from
previous calibration of K only.
The selected optimization algorithm (Levenberg-Marquardt) is suited for parallelization,
and a cluster with a desktop (Intel i7 3.4 GHz, 16 GB RAM) and a workstation (Intel Xeon E5
3.1 GHz, 64 GB RAM) was used. The number of parallel runs was 20, distributed on both
machines. A single model run took approximately 5 minutes. A total of 1130 models runs were
needed. The full pilot points inversion took approximately 5 hours.
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Figure 3-5. Semivariogram derived from the diffusivity tomogram with horizontal (red)
and vertical search direction (black).

Figure 3-6. Observed and modeled pressure responses by adjusting only hydraulic conductivity (K) during 3-D pilot point-based inversion.
3.5.4 Calibrated hydraulic parameter fields
The hydraulic parameters at the Stegemühle site show low variability in comparison with
the conditions at other test sites such as NCRS, where similar experiments were conducted [e.g.,
Berg and Illman, 2012b]. This is reflected in the pressure response curves (Figure 3-6) which
all show a similar behavior. Despite that, in order to be able to resolve heterogeneous structures,
we suggest to make full use of the measured information while exploiting the degrees of freedom in the hydraulic model. This means, the calibration procedure is applied to fit all and the
complete pressure response curves, and this is achieved by not only calibrating the spatial distribution of K but also Ss.
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Figure 3-6 compares the 30 measured pressure response curves with those calibrated by K
adjustment only. The fitting error (root mean squared error, RMSE) is minimized to 5 × 10-4 m,
and it is shown that most curves are properly reproduced. This fitting error seems to be the
lowest possible with the current parametrization. In some cases, the later stages are not ideally
captured. This can be seen for most of the responses from the 5th interval at the receiver. This
is improved by also including Ss as a decision variable. The resulting modelled pressure curves,
as depicted in Figure 3-7, fit better to the measurements, and we reduce the RMSE to 3 × 10- 4 m.
The resulting K-fields are visualized in Figure 3-8. Kriging variance or estimation error of
the hydraulic parameters assigned to cells increases rapidly from the vertical slice between
source and receiver well, which contains the pilot points. Hence, to those cells surrounding the
shown central region, mean values are assigned (also for Figure 3-9). Including Ss in the inversion yields a very similar field, and only a central layer with higher K found in Figure 3-8a
appears less accentuated in Figure 3-8b. Figure 3-9 depicts the calibrated distribution of Ss. It
is revealed that highest values of around 7 × 10-5 m-1 are characteristic for the upper part of the
aquifer, whereas the Ss in the lower ranges around 4 × 10-5 m-1. Comparison of Figure 3-8 and
9 nicely shows how the structures are related. With regularization and kriging, these clusters
stimulate the calibration of zones that can be interpreted as individual sedimentary hydrofacies
[e.g., Bayer et al., 2011]. The latter are characterized by specific and fairly constant hydraulic
properties, and this is reproduced here by the spatial correlation between the structures for K
and Ss in Figure 3-8 and Figure 3-9.
The vertical parameter distribution between source and receiver well in the 3-D aquifer
model can be compared with the tomograms reconstructed based on travel time diagnostics
(Figure 3-4). It is shown that the basic layer structure is mantained, with higher K values on the
lower-right section and low values in the upper section. Same geometries can be recognized in
both cluster map and pilot point based field (Figure 3-4f, h). In comparison with the travel time
based K tomogram (Figure 3-4e), full signal inversion yields a decrease in the range of K. This
is also true for the specific storage ranges. In comparison with the Ss-tomogram (from 4 × 10-5
to 8 × 10-5 1/m) (Figure 3-4c), a lower variability is observed in Figure 3-9 (from 4 × 10-5 to
7 × 10-5 1/m).
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Figure 3-7. Observed and modeled pressure responses by adjusting hydraulic conductivity
(K) and specific storage (Ss) during 3-D pilot point-based inversion.

Figure 3-8. Reconstructed hydraulic conductivity of aquifer using a) hydraulic conductivity
and b) hydraulic conductivity and specific storage.
62

3.5 Results

Figure 3-9. Reconstructed specific storage field using hydraulic conductivity and specific
storage tomograms.
3.5.5 Validation of the reconstructed aquifer with tracer test data
In order to validate the reconstructed hydraulic parameter fields for predicting solute
transport, the uranine and sodium-naphthionate tracer tests are used. Applying tracer data to
validate an inversion procedure based solely on hydraulic data poses evident challenges. Tracer
transport is not fully predictable if only hydraulic data is used. Moreover, the tracer test was
performed under a different hydraulic regime, and therefore comparison between tracer simulation and measurements will elucidate the robustness of the hydraulic inversion.
As explained, the two tracers were applied between the source and receiver wells used for
the hydraulic inversion. The measured BTCs of the tracers are illustrated in Figure 3-10. The
tracers were monitored for two months, but here only the time of breakthrough is shown. A first
visual inspection reveals that the curves follow a nearly ideal shape with early steep increase of
concentration and, after a peak is reached, tailing sets in. With a closer look, we also recognize
non-uniformities in both curves. The sodium-naphthionate BTC shows a small step in the later
phase after the peak has passed by. In contrast, before uranine reaches the maximum peak, an
apparent local peak already appears which widens the period when the highest concentration is
detected.
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Figure 3-10. Breakthrough curves (BTCs) measured at the pumping well during the tracer
tests and MCMC realizations for the a) uranine and b) sodium-naphthionate.
Our main question is whether the reconstructed heterogeneity is accurate enough for predicting the transport of the tracers. Aside from this, we also ask if this complexity is needed at
all. Therefore, results for the reconstructed aquifer are compared to the simplest reference,
which is simulation with a homogeneous system. The main steps are implementation in a flow
and transport model, specification of unknown transport parameters and comparison of both
model results.
For simulation of the groundwater flow velocity field, the same flow model setup as for the
pilot points based inversion was used. The models make use of a 3-D grid in order to accurately
capture the heterogeneity of the aquifer and to account for potential transversal spreading of the
tracer. Several authors recognize the importance of 3-D models [e.g., Liu et al., 2007a]. For
example, Illman et al. [2008a] state “the knowledge of detailed 3-D distributions of K is critical
in prediction of contaminant transport”. Steady-state conditions are assumed according to the
static hydraulic settings during the experiment. The fixed head boundary conditions establish a
constant regional flow field, and the pumping well P0/M25 (Figure 3-3) is configured with an
extraction rate of 0.3 l/s to simulate the forced gradient conditions generated in the field. In the
heterogeneous model, the reconstructed K-field was implemented, in the homogeneous one, the
arithmetic mean of 1.5 × 10-4 m/s of the heterogeneous variant was chosen. By using steadystate models, the inverted Ss-fields are not utilized. However, the K-fields are derived by coupled inversion of K and Ss values under transient conditions. This way, the information content
of the transient hydraulic experiment is exploited for the steady-state flow simulation during
the tracer test.
The transport code MT3DMS [Zheng and Wang, 1999] is selected for solving solute
transport. The transport model domain covers 10 m × 4 m × 2 m with a spatial discretization of
160 × 32 × 40 cells, summing up to 204,800 cells. Computational time on a 2015 desktop (i7,
16 GB RAM, 250 GB SSD) was approximately 5 minutes per model run using the method of
characteristics.
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The value ranges of two unknown parameters for transport modeling, dispersivity and effective porosity needed to be estimated. For this, two MCMC chains were run, one for the
homogeneous model and other for the heterogeneous model. Both BTCs are adjusted and a
summed up RMSE is computed. Each chain has a length of 3000 model runs, with a burn-in of
1500. BTCs measured at the pumping well during the tracer tests are compared with those resulting from the simulation with the obtained MCMC ensemble. In Figure 3-10, only those for
the heterogeneous model are depicted. The BTCs simulated with the homogeneous model are
comparable and not shown here. For both the homogeneous and the heterogeneous model, the
BTCs obtained with different dispersivity and effective porosity realizations spread around the
observed BTC, and no bias or other systematic error is observed.
The nearly ideal shape of the BTCs indicate that the aquifer exhibits only a moderate heterogeneity, and thus minor differences among homogeneous and heterogeneous model results
exist. The homogeneous variant can appropriately capture the general form of the BTCs given
properly tuned dispersivity and effective porosity values [see also Ni et al., 2009]. The heterogeneous variant is similarly suitable, which however also means that special characteristics of
the BTCs are not resolved. This can be attributed to the limited resolution of the tomograms
and the reconstructed fields in order to delineate local hydraulic heterogeneities relevant for
solute transport. However, the limitation of an even very detailed reconstruction of aquifer heterogeneity based on a single source-receiver plane certainly plays a major role, because the
tracer transport occurs in a 3-D domain. Therefore, the discrepancy between the BTCs and the
heterogeneous model simulation may also be caused by the applied lateral extrapolation from
the vertical source-receiver plane. For example, the untypical spreading of the uranine BTC
around the peak may be due to unseen lateral aquifer heterogeneity that strongly sidetracks the
tracer. The irregular behavior of the measured sodium-naphthionate curve after around 5 days
may indicate that a portion of the tracer is temporary split apart from the main plume and
reaches the pumping well with a time lag. This is observed as local peak and accentuates the
tailing of the earlier main tracer mass fraction. As our 3-D reconstruction is only based on
extrapolation from one profile, more adjacent and ideally differently oriented profiles would be
needed for capturing such lateral heterogeneities.
Lateral tracer loss is also supported by the mass recovery rates of 86% (uranine) and 50%
(sodium-naphthionate). The relative low recovery observed for sodium-naphthionate in comparison to uranine during the test cannot be definitively attributed to a certain reason. As the
shape of the tracer BTC does not support distinctive retardation of the tracer, sorption processes
are unlikely the reason. Due to the relatively long duration of the test and moderate groundwater
temperatures (10–12 °C), a microbiological degradation of sodium-naphthionate in the aquifer
seems possible. Rapid microbiological sodium-naphthionate degradation was observed by
Goldscheider et al. [2001] for water samples with a certain storage period, depending on storage
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temperature. Studies for those kinds of processes are scarce and more research effort in this
direction is needed. Nevertheless, as normalized BTCs are employed for this study, a lower
tracer recovery does not compromise the results.
Although, the reconstructed model is not superior to a simple homogeneous alternative in
delineating the tracer BTCs, it appropriately resolves structures relevant for the transport of the
tracers. This is revealed by comparison of the estimated value ranges for the MCMC ensembles.
Figure 3-11 shows that the RMSE for both model variants are similar, and the effective porosities range between 0.1 to 0.27. This is the same for both, and also within the broad range of
previously reported values of 0.10 to 0.25, [Meischner, 1985; Schlie, 1989; Hu, 2011; Meyer,
2011]. However, dispersivity values need to be substantially higher when a homogeneous
model is used. Best results are obtained for a longitudinal dispersivity of α L = 2.67 m for the
homogeneous model. The optimal fit for the heterogeneous case is at αL = 1.64 m, which shows
that macro-dispersive effects are simulated explicitly and correctly through the reconstructed
macro-scale hydraulic heterogeneity. The value of αL = 1.64 m is still significant and this denotes that heterogeneities exist at a smaller scale than the resolution of the hydraulic tomography at this site and with this experimental configuration, which strongly influence the tracer
spreading. By individual tracer BTC fitting, the estimated values of αL = 1.57 m for uranine and
1.72 m for sodium-naphthionate slightly deviate from the result of combined fitting. These differences are not judged as significant enough to identify clear differences in the tracer-specific
transport or associated with the different injection levels.

Figure 3-11. Ensemble of MCMC-based results of longitudinal dispersivities for the homogeneous (circle) and reconstructed heterogeneous model (cross); the RMSE denote the discrepancy of measured and simulated BTCs. The spread of RMSE for a certain dispersivity value
highlights that realizations with same dispersivity but different effective porosity values exist.
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3.6

Conclusions
The presented work shows that the sequential travel-time and pilot point based approach

can be applied to high resolution reconstruction of hydraulic parameters at a field site. It is
demonstrated, for the only slightly heterogeneous field site that the presented procedure can
identify sedimentary structures. However, comparison of model-based predictions with the
tracer tests at the site reveals that the reliability of the derived aquifer model also exhibits limitations.
The tracer test delivered two BTCs, which show minor irregularities and this indicates the
only moderate heterogeneity at the Stegemühle site. Therefore, even a homogeneous model can
provide similarly good predictions as a heterogeneous variant with the reconstructed K-field. A
main point is that crucial transport parameters, especially dispersivity, need to be set. We have
not pre-specified these parameters but analyzed suitable value ranges by applying a MCMC
based search. In other words, for minimizing any bias we examined model validity within these
ranges. Within these degrees of freedom, the reconstructed model performs similarly well as a
homogeneous one. This reflects that even though macro-scale heterogeneities are reconstructed,
their combined effect on tracer spreading averages. Therefore, the tracer breakthrough curves
can also be predicted by a higher integral dispersivity in a much simpler homogeneous model.
However, as pointed out in the theoretical study by Ni et al. [2009], even if a homogenous
model can provide an appropriate fit, it will not capture the scale-dependent increase of dispersion with transport distance [see e.g. Gelhar et al., 1992; Molina-Giraldo et al., 2011]. In contrast, by reconstructing transport-relevant structures, their effect on macro-dispersion is explicitly simulated, and thus the heterogeneous model is more suited for predicting solute transport
along shorter or longer distances.
Still, in our application case neither the homogeneous nor heterogeneous model variant perfectly predicts the recorded tracer concentrations. When measurement errors can be neglected,
we interpret inconsistencies caused by unresolved lateral heterogeneity. The proposed sequential approach employs 3-D hydraulic simulation and inversion, but structures are constrained
only by the vertical 2-D travel time tomograms. For improved structural reconstruction, additional tomograms between different source and receiver wells would be needed. With these,
more reliable results from hydraulic parameter interpolation rather than the presented extrapolation can be expected. Aside from this, as Illman et al. [2012a] demonstrate in a sandbox experiment, the resolution by HT could be improved with a higher density of sources and receivers. As a result, so far unresolved micro-structures could be detected and the value of the dispersivity would be further decreased.
The presented coupled inversion procedure shows to further refine K- and Ss-tomograms
between the investigated source and receiver wells in comparison to travel time-based inversion
only. A main observation is that pilot point-based inversion reduces heterogeneity, although
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homogenization is not enforced through regularization. This may be due to the fact that the 2- D
travel time tomograms are based on a diagnostic of early arrival times, which are accentuated
by the existence of high K zones or preferential flow paths. In contrast, the pilot point approach
calibrates the full pressure response curves and calibrates a 3-D model, and by this a higher
volume of the aquifer is referred to. Further insight could be obtained, for instance, by employing different parts of the response curves for pilot point-based inversion.
As an innovative step, it is shown that including Ss in addition to K in the pilot point-based
inversion is beneficial for minimizing model misfit to field data. This has rarely been included
in related work [e.g., Castagna and Bellin, 2009]. However this means also doubling the number of decision variables for the optimization problem. This is potentially not desirable, as this
eventually can over-parameterize the problem and enhance its ill-posedness. In fact, the generated heterogeneous aquifer model can be considered as one solution of many, and further alternative realizations fitting the data could be explored. As future work, we therefore plan to envisage the diversity of several equally probable realizations, based on K with or without Ss as
free parameters.
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Abstract
Pilot points are standard means for calibration of highly parameterized numerical models.
We propose a novel procedure based on estimating not only the pilot point values, but also their
number and suitable locations. This is accomplished by a trans-dimensional Bayesian inversion
procedure that also allows for uncertainty quantification. The utilized algorithm, reversiblejump Markov-Chain Monte Carlo (RJ-MCMC), is computationally demanding and this challenges the application for model calibration. We present a solution for fast, approximate simulation as a means of accelerating the Bayesian inversion. A fast pathfinding algorithm is used
to estimate tracer travel times instead of doing a full transport simulation. This approach extracts the information from measured breakthrough curves, which is crucial for the reconstruction of aquifer heterogeneity. As a result, the “smart pilot points” can be tuned during thousands
of rapid model evaluations. This is demonstrated for both a synthetic and a field application.
For the selected synthetic layered aquifer, two different hydrofacies are well reconstructed. For
the field investigation, multiple fluorescent tracers were injected in different well screens in a
shallow alluvial aquifer and monitored in a tomographic source-receiver configuration. With
the new inversion procedure, a sand layer was identified and reconstructed with a high spatial
resolution in 3-D. The sand layer was successfully validated through additional slug tests at the
site. The promising results encourage further applications in hydrogeological model calibration,
especially for cases with simulation of transport.
4.1

Introduction
Numerical model calibration occupies a central role in hydrogeology and related disciplines

where complex environmental systems need to be characterized, such as for reservoir modeling
or contaminant behavior prediction. A rich bibliography exists on techniques for concerted adjustment of numerous parameters or parameter fields, such as heterogeneous spatial distribution
of hydraulic conductivity. Manual calibration (trial and error) is probably the most simplistic
way but it can be highly inefficient. One of the most popular approaches is the zonation method,
where the model domain is divided into a small number of uniform geological subdomains, and
their properties are optimized. An efficient technique for zonal calibration is automatic deterministic calibration based on Newton’s method [Thiery, 1994], however it does not allow for
uncertainty quantification. In contrast, approaches using a stochastic formulation of the inverse
problem [Carrera and Neuman, 1986], provide meaningful uncertainty quantifications. A comprehensive review of most relevant geostatistical inversion approaches can be found in
Zimmerman et al. [1998], Zhou et al. [2014] or Kitanidis [2015].
Among the existing concepts, the pilot points method has been widely used for the
calibration of groundwater models [e.g. Marsily et al., 1984; LaVenue and Pickens, 1992;
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Doherty, 2003; Tonkin et al., 2007]. Instead of formulating an estimation procedure whereby
the value of each model cell value is considered as an independent unknown, only a limited
number of values at predefined points are adjusted. The space in-between these so-called pilot
points is filled by geostatistical interpolation techniques. This is often sufficient for obtaining a
satisfactory model fit due to a small amount of available data in comparison to a high model
parametrization.
One main criticism of the pilot points approach, is that no general rules exist regarding the
definition of the number and locations of the pilot points. Number and locations have to be
fixed a priori, and the success of inversion will strongly depend on this initial choice [Doherty
et al., 2010]. Alcolea et al. [2006] explain the related difficulties as follows: “On the one hand,
a large number will result in substantial computational times and instabilities during the inversion. On the other hand, a small number of pilot points will hamper the resolution at which the
heterogeneity is resolved”. This trade-off in the pilot points parameterization also depends on
the choice of the geostatistical interpolation model.
RamaRao et al. [1995] suggest adding pilot points “where their potential for minimizing the
objective function of model misfit is the highest”. However, according to Cooley [2000], this
strategy encourages over-parametrization. For Gaussian distributed fields, Gómez-Hernández
et al. [2003] propose, as a general rule, a spacing of 1 or 2 pilot points per correlation length,
but Kowalsky et al. [2004] find a spacing of 2 to 3 pilot points per correlation length suitable.
Wen et al. [2002] present a sequential self-calibration method that makes use of piezometric
head and tracer data with a synthetic example where sub-sets of pilot points are selected whose
locations change every 3 to 4 iterations. In general, a too large number of pilot points (i.e., overparameterization) may result in instabilities during the inversion. To compensate this, regularization (e.g. Thikonov) is commonly employed [Fienen et al., 2009; Doherty, 2003, Yang et al.,
2012]. Sub-space regularization is based on singular value decomposition (SVD) of the sensitivity matrix where pilot points are categorized as identifiable (i.e. used to minimize the objective function) or non-identifiable (i.e. excluded from the inversion). By using only identifiable
sub-sets, the problem dimension is decreased, and thus inversion is accelerated and spurious
effects from insensitive pilot points are avoided [Tonkin and Doherty, 2005]. Yang et al. [2012]
present a sub-space regularization technique using a stochastic SVD in combination with parameter rejection methods. It constructs an intensity field to optimally locate pilot points. However, in all of these refined techniques, an initial static set of pilot points still has to be defined,
which strongly condition the inversion results.
In this paper we propose a novel approach based on learning not only the pilot point values,
but also their number and suitable locations during a stochastic inversion procedure that allows
for uncertainty quantification. Since the appropriate number of pilot points is not known a priori, an estimation algorithm is needed that can handle variable numbers of decision parameters.
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To do this, we use the reversible-jump Markov-chain Monte Carlo (RJ-MCMC) method
[Green, 1995; Hastie and Green, 2012]. This so-called “smart pilot points” method follows a
parsimonious principle and automatically searches for a minimum number of points in order to
circumvent over-parameterization. The inversion simultaneously formulates pilot point values
and their coordinates as decision parameters, and thus minimizes the bias related to the initial
settings.
RJ-MCMC is a more general formulation of the classic Metropolis–Hastings algorithm [Metropolis et al., 1953; Hastings, 1970]. It belongs to the family of trans-dimensional algorithms,
which search not only for optimal decision parameter values, but they also optimize their number. Trans-dimensional algorithms have been used in reservoir geology [e.g. Gallagher et al.,
2009; Sambridge et al., 2006 ; Elsheikh et al., 2012] and in geophysics [e.g., Bodin and
Sambridge, 2009 ; Ray and Key, 2012]. Bodin and Sambridge [2009] for instance propose a
seismic tomography inversion based on a variable number of Voronoi cells with flexible geometry. The recent work by Dettmer et al. [2014] deals with the discretization of faults using a
trans-dimensional, self-adapting and irregular grid.
Our new inversion technique is tested using groundwater tracer tomography, similar to hydraulic tomography [Vargas-Guzmán and Yeh, 2002; Cardiff et al., 2013a; Berg and Illman,
2015], which is the combined inversion of several tracer signals. The multiple simultaneously
or sequentially activated tracer sources and receivers are arranged in a setting similar to geophysical tomography. Sources denote injection points in different wells or depths, and receivers
are sample locations, such as depth-dependent well screens. By means of multiple source-receiver combinations, a given aquifer cross-section or volume can be examined and transportrelevant structures in the subsurface can be located. Due to the relatively demanding field implementation and the challenge of combined tracer data inversion, only a few studies on tracer
tomography have been presented so far [Brauchler et al., 2013a; Illman et al., 2010b]. Variants
include applications with solute tracers [Vasco and Datta-Gupta, 1999; Jiménez et al., 2015],
thermal tracer tomography [Klepikova et al., 2014; Somogyvari et al., 2015] and combinations
with geophysical methods such as electrical resistivity tomography (ERT) [Singha and
Gorelick, 2006] and ground penetrating radar (GPR) [Dorn et al., 2012].
In the following, the principle of model parameterization using smart pilot points and the
theory of RJ-MCMC are first introduced. Then, the strategy for applying smart pilot points to
tracer tomography is presented, with a fast transport model proxy for acceleration of the computation. The combined use of smart pilot points and proxy is first demonstrated for a simple
synthetic test case. Second, results from the inversion of tracer tomography field experiments
in a shallow alluvial aquifer are presented and validated with multi-level slug tests.
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4.2 Methodology
4.2.1 Model parametrization
The principle of the pilot points method is to a) propose a model m composed of npp pilot
points, each pilot point defined by a set of coordinates and a parameter value such as a hydrofacies indicator. b) Then to transfer the pilot points information over the model domain using
interpolation. In this manner, an entire spatial field consisting of q unknowns (q being the number of grid cells in m) can be parameterized using only npp×3, the factor 3 standing for the three
adjustable properties of each point (in 2-dimensions): the coordinate x, the coordinate y, and
the parameter value. Since npp×3 << q, the pilot points are a sparse representation of m. c)
Compute the offset between calculated and measured data and return to (a) until a stopping
criterion is met.
The main challenge with such sparse representation, is that one has to find the correct level
of sparsity to be able to explain the data. This is accomplished using RJ-MCMC, which is a
Bayesian method where the parameters values and the number of parameters are estimated simultaneously without introducing unnecessary detail [Sambridge et al., 2013].

4.3 RJ-MCMC
The goal of Bayesian inference is to derive the posterior probability based on prior beliefs
and a likelihood function. Thus, in the Bayesian framework, the solution to an inverse problem
is given as the posterior probability, defined as the conjunction of a prior density and a likelihood by the classical Bayes' theorem:
𝑝(𝒎|𝑑) =

𝑝(𝑑|𝒎)𝑝(𝒎)
𝑝(𝑑)

(4.1)

Where 𝑝(𝒎|𝑑) is the posterior probability density, which defines the model parameters
values informed by the data; d, 𝑝(𝑑|𝒎) is the likelihood, representing the probability of observing data d within the given model m. In addition, 𝑝(𝒎) is the prior probability indicating
the probability of the model m before data d is observed, and 𝑝(𝑑) is the probability of observing the data, which is commonly an intractable integral. Therefore, in order to sample the posterior without calculating the denominator in Eq. 4.1, we employ a Markov-chain Monte Carlo
(MCMC) approach based on a Metropolis-Hastings algorithm [Mosegaard and Tarantola,
1995]. The steps of such an algorithm are as follows:
1) Select an initial set of model parameters m.
2) Iterate until convergence:
a) Generate a new set of parameters m* by perturbing m according to a given symmetric proposal density.
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b) Compute the likelihood p(d|m*) based on a forward model run.
c) Accept or reject m* as the next model in the chain, with a probability of acceptance min(1, 𝑎), 𝑎 being the acceptance ratio (described below). If accepted,
update m as m*.
3) The set of accepted models, after removal of an initial burn-in phase, is then an ensemble
representative of the posterior.
Changes or perturbations in model parameters done in point 2a (in our case pilot point numbers, values and positions) are termed transitions. In the classical Metropolis-Hastings MCMC
algorithm, the acceptance criterion is defined by the ratio of likelihoods 𝑎 = p(d|m*) / p(d|m).
This implies that the number of parameters n is constant. In contrast, the RJ-MCMC algorithm
allows for a varying number of parameters. In RJ-MCMC, transition samples can be drawn
from a union of models of different dimensions. In the current implementation, we make use of
so-called birth and death transitions to increase or decrease the number of dimensions. In other
words, we are able to change the number of pilot points at each iteration. This is accomplished
by modifying the acceptance ratio 𝑎(𝒎|𝒎∗ ) to accommodate model dimensionality changes,
resulting in the Metropolis–Hastings-Green acceptance ratio [Green, 1995]:
𝑎(𝐦|𝐦∗ ) =
where

p(𝑑|𝐦∗ ) 𝐽𝑚 g(𝐦|𝐦∗ ) ∂(𝐦∗ |𝑢∗ )
|
|
p(𝑑|𝐦) 𝐽𝑚∗ g(𝐦∗ |𝐦) ∂(𝐦|𝑢)

∗
p(𝑑 |𝐦 )
p(𝑑 |𝐦)

(4.2)

𝐽

is the likelihood ratio, 𝐽 𝑚 is the transition probability ratio, and
𝑚∗

∗
g(𝐦|𝐦 )
∗
g(𝐦 |𝐦)

is

the proposal ratio. Likelihood values are computed by using squares error:
2

(

𝑝(𝑑|𝒎) = 10

− ∑(𝒅𝑐𝑜𝑚𝑝 − 𝒅𝑜𝑏𝑠 )
)
2𝜎2

(4.3)

Where 𝑑𝑐𝑜𝑚𝑝 represents the model computed observations, 𝑑𝑜𝑏𝑠 denotes the field or generated observations, and 𝜎 2 is the estimated variance, representing both model and field measurement errors.
∗ ∗
𝜕(𝒎 |𝑢 )

The last term in the acceptance ratio (Eq. 4.2) is a Jacobian determinant |

𝜕(𝒎|𝑢 )

|, used to

scale changes derived from the multidimensional transitions. The Jacobian reduces to one for
transitions that do not change dimensions, see Hastie and Green [2012] for more details. Likewise, for transitions between models, the Jacobian simplifies to:
𝜕𝑝𝑛
𝜕𝑝𝑖
𝜕(𝒎∗ |𝑢∗ )
|
|=
⋮
𝜕(𝒎|𝑢)
𝜕𝑝𝑛
( 𝜕𝑢
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𝜕𝑢
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𝜕𝑝𝑛
=
(
⋮ ⋱
⋮
𝜕𝑢
0 ⋯
𝜕𝑢 )

0
⋮) = 1
1

(4.4)
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Where pn is the nth parameter of the pilot point vector and u is an auxiliary dimensionmatching variable. The role of this variable is to act as a placeholder and to allow dimension
matching when a pilot point is added or subtracted.
4.3.1 Transition types and transition probability ratio
We can distinguish between two different transition types, those within a model and those
across models. Transitions within a model do not change the number of pilot points and they
represent updates of hydrofacies parameter values and pilot point coordinates. Transitions
across models change the number of pilot points, and thus they represent birth and death transitions. The birth transition adds a new pilot point at a random position inside the domain, while
the death transition removes a pilot point.
To propose a new set of model parameters, first the transition type must be chosen. All
available transition types have an equal probability (i.e. the probability of choosing a given
transition is equal to 1/r, where r is the number of possible transitions types):

a) Parameter update
b) Birth or death transition (max. > npp > 1)
c) Death transition (npp = max.)
d) Birth transition (npp =1)

𝐽𝑚
𝐽𝑚∗
𝐽𝑚
𝐽𝑚∗
𝐽𝑚
𝐽𝑚∗
𝐽𝑚
𝐽𝑚∗

𝑟

=𝑟=1

(4.5)

𝑟

=𝑟=1
=
=

𝑟−1
𝑟
𝑟−1
𝑟

(4.6)
= 0.75

(4.7)

= 0.75

(4.8)

For transitions where the number of pilot points is kept constant, the transition probability
ratio update cancels out (Eq. 4.5). This occurs because the same transition is needed to a previous model state. For example, if a new pilot point position is proposed using a coordinates
transition, the inverse transition is required (i.e. removing the pilot point) to return to the previous position. The same transition probability ratio (Eq. 4.6) is used for other across-models
transitions, where the number of pilot points is within minimum and maximum bounds.
For across-models transitions, the number of available transitions and derived probabilities
may change when the minimum or maximum number of pilot points is reached (Eq. 4.7 and
4.8). The minimum number of pilot points allowed is 1 and the maximum is equal to the number
of cells or elements in the model domain. When the number of pilot points is equal to 1, the
death transition cannot be chosen. Conversely when the number of pilot points is at a maximum,
the birth transition is prohibited.
4.3.2 Proposal distributions
For transitions within a model, new hydraulic parameter values and pilot point coordinates
are proposed by sampling from a Gaussian probability density function (pdf), with a mean equal
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to the parameter values m of the previous iteration (i.e. random walk Metropolis sampler). To
avoid parameters without physical meaning (e.g. negative hydraulic conductivity), constraints
are necessary when proposing new parameter values. Therefore, the proposal probability density function is truncated. This distortion is corrected in the proposal distribution ratio (Eq. 4.2)
and reversibility is maintained. For use of discrete variables, such as in sequential indicator
simulation, the hydrofacies indicator can be updated by uniformly sampling an integer in the
range [0 nf], where nf is the total number of hydrofacies. For the sake of simplicity, the model
domain is considered periodic, with lower/upper and left/right boundaries that are connected.
This means that when an update in the coordinate results in a pilot point going over the model
boundary, it wraps up at the opposite boundary. Thus, there is no need to truncate the Gaussian
pdf when proposing new coordinates.
For facilitating transitions across models, a transformation function is required to map two
different sets of pilot points having different dimensions. This function makes use of the auxiliary dimension-matching variable u, drawn from a proposal distribution. In the current implementation, the role of this function is to assign a location for the new pilot point in case of a
birth transition. Likewise, it will decide which of the existing pilot points is to be deleted in
case of a death transition. Additionally, the function needs to be invertible, differentiable and
bijective to guarantee reversibility [Yanan and Scott, 2011].
Although many transformation functions would be valid, the choice of a well-behaved function is desirable. To ensure a successful inversion, the transformation function is prone to propose high likelihood values (i.e. close to the target posterior probability distribution). A poor
choice of the transformation function may result in long computational times and ultimate failure of the inversion. Two types of birth transition are proposed, types I and II (Figure 4-1).
4.3.2.1 Birth transition type I
When birth type I transition is performed, a new pilot point is added into the domain in areas
were high heterogeneity is suspected (Figure 4-1a). The underlying reasoning is that high parametrization (i.e. more pilot points) is better able to characterize areas of high variability. Birth
type I is implemented as follows:
1) The model domain is divided into regular regions and the degree of heterogeneity is
computed. For instance, for a model with two discrete hydrofacies (i.e. zones of constant
hydraulic properties), heterogeneity may be computed as:
degree of heterogeneity = 𝑎𝑏𝑠 (1 −

2∗𝑐
𝑁

)

(4.9)

where c is the number of cells with a given hydrofacies within the region, and N is
the number of cells (i.e. possible pilot point allocation positions) in the region.
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2) The region with a higher degree of heterogeneity is selected.
3) A random number is drawn from a uniform proposal u ~ U[1, nreg - npp], to decide in
which cell the new pilot point will be assigned; nreg is the number of cells in a region.
An example for birth type I is provided on Figure 4-1c. It depicts a region composed of a
total of 9 cells where a new pilot point is selected (solid red dot). In this case, the transition
consists in drawing uniformly a candidate cell in the interval [1 8] (the central cell already has
a pre-existing pilot point). The new pilot point is symbolized by a red empty dot at cell number 8.
4.3.2.2 Birth transition type II
The goal of birth transition type II is to increase parametrization in areas with low density
of pilot points (Figure 4-1b). The procedure is as following:
1) Perform a rectangular tessellation using each pilot point as center.
2) The region with the largest surface is selected.
3) A random number, u ~ U[1, nreg- npp], is drawn from a uniform proposal to select the
position of the new pilot point (empty red dot).
Figure 4-1b depicts an example with three pilot points (solid red dots) and the corresponding
regions (dashed and solid red lines). The region with a solid red line is selected because it is the
one with the largest surface. As a result, a new pilot point is created at a random position within
the region (red empty dot).
Death transitions are implemented as the reverse of both birth types. In a death transition, a
pilot point is selected using a uniform proposal u ~ U[1, npp] and then deleted.
In summary, the proposal distribution ratio for a birth and death transition are presented in
the following Eq. 4.10 and Eq. 4.11.
𝑛𝑝𝑝 + 1
𝑔(𝒎|𝒎∗ )
∗ |𝒎) =
𝑔(𝒎
(𝑁 − 𝑛𝑝𝑝 )

(4.10)

(𝑁 − 𝑛𝑝𝑝 − 1)
𝑔(𝒎|𝒎∗ )
∗ |𝒎) =
𝑔(𝒎
𝑛𝑝𝑝

(4.11)
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Figure 4-1. Examples of birth transition a) Type I transition with three regions (red squares)
and three pilot points (red solid dots) and a new proposed pilot point (red empty dots). b) Type
II with a selected region and a proposed location for a new pilot point. c) Detail of a selected
region, cell identifiers and the resulting probability mass function to choose the new pilot point
cell.

4.4 Application to tracer tomography
4.4.1 Implementation
We choose tracer tomography to demonstrate the smart pilot points inversion, considering
two settings: 1) a synthetic case, and 2) a field example. Both cases share the same basic setup
in 2 dimensions: the hydraulic gradient is controlled via constant pumping from a single borehole and thus, forced-gradient conditions are imposed. Three tracers are injected simultaneously
in a multi-chamber borehole (sources) and recovered at another downstream borehole at discrete levels (Figure 4-2). This way, at each level (receiver), tracer breakthrough curves (BTCs)
are obtained. The challenge for the inversion procedure is the combined inversion of all measured tracer concentrations for reconstructing the heterogeneous hydraulic parameter distribution of the aquifer.
The implementation of tracer tomography as depicted in Figure 4-3. First, a given initial
pilot point set is updated: coordinates, hydraulic parameters and possibly number of pilot points
are modified (Figure 4-3a). Second, based on the proposed pilot point set, sequential indicator
simulation is used to assign values to each cell or element in the domain (Figure 4-3b). Third,
a steady state model is computed to derive the velocity field (Figure 4-3c). Fourth, based on the
velocity field, travel times between sources and receivers are computed using a transport proxy
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(Figure 4-3d). Fifth, the pilot point set is accepted or rejected according to the MetropolisHastings-Green ratio (Figure 4-3e). A final ensemble is obtained after I iterations, (Figure 4-3f).

Figure 4-2. Model setup for synthetic and field tracer tests. Tracers are injected in the left
borehole and recovered in the right borehole at three different depths. Pumping from a fully
screened well creates a steady state flow regime.
The application of smart pilot points, as most stochastic inversions, requires a large number
of iterations, typically on the order of thousands. Therefore, full transient transport model testing during each iteration would yield a computationally intensive procedure. Instead, more efficient travel time calculation is suggested. For standard pilot point inversion, model surrogates
or proxies are often used. For instance, Burrows and Doherty [2014] used two models, one with
high accuracy and a second approximated model with a modified grid and advective transport
to deal with fast implicit finite differences instead of a time variation diminishing (TVD)
scheme. Ciriello et al. [2015] used polynomial chaos expansion theory to construct transport
model proxies. We adopt this idea and use a novel transport proxy based on steady state flow
modeling. The proxy is only used to estimate the travel times between sources and receivers,
without inspecting the BTCs in more detail.
We propose a transport proxy that employs a pathfinding algorithm to estimate the minimum cost path between sources and receivers. The selected method is a variant of the established “A star” (A*) algorithm [Hart et al., 1968], similar to Dijkstra’s or Greedy Best-FirstSearch algorithm. It is implemented in MatlabBGL [Gleich, 2008], which is also employed in
our study. A* uses a cost function to search between possible paths, composed by two terms:
1) the known distance from the source to the current cell, and 2) a heuristic estimate (e.g. the
Manhattan distance). Figure 4-4 illustrates the individual steps, which are:
a) Computation of a steady state flow model for a suggested hydraulic parameter distribution
in order to derive the velocity field of the domain (Figure 4-4a).
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b) The advective velocity is derived from the steady state flow model. The dispersion component is considered proportional to advection (Figure 4-4b).
c) A weighed graph (i.e. a network) is constructed connecting all adjacent cells based on advection and dispersion values (Figure 4-4c).
d) Use of the A star search (i.e. A*) algorithm to rapidly find the fastest path between all source
and receiver combinations (Figure 4-4d). Given that the travel time between cells is known,
conversion of the fastest path to travel times is trivial.

Figure 4-3. Smart pilot points conceptual flowchart for implementation with tracer tomography and transport proxy.
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Figure 4-4. First travel time computation: a) flow model setup and steady state solution; b)
advection and dispersion velocities derived from a steady state flow model; c) weighted network constructed based on computed velocities between cells; d) resulting fastest path between
source and receiver based on the pathfinding algorithm (A star).
4.4.2 Synthetic case
4.4.3 Overview
In a first step we investigate whether a simple layered structure can be reconstructed. In the
second step, we examine in more detail the automatic adjustment of pilot points and algorithm’s
robustness by comparing repeated inversion runs.
The same tomographic configuration (Figure 4-2) is used in the synthetic case and the subsequent field application. It consists of three sources, three receivers, and a fully screened
pumping well that is permanently operated to impose a forced hydraulic gradient.
4.4.4 Setup
Figure 4-5a depicts the two-dimensional (2-D) cross section (5 m width and 2.5 m depth)
between source and receiver wells. The reference field consists of a relatively low conductivity
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background sand matrix (facies 1, K = 0.001 m/s). Within the sand matrix, a layer of high conductivity gravel (facies 2, K = 0.1 m/s), as depicted in Figure 4-5a is embedded. This is implemented in Modflow2005 [Harbaugh, 2005] as a uniform finite-differences model, with 25 rows
and 50 columns. No-flow conditions are set at the top and bottom of the domain. Along the left
side, a specified head boundary with an arbitrary high value of 100 m is imposed. The well at
the right boundary is operated with a constant extraction rate of 2.5 l/s, which establishes a
forced gradient towards the right side. With this set-up, using a geometric multigrid solver [Wilson and Naff, 2004], confined and steady-state flow conditions are simulated. Tracer injection
and observation points are located in wells, both at half a meter distance from the left and right
model boundaries at a depth of 0.625 m, 1.25 m and 1.875 m.
In this synthetic case, we know a priori that only two hydrofacies are present (facies 1 and
2), which have known hydraulic conductivities. In the profile between sources and receivers,
30 pilot points are initially distributed on a regular grid. Each pilot point is initialized with a
facies label (i.e. 1 or 2), which may be switched when this transition is selected during the
RJ- MCMC. An initial homogeneous aquifer is considered, therefore all pilot points are initialized as facies 1. Pilot point positions are updated using a Gaussian pdf with mean centered on
the current coordinates and standard deviation of 0.4 m (i.e. random walk Metropolis sampler).
Choosing an optimal standard deviation is a crucial factor. Methods such as adaptive Metropolis
[Haario et al., 2001] provide the means to update pdf parameters. However, due the simplicity
of the position update, standard deviation was chosen manually after running several chains.
Interpolation of the K-field between pilot points is performed by sequential indicator simulation
using SGeMS software [Remy, 2004].
For both scenarios, a chain length of 30,000 iterations is used and the first 9,000 iterations
are discarded in order to minimize the effects of initial parametrization on the posterior inference (i.e. burn-in period). Furthermore, only every fourth iteration is saved in order to decrease
autocorrelation (i.e. chain thinning).
The computed smart pilot points ensemble is compared to the one provided by rejection
sampling to validate the layered structure reconstruction and determine whether smart pilot
points have converged and explored the entire parameters space. Rejection sampling is mostly
infeasible due to the enormous number of model runs required, however for a fast model and
by parallelization, it is possible to provide an ensemble. The main attraction of rejection sampling is that it provides an unbiased sampling of the posterior, which can be used as a reference.
For rejection sampling in this instance, three million unconditional realizations are generated
in parallel using a workstation (Xeon processor, 64 Gb Ram). Realizations are accepted [Mariethoz and Caers, 2014] if 𝑝 ≤
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Where, p is a uniform random number between 0 and 1, L(r) is the likelihood of a given realization r, and SL is the supremum of the likelihood and is set to 1.
4.4.5 Results
Figure 4-5 presents the results of the ensemble obtained from rejection sampling (Figure
4-5b) and using smart pilot points (Figure 4-5c). Both ensembles are composed of a subset of
1,000 realizations in order to be comparable.
Both ensembles capture the approximate distribution of hydrofacies and are in agreement
with the presence of a continuous layer having a probability close to 100 % for facies 2. Nevertheless, rejection sampling presents more variance than smart pilot points on both left and
right sections, indicating that smart pilot points tends to slightly underestimate the uncertainty.
The acceptance rate of smart pilot points is 8 % in this setup and 0.003 % for rejection
sampling. The mean computation time per iteration is 0.7 seconds, including geostatistical interpolation, steady state flow model and transport proxy computation.
The ability of the method to adjust the problem dimensionality is shown in Figure 4-6. It
provides insight into the trans-dimensional capacity of smart pilot points. Convergence is
achieved at approximately 2,000 iterations, as shown in the residual trace plot (Figure 4-6a).
The number of pilot points converges at around 10,000 iterations with a mean of 13 pilot points.
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Figure 4-5. a) Synthetic study with proposed hydrofacies distribution. b) Probability of facies based on rejection sampling ensemble. c) Based on smart pilot points.
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Figure 4-6. a) Trace plot of the sum of squared residuals between observed and computed
travel times. b) Trace plot of the number of pilot points. c) Pilot points initial distribution.
4.4.6 Field implementation
4.4.7 Overview
Field tests were conducted at the Widen site in the vicinity of the river Thur in north-east
Switzerland. Here, a shallow aquifer has been investigated in previous studies [Vogt et al.,
2010; Doetsch, 2011; Schneider et al., 2011; Linde et al., 2011; Schirmer et al., 2014], made of
highly conductive alluvial sediments with a variable thickness of around 5 to 10 m. These sediments are overlain by 2 m of alluvial sandy loam [Vogt et al., 2010]. At the bottom, a lacustrine
clay of considerable thickness (>30 m) forms an aquitard. At the Widen site, the aquifer has a
thickness of approximately 8 m and can be described as a semiconfined gravel aquifer with
intercalated sand lenses. The aim here is to characterize the sandy layers that are present inbetween the gravel bodies. For this, a tomographic set-up is chosen for tracer injection, and the
recorded BTCs are inverted by means of smart pilot points. Additionally, slug tests were conducted for validation of the inverted results.
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4.4.7.1 Setup
The Widen field site is equipped with 14 wells of 0.0508 m (2 inches) radius, 4 wells of
0.1143 m (4.5 inches) and 4 multi-chamber wells with 7 independent channels and a depth of
10 m, 1 m apart from each other (Figure 4-7). We selected the vertical profile between the multichamber boreholes MC2 and MC4 for analysis. For establishing a forced hydraulic gradient
with a stable flow field, a surface pump (Grundfos Pomona PO23) is operated at borehole C3
with a pumping rate of 4.5 l/s. For the depth-dependent testing and monitoring, we utilized a
multi-chamber system [Einarson and Cherry, 2002]. This system consists of a pipe with seven
continuous separate chambers (ID = 0.014 m), which are arranged in a honeycomb shape. In
each individual chamber a 0.08 m long opening, covered with a sand filter was cut. At three
levels in MC2, different tracers were injected simultaneously, sulforhodamine B in the upper
(channel 1 from the top), uranine in the middle (channel 3), and rhodamine in the lower chamber
(channel 6). The tracer concentrations were sampled at the same levels (i.e. channels) downstream in MC4. A total of 600 samples (i.e. 200 per channel) were collected and analyzed using
a LS-50B Luminescence Spectrometer.
At the Widen site, 240 slug test were performed at wells P07, P11 and P13. A Campbell
Scientific CR3000 Micrologger recorded the signals at 50 Hz with a packer interval of 20 cm.
Springer and Gelhar [1991] analytical solution was used to analyze the recorded signals, because this solution takes into account oscillatory water levels which are commonly observed in
highly conductive aquifers.
The flow is simulated in 3-D by means of a uniform finite differences model with 50 rows,
50 columns and 60 layers. The natural hydraulic gradient is considered negligible and is not
simulated. Specified head boundary conditions are imposed at the perimeter of the domain, and
confined and steady-state conditions are simulated using Modflow2005 [Harbaugh, 2005].
An initial regular grid of 25 pilot points was placed on a 2-D slide between MC2 and MC4
(Figure 4-7) with a spacing of 0.8 m and with 1 m separation from the two adjacent domain
boundaries. Pilot points are positioned exclusively in this profile since no additional observations are available from further locations. Lateral extrapolation generates a 3-D realization and
flow simulations are also performed in 3-D. For calibration with smart pilot points following
the procedure as depicted in Figure 4-3, 90,000 flow model runs were used. Here, the first
13,000 iterations were discarded (burn-in), and for thinning, only one of four models was saved.
The model was initialized with homogeneous distribution of gravel, and all pilot points having the same initial values. From previous investigations we know that sand hydrofacies exist
locally, and for each iteration, RJ-MCMC could choose for each pilot point, either gravel or
sand facies. The initial values for K of gravel facies were set to 10-2 m/s, and 10-5 m/s for sand,
as suggested for such hydrofacies in the bibliography [Fetter, 2001]. New K values for each
facies were proposed using a Gaussian pdf centered at the decadal logarithm of the current K
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value with a standard deviation of 0.3. The sampler is truncated at 0 in order to generate only
physically valid values.

Figure 4-7. Widen site instrumentation layout: 2 inches boreholes are shown in black,
4.5 inches boreholes in blue and multi-chamber boreholes are depicted in red. Additionally, a
detail photo of the multi-chamber tubing is provided.
4.4.7.2 Results
Figure 4-8 summarizes the key results from the field campaign and shows evidence of the
presence of heterogeneity in the aquifer. First, we focus on the tracer experiments carried out
between multi-chamber wells MC2 and MC4 (Figure 4-8a). Tracer injected in chamber 1 of
MC2 has notably different breakthrough curves at observation chambers of MC4 (Figure 4-8b
and c). On the one hand, chamber number 1 (Figure 4-8b) displays a well-defined breakthrough
signal with a mean arrival at 8 min. On the other hand, chamber number 2 (Figure 4-8c) shows
no concentrations above the detection level. A similar behavior is observed in independent hydraulic tests (slug tests) performed at borehole PO7 (Figure 4-8d), located in the vicinity of
boreholes MC2 and MC4. At approximately the same elevation as chamber 1 of borehole MC4,
a slug test signal (Figure 4-8d) was obtained, indicating a relatively high conductivity
(3 × 10- 3 m/s) as derived from the oscillatory behavior. [Springer and Gelhar, 1991]. Likewise,
at approximately the same elevation as chamber 2 of well MC4, another slug signal was recorded corresponding to a lower value of K (5 × 10-4 m/s) (Figure 4-8e). These observations
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indicate that material of low K is located at approximately 390 m.a.s.l. Another indication for
this low K layer is provided by a sieve analysis, which was carried out with the core samples
retrieved when drilling the multi-chamber boreholes. It reveals that test facies 1 is related to
sandy material and facies 2 to gravel.

Figure 4-8. Tracer and slug tests field data. a) Tracer experiment setup for the data presented
in this figure; Sulforhodamine B was injected in chamber 1 of MC2 borehole, depicted as an
Erlenmeyer flask, and registered in chamber 1 and 2. b) BTC registered in chamber 1. c) BTC
registered in chamber 2. d) Borehole P07. e) Slug test corresponding to 390.2 m.a.s.l. f) Slug
test corresponding to 389.0 m.a.s.l.
The ensemble average resulting of the smart pilot point method is plotted in Figure 4-9a,
showing a continuous layer corresponding to facies 1, of lower K in comparison with the surrounding facies 2. This facies distribution is in line with the qualitative interpretation of the
tracer and slug test signals shown in Figure 4-8. For more detail, the slug test derived profiles
are depicted in Figure 4-9b. They indicate a low K layer at the same elevation (ca. 390 m a.s.l.)
for boreholes P07 and P11, but it is not detected at borehole P13. As a result, even if no slug
tests were taken exactly in the profile examined by tomography, the consistent findings support
a valid inversion by smart pilot points. In such alluvial aquifers heterogeneous layers or troughs
are common, which often have a variable width and are laterally continuous [Bayer et al., 2011].
A detailed plot of the convergence of the smart pilot points based calibration is shown in
Figure 4-10a. After around 5000 iterations a significant decrease of the computed residuals,
which quantify the discrepancy between computed and observed travel times, is achieved.
Based on visual inspection the first 13,000 iterations were discarded (burn-in), and for thinning
only one of four models was saved. For the obtained ensemble of realizations from the 13,000th
to the 90,000th iteration, a mean number of 23 pilot points was derived, ranging from 13 to 34
for the individual realizations (i.e. standard deviation of 3). The corresponding histogram is
depicted in Figure 4-10b. Figure 4-10c depicts the evolution of K values for both hydrofacies,
88

4.4 Application to tracer tomography

K values converge to a mean value of 1.6 x 10-3 and 3 x 10-4 m/s for gravel and sand respectively. There is a discrepancy with the values obtained by slug test, possibly associated to the
fact that slug test measure a smaller portion of the aquifer. Nevertheless, both methods provide
the same order of magnitude for both hydrofacies.
The mean number of only 23 pilot points reflects the low complexity of heterogeneous
structures identified by tracer testing. This highlights the tendency of the algorithm to avoid
over-parameterization. This number is even very low when compared to related applications at
other sites. For instance, Bohling and Butler [2010] used 177 pilot points to asses transmissivity
and storage using hydraulic test information derived from pumping test at six different wells
(five partially penetrating and one fully penetrating).
An important issue is that for obtaining a 3-D model of the Widen site, only the information
between two boreholes (MC2 and MC4) is used. The few pilot points thus are only located in
the vertical profile between both boreholes and the surrounding aquifer structures are extrapolated based on the imposed geostatistical model (sequential indicator simulation). This means
that reliability of the 3-D model declines away from the profile. This is a limitation and can be
overcome by the use of additional data points. For instance, Jiménez et al. [2013] use several
combinations of sources and receivers to invert pressure signals using pilot points in a 3-D
model. Obviously, calibration with 3-D data and multiple profiles is computationally more demanding. While the use of the presented pathfinding algorithm to compute travel times is highly
attractive for 2-D profiles such as in our case study, 3-D application requires higher computing
times. These could increase even exponentially with respect the number of model cells or elements. A possible way around is to divide the model domain into sub-regions, and this way,
limit the number of cells considered for each individual source-receiver combination.
Standard implementations of pilot points apply inter/extrapolation methods such as kriging.
Smart pilot points can be combined with geostatistical simulation such as sequential Gaussian
or indicator simulation, and multiple-points statistics. This facilitates to easily include geological prior knowledge as soft information to reduce the uncertainty in the calibrated model (e.g.
as training images for multi-point statistics). With additional information a geostatistical model
will yield realizations closer to the actual structures, and this will reduce the number of smart
pilot points needed. Further investigation, however, is needed for exploring favorable interpolation techniques and geostatistical models in combination with smart pilot points. Clearly, another geostatistical model than the sequential indicator simulation used here would yield a different ensemble.
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Figure 4-9. a) Ensemble average resulting of the smart pilot points inversion b) hydraulic
conductivity profiles independently obtained from slug tests.

Figure 4-10. Field case results for smart pilot points application: a) Trace plot of the sum
of squared residuals between observed and computed travel times; b) histogram for the number
of pilot points.

4.5 Conclusions
Pilot points are attractive for numerical model calibration because there is rarely sufficient
data to estimate unique values for each individual model cell. Only a given number of points is
calibrated and the space in-between is interpolated. However, there is one fundamental shortcoming: it is not known where these points should be ideally placed and how many. Available
recommendations for selecting ideal location and amount give general advice but leave a broad
freedom for the modeler. This can lead to a crucial bias for the calibration, since the pilot points
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condition the solution, which may in turn obscure the true uncertainty associated with the model
prediction.
We propose to include the search for optimal pilot point numbers and positions in the calibration process. Through a trans-dimensional Bayesian search algorithm (RJ MCMC), an automatic implementation is accomplished. As shown with the two application cases, this yields
a minimized number of optimally positioned points. This is appealing since optimized points
yield parsimonious models with a resolution that complies with the available data and hence
counteracts over-parameterization. Favorable locations will naturally have a higher density in
regions of observed data.
Applying such smart pilot points, results in a much more challenging search procedure with
typically thousands of candidate model evaluations. This renders the procedure infeasible for
computationally demanding numerical models. A solution to this problem is demonstrated in
this work. Instead of full numerical model simulations, simplified variants or proxies may be
used, as often only a specific detail of a full forward simulation is processed during inversion.
Such “low-fidelity” [Ginsbourger et al., 2013] modelling of solute transport is used in order to
employ a pathfinding algorithm to approximate possible hydraulic connections between monitored wells. This innovative approach proves to be extremely fast and suitable for supporting
the combined inversion of multiple solute tracers. On the whole, a new methodology for tracer
tomography is introduced and validated with independent data.
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5.1 Summary of conclusions
The main focus of this thesis is the development of novel hydraulic and tracer tomographic
methods for high resolution aquifer characterization. The first part presents the theoretical background of a new hydraulic tomographic method that facilitates the combination of information
derived from eikonal equation approximations and the pilot points based inversion method.
Benefits of combining asymptotic and pilot points based approaches are demonstrated in a field
application and validated using independent data. The second part of my thesis introduces a
new stochastic pilot points method formulation that attempts to overcome classical pilot point
method challenges such a point positioning or model dimensionality. This new method is applied in the context of tracer tomography to both synthetic and field studies.
Chapter 2 presents a new inversion procedure for hydraulic tomography that extracts structural information on aquifer heterogeneity from diffusivity tomograms and integrates this to
constrain a pilot-point based three-dimensional hydraulic conductivity estimation. This tackles
the deficits of separately existing methods by their combination. Travel time based inversion is
an asymptotic method that facilitates a fast reconstruction of a cross-section between two wells.
It utilizes the information from multiple head stimulations and responses between the wells that
act as sources and receivers. However, only the diffusivity is obtained, and this is not sufficient
to derive the hydraulic conductivity, K, distribution. Ideally, structural insight obtained from
hydraulic tomography is exploited as much as possible, but not more than necessary. This insight constrains the subsequent calibration of the K-field. With this perspective, the diffusivity
tomogram is adopted as an initial guess of the K-field structure. Utilizing the null space energy
maps, the reliability of the tomograms is quantified. Clustering is then employed to instruct
how to position pilot points optimally. This way, the structural information from tomographic
testing is conveyed as soft information to the K-field calibration. Missing a priori knowledge to
constrain pilot- point inversion is often a major shortcoming, when this method is used for
calibration. This also applies to the regularization step of interpolating between the points. By
establishing adjacency conditions of pilot points in a graph theoretical framework, a new step
is included to guide the regularization. As a result, a sequential procedure is developed that
follows two objectives: keeping identified structures and finding a possible K-distribution.
Structures, however, are not implemented as fixed zones. Instead, regularization-based inversion facilitates a flexible spatial adjustment.
Chapter 3 shows that the sequential asymptotic and pilot point based methods can be applied
to high resolution reconstruction of hydraulic parameters at a field site. It is demonstrated, for
an only slightly heterogeneous field site, that the presented procedure can identify sedimentary
structures. However, comparison of model-based predictions with the tracer tests at the site
reveals that the reliability of the derived aquifer model also exhibits limitations. A Marcovchain Monte Carlo (MCMC) based analysis is used for determining parameters suitable value
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ranges and for exploring uncertainty. A main observation is that pilot point-based inversion
reduces heterogeneity, although homogenization is not enforced through regularization. This
may be due to the fact that the 2-D travel time tomograms are based on a diagnostic of early
arrival times, which are accentuated by the existence of high K-zones or preferential flow paths.
In contrast, the pilot point approach calibrates the full pressure response curves and calibrates
a 3-D model, and thus a higher volume of the aquifer is referred to.
In Chapter 4, fundamental shortcomings of the pilot points method are explored and tackled
using an innovative stochastic approach. When using pilot points, it is not known where these
points should be ideally placed and how many. This can lead to a crucial bias for the calibration
since the initial pilot points settings and configurations condition the solution, which may in
turn obscure the true uncertainty associated with the model prediction. In the proposed method,
the search for optimal pilot point numbers and positions is done during the calibration process.
Through a trans-dimensional Bayesian search algorithm (RJ MCMC), an automatic implementation is accomplished. As shown with the two application cases (both synthetic and field implementations), this yields a minimized number of optimally positioned points. This is appealing since optimized points yield parsimonious models with a resolution that complies with the
available data and hence counteracts over-parameterization. Favorable locations will naturally
have a higher density in regions of observed data. Applying such “smart pilot points” results in
a much more challenging search procedure with typically thousands of candidate model evaluations. This renders the procedure unfeasible for computationally demanding numerical models. A solution to this problem is demonstrated in this work. Instead of full numerical model
simulations, simplified variants or proxies may be used. Often only a specific detail of a full
forward simulation is processed during inversion. Such “low-fidelity” modelling of solute
transport is done here by employing a pathfinding algorithm that approximates possible hydraulic connections between monitored wells. This innovative approach proves to be extremely fast
and suitable for supporting the combined inversion of multiple solute tracers. On the whole,
new methodologies for hydraulic and tracer tomography are introduced, tested with both synthetic and field data, and finally validated with independent data.
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5.2 Outlook
5.2.1 Hydraulic tomography
Hydraulic tomography has shown the capacity to successfully reconstruct natural facies distribution and is now a well-established methodology employed in a variety of case studies.
Inversion methods developed specifically to assimilate tomographic data such as SLE [Yeh and
Liu, 2000b] or asymptotic methods [Vasco et al., 2000; Brauchler et al., 2003], have proved
successful and have been advanced further during the last decade. However, due to some limitations and restrictions [see Bohling and Butler, 2010] the practical application of these methods
is not attractive and even unfeasible in some instances. The main challenges that hydraulic tomography faces are the excessive computational burden often necessary for processing the
amount of data generated and a high degree of nonuniqueness even when large dataset are used
[Illman et al., 2008b; Bohling and Butler, 2010]. Therefore, the focus of future applications and
developments in hydraulic tomography is ideally set on following points:


Implement novel aquifer stimuli other than classical pumping, such as slug tests or
ther such oscillatory testing [Cardiff et al., 2013b;Bakhos et al., 2014;Guiltinan and
Becker, 2015]. The use of such novel hydraulic testing would allow mitigating nonuniqueness due to the increased information content of these new observations. It
could also potentially result in a higher parameter resolution of the tomograms.



Include alternative geostatistical models. Currently, kriging and Gaussian simulations are the basis for most inversion methods. The use of more advanced and flexible geostatistical models, such as those based on multiple-points statistics [Mariethoz and Caers, 2014], may result in a more realistic approach to reconstructing
hydrofacies distribution.



Use data analysis techniques prior to the inversion to identify and quantify information content on field observation. This would be important in scenarios with a
large volume of data, such as tomographic investigations, where redundancy is probable.



Combine hydraulic tomography applied at different scales. Combining the observations of different scales is a great challenge in hydrogeology. By combined inversion
of data from different scales (e.g. different distances between sources and receivers),
improved and scale-independent reconstructions could be achieved.
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5.2.2 Tracer tomography
Tracer tomography represents a natural extension of hydraulic tomography, and the same
inversion methods are commonly employed in both. Therefore, research on both methods is
closely related. In the following, those challenges specific to tracer tomography and possible
approaches to tackle them are discussed:


In comparison with hydraulic tomography, tracer tomography is especially well
suited for investigating fracture media. When using hydraulic stimuli, the velocity
of the propagating front results in a homogenization of the system. Therefore, information content on the recorded data regarding connectivity and preferential flow
paths decreases. This effect is reduced or even negligible when using tracers. However, the use of a tracer in the context of tomographic investigation is more elaborate.
One logical step would be to use smart pilot points methodology (Chapter 4) to deal
with fractures, replacing discrete points with fractures as model features. Each fracture could be represented as a collection of parameters such as fracture position,
aperture, and/or other characteristic hydraulic properties.



A limiting factor when using tracer tomography is the need to simulate breakthrough
curves using computationally expensive numerical models, due to the number of
source-receiver combinations, and the number of tracer species commonly used together. One classical approach to reduce computational time is to use breakthrough
curves moments such as in asymptotic methods, or according to the proposed
method in Chapter 4. Although providing significant insight into aquifer properties,
the capabilities from using diagnostics or moments are limited due to the partial use
of observed data. Therefore, development of new surrogate transport models that
provide approximate breakthrough curves is desirable and could provide a leap forward in tracer tomography applicability.



The smart pilot points based method developed in Chapter 4 is a general inversion
formulation that allows for the use of hydraulic and tracer tomography in new applications. Potential new uses are basin or regional scale tomography using inexpensive sources such as river stage variations [Yeh et al., 2009] or merging contaminants
[Jurado et al., 2012a]. Until now, the diffuse nature of the tracer sources poses difficulties in generating tomograms using classical approaches. Smart pilot points and
the associated transport surrogate approach (pathfinding algorithm) developed in
this thesis offer a promising new way of efficient tomographic inversion.
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Abstract
A new framework is introduced for hydraulic tomography application and validation in the
field. Our motivation is the need for methods that are both efficient and expressive for resolving
the spatial distribution of heterogeneous hydraulic properties in aquifers. The presented strategy
involves time-efficient field experiments and a computationally efficient inversion scheme. By
exploiting the early travel time diagnostics of the hydraulic pressure pulses recorded during
tomographic cross-well tests, and new application of attenuation inversion, only short-term
pumping tests are required. Many of these can be conducted in one day. The procedure is developed by a numerical experiment with a highly heterogeneous aquifer analogue and then applied to a field case with a shallow, unconsolidated sedimentary aquifer, the Stegemühle site in
Germany. It is demonstrated that the performance of a suite of tomographic short-term pumping
tests, data processing and inversion for the reconstruction of heterogeneous diffusivity and specific storage distribution is possible within one day. Additionally, direct-push injection logging
is performed at the field site, and the obtained field data is utilized for successful validation of
the hydraulic tomograms. We also compare both methods with respect to the necessary requirements, time demand in the field and complexity of interpretation.

A.1

Introduction

Hydraulic tomography and direct-push (DP) methods were identified as the next generation
of hydraulic characterization technologies [Butler, 2005]. Hydraulic tomography involves the
combined interpretation of multiple cross well hydraulic tests. The recorded hydraulic pulses
are inverted to characterize the hydraulic conductivity (K) and specific storage (Ss) distributions
with a high resolution and accuracy. DP can also serve this purpose, as it allows for low-cost
vertical profiling of K at several nearby positions in a shallow aquifer. Since 2005, both methods
were further developed and tested at different field sites. The centerpiece of DP profiling is the
probe, which is attached to a steel pipe string. It is advanced into the ground by the weight of
the DP unit, or, if probe design allows, depth of penetration can be augmented by application
of a hydraulic percussion hammer. Liu et al. [2012] give a comprehensive overview of different
DP probes.
They distinguish between probes for absolute and relative K-profiling. Absolute K-profiling
is performed with the direct push permeameter (DPP), which consists of a probe with a short
screen and two pressure transducers attached to the probe surface. After the probe is pushed to
the target depth, a short hydraulic test is performed by injecting water through the screen and
recording the pressure response at the attached pressure transducers, while the flow is controlled
at the surface. A complete test series at one depth level can be performed within 15 min. The
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DPP probe was proposed and successfully tested at the well-documented Geohydrologic Experimental and Monitoring Site [e.g., Butler, 2005] in Lawrence, Kansas, and at the Nauen site
located 40 km west of Berlin, Germany [Yaramanci et al., 2002]. They recorded several Kprofiles and validated them by multilevel slug tests and by information obtained from core
samples.
Relative K-profiling is performed with the direct push injection logger (DPIL), which consists of a probe with a short screen for the injection of water. Pressure and flow are recorded
and regulated at the surface using a pressure transducer and a flow controller. Dietrich et al.
[2008] proposed a DPIL-probe, which can be used only in a discontinuous mode. This means
that the probe advancement has to be stopped at each test interval (depth level). They reconstructed a relative K-profile over a depth of 18 m consisting of 35 measurement points in a fineto medium-grained sand aquifer. The profile was obtained within 3 h and validated by core data
and slug tests. An alternative DPIL probe, which allows for continuous profiling with a vertical
resolution of 0.015 m was proposed by McCall et al. [2009]. This DPIL probe was tested within
a sand and gravel aquifer, where several 30 m deep relative K-profiles with a vertical resolution
of 0.015 m and an advancement rate of 0.02 m/s could be recorded.
Liu et al. [2009] proposed a new type of probe, which combines the advantages of both the
DPIL probe designed for continuous K-profiling and the DPP probe designed for absolute Kprofiling. The variant is called ‘‘high-resolution K probe’’ (HRK) and it facilitates sampling of
a 10 m profile with a vertical resolution of 0.015 m in less than 30 min. Bohling et al. [2012]
applied these hydraulic DP tools to obtain several profiles from the heavily studied MAcro
Dispersion Experiment (MADE) site [Boggs et al., 1992] to characterize detailed K-variations
at the site. The data are compared with those from the flowmeter profiles that have served as
the primary basis for characterizing the heterogeneous aquifer at the site [Rehfeldt et al., 1992].
Overall, the patterns of variation acquired by DP are quite similar to those in the flowmeter
data.
Similar to the rapid development of DP profiling, hydraulic tomography has substantially
evolved. Since 2005, several new and improved inversion schemes have been introduced, and
the number of hydraulic tomography field studies is continuously increasing. This history documents the transition of hydraulic tomography as theoretic concept that is approved for characterizing synthetic ‘‘digital’’ aquifers to a robust field method to reconstruct hydraulic properties
of real aquifers. In addition to K-fields, spatial diffusivity and/or Ss-distributions can be obtained.
Bohling et al. [2007a] proposed a field assessment of hydraulic tomography in unconsolidated sediments utilizing the steady shape flow regime [Wenzel and Fishel, 1942]. The latter
enables evaluation of transient data with the computational efficiency of a steady state model.
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They reconstructed the spatial K-distribution assuming a given structure of homogeneous horizontally arranged layers that are persistent within the entire model domain. The reconstructions
were validated by tracer and DPP tests. For the technical field implementation, the continuous
multichannel tubing (CMT) system [Einarson and Cherry, 2002] was applied. This allowed for
recording of pressure response at seven different depth levels without using multipacker systems in the observation wells.
Straface et al. [2007a] published the first field hydraulic tomography application that exploits the potential of geostatistically based inversion. The applied procedure relies on the sequential successive linear estimator (SSLE), as proposed by Zhu and Yeh [2005]. The SSLE
inversion scheme successively includes the transient head data from different pumping tests,
such that the size of the covariance matrix is small and the calculation demand can be reduced.
To account for the non-uniqueness issue the hydraulic parameter field is treated as an outcome
of a stochastic spatial process, whereby the mean parameter distribution is reconstructed by
matching the observations from the pumping test responses. Straface et al. [2007a] used this
inversion scheme for depth integrated reconstruction of hydraulic conductivity and specific
storage fields. However, the reconstructed hydraulic conductivity and specific storage tomograms showed no correlation among each other, which is expected in natural sedimentary aquifers [e.g., Bayer et al., 2011], and no additional field data were provided to support the tomograms. Meanwhile, SSLE-based inversions have successfully been applied in other studies as
well. Berg and Illman [2011b] performed a three-dimensional (3-D) transient hydraulic tomographic field assessment in highly heterogeneous till and glaciofluvial material. The database
of their hydraulic tomographic investigations comprises four pumping and up to 41 observation
intervals with a pumping time between 6.5 and 24 h. The large number of observation intervals
was realized by utilizing a CMT system. The reconstructed 3-D hydraulic conductivity and
storage tomograms were validated by a high number of permeameter data.
A large scale field assessment (>500 m) was performed by Illman et al. [2009b]. They analyzed two large-scale cross-hole pumping tests in a granite aquifer to compute hydraulic conductivity and storage tomograms. The reconstructions show several distinct zones characterized
by high-hydraulic conductivity and low-specific storage values that are continuous over hundreds of meters. The authors interpreted these features as fault zones. Huang et al. [2011b]
presented a field study of steady state hydraulic tomography in unconsolidated sediments based
on 110 pressure response curves, whereby each pumping test was performed for at least 72 h to
reach steady state flow conditions. For the inversion, they used the scheme of Xiang et al.
[2009], which is an improved SSLE allowing for the simultaneous inversion of all drawdown
curves. The reconstructed tomograms displayed a depth integrated distribution of hydraulic
conductivity and storage, and they were validated by matching the drawdown of pressure response curves that were not used for the inversion. Li et al. [2008] also employed a geostatistical
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approach to jointly invert data from steady state pumping tests and flowmeter measurements to
estimate hydraulic conductivity in three dimensions. The pumping tests were performed in 29
fully screened wells and it took about 2 h to reach steady state conditions.
The first hydraulic tomographic field study in an unconfined aquifer was presented by
Cardiff et al. [2009]. The steady state inversion is based on nine dipole pumping tests performed
in unconsolidated gravel and sand sediments. The tests were designed in a way that a full set of
drawdown and recovery data can be collected in one working day. For the reconstruction of the
depth integrated hydraulic conductivity field data, the Bayesian geostatistical inversion method
proposed by Kitanidis [1995] was utilized.
An alternative inversion approach is based on a transformation of the transient groundwater
flow equation into the eikonal equation, using an asymptotic approach [Virieux et al., 1994].
The eikonal equation can be solved with less computational effort using ray tracing techniques,
i.e., calculation of trajectories, or particle tracking methods that allow for the calculation of
transient pressure propagation along trajectories [Vasco et al., 2000]. He et al. [2006] further
developed the approach by Vasco et al. [2000] through matching the amplitudes in addition to
travel time. For the inversion, they used an iterative sparse matrix solver [Paige and Saunders,
1982]. In their application, two pumping tests were performed in naturally fractured limestone.
They showed that the reconstruction of a two dimensional (2-D) permeability tomogram enables one to image an orthogonal fracture pattern, which could be validated by seismic tomographic measurements.
Brauchler et al. [2010] applied a similar travel time based inversion scheme to cross-well
interference slug tests at the Stegemühle site in Germany which consists of a shallow, 2 m thick
sand and gravel aquifer overlain by a confining clay layer with a thickness of 2–3 m. They
inverted the pressure response of 196 cross-well interference slug tests performed between five
wells. Based on a travel time inversion scheme proposed by Brauchler et al. [2003], they reconstructed the 2-D diffusivity distribution of the aquifer. Brauchler et al. [2011] further developed the inversion approach and inverted cross-well interference slug tests with a travel time
and attenuation based inversion scheme. They obtained the diffusivity and specific storage distribution between the wells in two and three dimensions.
The hydraulic tomographic field applications so far have shown that the method is suitable
for mapping hydraulic subsurface features and for estimating the hydraulic parameters hydraulic conductivity and storage in 2-D and 3-D. However, obtaining a high-spatial resolution by
hydraulic tomographic investigation is still accompanied by relative complex analysis [Bohling
et al., 2002b], partly high-computational costs, and relative long pumping times.
In this paper, we propose a field strategy for hydraulic tomography that can be (a) analyzed
and (b) performed with a similar speed as DP profiling. (a) Therefore, we further developed the
computationally efficient travel time and attenuation based inverse scheme proposed by
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Brauchler et al. [2011]. The inverse scheme allows for the inversion of Dirac signals and was
successfully applied to the inversion of cross-well interference slug tests. In this work we further develop the inverse scheme and adapt it to the requirements of Heaviside signals and apply
it to the inversion of short term pumping tests. Beyond this, we introduce the concept of null
space energy maps for the validation of the hydraulic tomograms, which was originally developed for geophysical ray tomography. The further developed inverse scheme is tested numerically with data from a hydraulic tomography analogue outcrop study. (b) The field implementation is realized in a way that a suite of tomographic measurements can be recorded in 1 day.
Therefore, we limit the pumping time to 300 s, which permits us to record 30 transient pressure
response curves between a 200 well (pumping well) and a CMT (observation well) in a few
hours. The reconstructed tomograms are compared and evaluated by means of four DPIL logs
performed between the pumping and the observation well.

A.2

Field data processing and inversion methodology

In the following, we introduce the fundamental concept of travel time based inversion as
shown in detail by Brauchler et al. [2011], and discuss the requirements for field data processing. Then, a novel adaptation of the attenuation based inversion scheme to the inversion of
pumping tests signals is proposed. The methodology is first applied to a numerical example.
The gained experience is exploited for a field demonstration and validation with DPIL.

A.3

Travel time inversion of pumping tests data

The proposed travel time inversion is based on the work of Vasco et al. [2000]. They developed an inversion scheme based on the transformation of the groundwater flow equation into
the eikonal equation [Virieux et al., 1994], which can be solved with ray tracing or particle
tracking methods in a computationally efficient way. The keystone of the procedure is the following line integral proposed by Vasco et al. [2000]:
ℎℎ (𝑟, 𝑡𝛼,ℎ ) = 𝛼ℎ ℎ𝑚𝑎𝑥 ;

0 < 𝛼ℎ < 1

(1)

where tpeak is defined as the source-to-observation-point travel time of the peak of a transient
pressure curve, resulting from a Dirac signal generated at point x1 (source), traveling along the
propagation path s, and recorded at point x2 (observation point). D is the diffusivity. In a homogeneous media equation (1) can be expressed as follows [Vasco et al., 2000]:
𝑡𝑝𝑒𝑎𝑘

𝑆𝑆 𝑟 2
=
6𝐾

(2)

where Ss is the specific storage, r is the distance between the source and the observation
point, and K the hydraulic conductivity. Equation (1) is only valid for an impulsive type source
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(Dirac source) and was successfully applied to invert travel times derived from cross-well interference slug tests by Brauchler et al. [2010]. Vasco et al. [2000] showed that the pressure
response of a pumping test signal, usually described with a Heaviside function, can be analyzed
as a response to an impulsive (Dirac delta) type source by considering the time-derivative of
head data. This differentiation when applied to field data comprises three steps:
(1) Wavelet de-noising [e.g., Xiang et al., 2009] is utilized to smooth the transient head data.
(2) A polynomial regression is applied to the smoothed transient head data.
(3) The first derivative of the polynomial fit is estimated. The three steps are depicted in
Figure A-1a.
A.2.2 Travel time diagnostics
For travel time inversion, we use an early travel time diagnostic rather than the peak travel
time. Brauchler et al. [2007] defined the travel time diagnostic as ‘‘the time of occurrence of a
certain feature of the transient pressure pulse’’. The t-10% diagnostic in this study is the time
at which the time derivative of the pressure pulse rises to 10% of its ultimate peak (Figure A1a). In this study, we decided to use the t-10% diagnostic for the numerical example and the t50% diagnostic for the field example. The choice of the travel time diagnostics is a compromise
between data quality (early time noise) and the findings of Cheng et al. [2009] that early travel
times are better suited to resolve the diffusivity distribution of an aquifer. Figure A-1 shows
that the travel time diagnostic tpeak can be determined with a high level of confidence. In order
to determine the uncertainty associated with the choice of the 50% travel time diagnostics, used
in the field example, we performed a Monte Carlo analysis. The filtered signal of the pressure
response curve displayed in Figure A-1 was fitted with a Gaussian function consisting of 4
terms and 12 coefficients. For 2800 fits, the travel time diagnostic t-50% and tpeak were calculated.
The 2800 calculated travel time diagnostics t-50% are characterized by a mean of 1.16 s and
an associated standard deviation of 0.076 s. The comparison with the 2800 calculated travel
time diagnostics t-peak characterized by a mean value of 4.03 s and an associated standard
deviation of 0.84 indicates that the travel time diagnostic t-50% can be determined with a comparable accuracy as the travel time diagnostic tpeak. In Figure A-2, additionally, the statistical
parameters median, 25th and 75th percentiles, and the range are displayed as box-whisker plot
for the travel time diagnostic t-50%. With respect to the mathematical derivation of the transformation factor for the inversion of additional travel time diagnostics besides the peak time
the reader is referred to Brauchler et al. [2003].
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Figure A-1. Field data processing. (a) Processing of the pressure response recorded at the
observation interval. (b) Processing of the pressure response recorded at the pumping interval.

Figure A-2. The statistical parameters of the Monte Carlo analysis, median, 25th and 75th
percentiles, and the range are displayed for the travel time diagnostic t-50%.
A.2.3 Attenuation Inversion of Pumping Test Data
Brauchler et al. [2011] presented an attenuation integral which relates the attenuation of a
Dirac source signal to the inverse of the aquifer parameter specific storage Ss. The line integral
reads
−

ℎ𝑑 (𝑥2 )
(
)
𝐻0,𝑑
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The attenuation of the Dirac source signal is expressed by the initial displacement H0 and
the hydraulic head h(x2) at the observation point as a function of the length of the propagation
path (s). The subscript d stands for a Dirac source and the parameter B summarizes all test
specific parameters that can be treated as constants during the inversion and is defined as follows:
𝐵=

𝜋𝑟𝑐2

3
𝑒𝑥𝑝 [− ]
3
2
√(2𝜋)
3

(4)

Here rc is the casing radius of the test well.
The attenuation integral is only valid for a Dirac type source signal. For the determination
of the right-hand side of equation (3), the head h(x2) and H0 have to be determined. h(x2) can be
easily estimated utilizing the first derivative of the pressure response at the observation interval
(Figure A-1a). For the determination of the initial displacement H0, it is not possible to refer
to the first derivative of the pumping signal, because the velocity of the water movement in the
well is largest at to, (the point of time when the pumping test is initiated) and this point of time
is camouflaged by noise. Hence, we utilize a conversion factor, which allows for relating Heaviside and Dirac signals in order to estimate the initial displacement H0. In the following, we
summarize the derivation of the conversion factor proposed by Brauchler et al. [2003].
A.2.4 Derivation of the Conversion Factor for a Heaviside Source [After Brauchler et al.,
2003]
The solution of the flow equation using a Heaviside source for an infinite domain can be
expressed according to Häfner et al. [1992] as follows:
ℎℎ (𝑟, 𝑡) =

𝑄
𝑟
𝑒𝑟𝑓𝑐
4𝜋𝑟𝐾
√4𝐾𝑡/𝑆𝑠

(5)

where Q denotes the flow rate, K the hydraulic conductivity and hh(r,t) is the hydraulic head
as function of space and time. Spherical coordinates are used here because each injection port
represents a point source and the signal can be assumed to spread radially due to the test intervals. The subscript h stands for a Heaviside source and the maximum drawdown hmax is equivalent to Q/(4rK).
The key element of the transformation factor is the introduction of a head ratio h, which
enables the conversion of a signal originating from a Heaviside source into a signal originating
from a Dirac source. αh is introduced as follows:
ℎℎ (𝑟, 𝑡𝛼,ℎ ) = 𝛼ℎ ℎ𝑚𝑎𝑥 ;

0 < 𝛼ℎ < 1

(6)

Inserting equation (5) in equation (6) yields:
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𝑄
𝑟
𝑄
𝑒𝑟𝑓𝑐
= 𝛼ℎ
4𝜋𝑟𝐾
4𝜋𝑟𝐾
√4𝐾𝑡𝛼,ℎ /𝑆𝑠

(7)

Utilizing equation (2) to simplify the left-hand side of equation (7) results in:
𝑄
3 𝑡𝑝𝑒𝑎𝑘
𝑄
𝑒𝑟𝑓𝑐 √
= 𝛼ℎ
4𝜋𝑟𝐾
2 𝑡𝛼,ℎ
4𝜋𝑟𝐾

(8)

Introducing the conversion factor leads to :
3 𝑡𝑝𝑒𝑎𝑘
3
𝛼ℎ = 𝑒𝑟𝑓𝑐 √
= 𝑒𝑟𝑓𝑐 √ 𝑓𝛼,ℎ
2 𝑡𝛼,ℎ
2

(9)

The conversion factor fα,h is 1, if the height of the Heaviside signal is around 8.36% of hmax.
The time and the respective hydraulic head are equivalent to the peak time and the amplitude
of a signal with a Dirac source at the origin. By replacing r by rc in equation (6) this conversion
factor can be applied to the signal recorded in the pumping interval if hmax is known. In this case
hmax is defined as drawdown under steady state conditions. In theory, steady state conditions
can only be established if a constant head boundary is reached. For an efficient field
implementation, we define steady state conditions to be established when the drawdown curve
can be approximated by a straight line with a slope of one tenth of a percent, whereby the slope
is defined in meters per second. Figure A-1b displays the straight line and hmax. In conclusion,
the amplitude H0 assuming an impulsive type source is defined by 8.36% of hmax.
Note, the estimation of hmax is an approximation because the derivation of the conversion
factor is based on the assumption of a homogeneous hydraulic parameter distribution. However,
Brauchler et al. [2003] applied this conversion factor successfully to characterize a fractured
sand stone sample. In the following, we perform a numerical study based on an aquifer analogue
outcrop study in order to show the potential and limits of the proposed hydraulic attenuation
inversion.

A.3

Attenuation inversion based on an analogue outcrop study

This section builds upon the hydraulic tomography outcrop analogue study performed by
Hu et al. [2011]. The outcrop analogue, consisting of fluvial unconsolidated sediments, was
developed by Bayer et al. [2011]. The study comprises six parallel high-resolution photographs
of an exposed quarry face that were taken every 2 m, as the gravel was excavated. The outcrop
photographs were carefully interpreted to yield maps of lithology. For each representative lithological unit, measurements were performed in the laboratory providing porosity, as well as
hydraulic conductivity (hydrofacies classification). The specific storage values, assigned to
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each hydrofacies group were taken from data reported in literature [Domenico and Mifflin,
1965]. Maji and Sudicky [2008] interpolated between the six profiles and translated the gathered
information into a 3-D hydraulic parameter distribution. Meanwhile an alternative interpolation
based on multiple point statistics is also available [Comunian et al., 2011].
Hu et al. [2011] simulated a suite of short-term pumping tests using a tomographic measurement array, which we will utilize to investigate the possibilities of the attenuation inversion
(equations (3)–(9)). The tomographic setup is displayed in Figure A-3. For the attenuation inversion, we utilized only source-receiver configurations with a trajectory angle α smaller than
40°. The trajectory angle α is defined as the angle between the horizontal and a straight line
connecting source and receiver (Figure A-3). Thereby we follow the suggestion of Hu et al.
[2011] that data with smaller source-receiver angles are better suited for the reconstruction of
horizontally arranged features.

Figure A-3. Spatial position of the pumping and observation intervals. (a) Cross section.
(b) Plan view.
Figure A-4 shows the limitations of applying the conversion factor for the processing of
data. For source-receiver combinations where the source is located in the high permeability
zone between 2.5 and 4 m in vertical position (Figures A-4a and A-4e), we receive unreasonably
high values for the attenuation h(t)/H0. This is not surprising because the derivation of the conversion factor is based on homogeneity assumption, but the aquifer analogue data set is characterized by an up to 5 orders of magnitude range of hydraulic conductivity values (Figures A-4a
and A-4e). For this reason, we neglected source-receiver combinations with a value larger than
0.5 for h(t)/H0. This upper constrain was determined by equation (3). The distance between
source (x1) and receiver (x2) position was appraised with the well distance. Inserting this parameter in equation (3) gives an attenuation value of 0.5 that corresponds to a specific storage
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value of 1.5x10-5 1/m, which represents a lower boundary of specific storage values in fluvial
unconsolidated sediments.

Figure A-4. Comparison of the aquifer analog data with the reconstructed specific storage
values and the associated null space energy maps. (a–d) Vertical profiles in West-East direction.
(e–h) Vertical profiles in South-North direction.
The model domain for the inversion consists of eight cells in x-direction (horizontal) and
10 cells in y-direction (vertical). To increase the nominal resolution of the inversion, the staggered grid method is applied [Vesnaver and Gualtierro, 2000]. It averages the velocity values
obtained from different inversions of a regular coarse gridded model, slightly shifted in space,
both in horizontal and vertical directions.We performed such a displacement of the initial grid,
three times in x- and y-direction.
The inversion results for specific storage are displayed in Figures A-4c and A-4g. Both the
reconstructions in West-East and North-South directions show that the most characteristic feature, located between y=1 m and 3 m in vertical direction and characterized by higher specific
storage values, could be reconstructed reliably. The horizontal continuity of this zone as well
as the absolute values could be determined with adequate precision. The comparison with the
true aquifer analogue data set (Figures A-4b and A-4f) reveals that also the zone between y=4
m and 5 m, characterized by slightly higher specific storage values compared to the background,
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is reproduced. However, comparison with the aquifer analogue also shows that small-scale variability (< 20 cm in size) using the proposed attenuation inversion procedure cannot be resolved
[see also Hu et al., 2011]. In particularly, the zone between y=3 m and 4 m can be reconstructed
only close to the test well.
To assess the reliability of the tomographic model we computed the null-space energy map
of the area of the model domain. The null-space energy map represents a measure of the reliability of a tomographic system, because it relates the trajectory distribution to the mesh used
for the discretization of the investigated area. Further details about the calculation of the nullspace energy map are given in the supplementary information section.
In Figures A-4d and 4h, we displayed the null-space energy maps ranging from 0 to 1,
whereby a value of 0 indicates a high reliability and a value of 1 a low reliability. In general,
the displayed null-space energy maps are characterized by a high reliability, which can be explained with the numerical experimental setup, i.e., high number of test and observation intervals and high-trajectory density, respectively. However, at the boundaries of the model domain
the trajectory density is decreasing and thus the reliability is decreasing. The influence of the
low reliability can be seen in the reconstructed specific storage tomograms at the top of the
model domain, which is characterized by low-specific storage values. Within this zone three
positions are marked with red ellipses that are characterized by higher values. These higher
values are associated with a low reliability and, hence, could be potential artifacts.

A.4

Field application of the travel time and attenuation tomography

The field implementation was performed at the well-characterized Stegemühle test site located in the Leine valley, close to Göttingen, Germany. Currently, the infrastructure of the site
consists of a network of 26 monitoring locations, comprising 100, 200, 600, screened over the
whole aquifer thickness, and multichamber wells (Figure A-5). The 600 wells were drilled with
a top drive drilling rig, whereas all other wells were installed using DP technology [e.g.,
Dietrich and Leven, 2006]. Brauchler et al. [2010] give a detailed overview about the structural
and hydraulic characterization of the site using conventional investigation techniques. The
structural composition of the braided river sediments was characterized by surface refraction
seismics, gamma ray logging and DP electrical conductivity logging. For selected wells, cores
were recovered to calibrate the recorded logs. The aquifer has a thickness between 2 and 2.5 m,
and it is built up by intercalated sand and gravel layers. A confining unit that is composed of
silt and clay overlies the aquifer. The thickness of the confining unit varies between 3 and 3.5
m. Figures A-6a and A-6b show the two DP EC logs recorded at the wells P0/M25 and
P5/M17.5 (Figure A-5) that were used as test and observation wells for the field implementation
of hydraulic tomography. Hydraulic characterization is based on single-well pumping and
cross-well slug interference tests. Hydraulic conductivity estimates, derived from the analytical
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evaluation of multilevel single-well slug tests, performed over five to seven different depths in
each 200 well, vary between 10x4 ms-1 and 1.2 x 10-3 ms-1. Generally, the K values increase
with aquifer depth (Figure A-7).

Figure A-5. Monitoring well network at the Stegemühle test site.
The data base for the hydraulic tomographic experiment comprises 30 pressure responses
that were recorded between the 200 well (P0/M25) and the multi-chamber well (P5/M17.5).
The experimental setup is displayed in Figure A-8. The suite of tomographic pumping tests was
recorded by employing a double packer system with a screened interval of 0.25 m and an interval tube inner diameter of 0.031 m in the test well. For the observation well, we utilized the
CMT System [Einarson and Cherry, 2002]. This system was originally developed for multilevel sampling and consists of a pipe with seven continuous separate channels or chambers
(ID=0.014 m), which are arranged in a honeycomb shape. In each individual chamber a 0.08 m
long opening, covered with a sand filter, was cut. In total five short-term pumping tests were
carried out using a double-packer system in the test well, and the respective pressure responses
of each test were recorded at six different depth levels in the multichannel well with a frequency
of 50 Hz. The experimental setup is displayed in Figure A-8.
A diffusivity and a specific storage tomogram were reconstructed using the new inversion
procedure proposed in section 2. For the diffusivity reconstruction displayed in Figure A-9a,
the 50% travel time diagnostic was employed for the inversion. The prerequisite of using such
an early travel time diagnostic is excellent data quality. Figure A-1a clearly shows that it was
possible to record pressure drawdown curves with a maximum drawdown below 1 cm with a
very low noise level. The model domain consists of 45 cells for both tomograms. Additionally,
we applied the method of staggered grid and shifted the mesh four times in the horizontal di-

112

A.4

Field application of the travel time and attenuation tomography

rection and three times in the vertical direction. As starting values we used the parameter estimates derived from the analytical evaluation of the pumping tests data. The travel time and
attenuation inversion, including the staggered grid calculation, took less than 1 min on a conventional notebook. For the validation of the tomograms the null space energy maps were calculated (Figures A-9b and A-9d).

Figure A-6. Geological interpretation of the subsurface derived from DP electrical conductivity logging.

Figure A-7. Hydraulic conductivity estimates derived from type curve analysis of multilevel slug tests.
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Figure A-8. Experimental setup of the hydraulic tomography measurements.

Figure A-9. (a, b) Reconstructed diffusivity tomogram and the associated null-space energy
map. (c, d) Reconstructed specific storage tomogram and the associated null-space energy map.
(e) Computed hydraulic conductivity tomogram utilizing the equation D = K/Ss. (f) Comparison
of DPIL-logs with an interpolated image of the hydraulic conductivity tomogram.
Both diffusivity and specific storage tomograms are characterized by a horizontal layering
(Figures A-9a and A-9c). The reconstructed diffusivity distribution shows the lowest value,
approximately 2 m2/s close to aquifer top, and the highest values between 10 and 20 m2/s close
to aquifer bottom (Figure A-9a). The specific storage distribution is characterized by values
114

A.5

DP injection logging

between 3 x10-5 and 10-4 1/m, whereby the lowest values are close to aquifer bottom and the
highest ones close to the top (Figure A-9c). The hydraulic conductivity tomogram, depicted in
Figure A-9e, is computed from the equation D = K/Ss and shows a similar parameter distribution as the diffusivity tomogram. The estimated values range from 10-4 to 10-3 m/s and are
representative for sand and gravel aquifers. Furthermore, the range, and the general spatial distribution of the derived hydraulic conductivity values, agrees with the values derived from multilevel slug testing (Figure A-7).
The calculated null-space energy maps associated with the diffusivity and specific storage
tomogram show both a similar pattern (Figures A-9b and A-9d). The maps show the highest
values (close to 1) indicating a low reliability, at the top of the aquifer between x¼3 m and 9
m. in a depth between 147.4 and 147.0 m.a.s.l. The low reliability of these sections can be
explained with a low-trajectory density, and the low-trajectory density is caused again by the
observation position, which is located 0.2 m below the top of the model domain. Note, the
applied inversion technique allows only for the determination of the parameter space between
test and observation interval. The only way to improve the significance of this part is to install
a further observation interval at the top of the aquifer.

A.5

DP injection logging

DPIL is a small diameter tool that consists of a short screen located just behind a drive point,
which is attached to the lower end of a pipe string [Dietrich et al., 2008]. The probe is advanced
in the ground by using the weight of the DP unit supported by a hydraulic jack hammer. During
advancement in the ground, water is injected through the screen in order to avoid clogging. As
soon as the desired test depth is reached, further advancement is stopped and a series of tests
are performed. In this field study, at the Stegemühle site, testing was performed with three
different injection (flow) rates. Flow rate and pressure were measured on-site. Both can be
transformed into a relative hydraulic conductivity estimate KDPIL, which can be used as a
proxy for K. For details on the derivation of KDPIL the reader is referred to Dietrich et al.
[2008].
We recorded five profiles, each comprising between 15 and 20 measurement intervals. The
profiles were recorded between the test and observation well used for the short-term pumping
tests (Figure A-5). However, only four profiles could be evaluated because one log exhibited a
strong dependence between flow rate and KDPIL, which indicates technical problems with the
flow controller or trunk line. In Figure A-9e, the profiles are displayed in comparison to the
reconstructed hydraulic conductivity tomogram.
The comparison between the DPIL profiles with the reconstructed hydraulic conductivity
tomogram shows an overall agreement that the highest hydraulic conductivity values are below
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146 m.a.s.l. That means the top of the higher permeability zone can be determined in the DPIL
logs as well as in the hydraulic conductivity tomogram.
Beyond this, the DPIL logs recorded at x-directions 6.2 m and 7.5 m agree over the whole
thickness of the aquifer. In particular, the agreement between the DPIL log recorded at the
position x=7.5 m, characterized by the lowest KDPIL in a depth 146.8 m.a.s.l. and highest
KDPIL values of all logs in a depth of 146.2 m.a.s.l agrees in all details with the reconstructed
hydraulic conductivity tomogram. Note, the positions of the DPIL profiles are shown by the
black arrow in Figure A-9f.
The upper part of the DPIL logs, above 147 m.a.s.l., at x-directions 3 m and 4.5 m indicates
changes in hydraulic conductivity not reconstructed in the hydraulic conductivity tomograms.
One explanation for the lack of dynamics in the hydraulic conductivity tomogram could be the
different resolution of the two characterization techniques. The DPIL logs display the hydraulic
properties in the vicinity of the open screen section. That means small-scale heterogeneities on
the sub decimeter scale strongly influences the DPIL results. However, the numerical example
has shown that the applied tomographic inversion scheme is not able to resolve such small scale
heterogeneities. Another explanation could be the low reliability of the hydraulic conductivity
tomogram above 147 m.a.s.l. indicated by the calculated null-space energy maps (Figures A9b and A-9d). The decline of the KDPIL values below 146.4 m.a.s.l can be explained by the
transition from the aquifer to the underlying aquitard. This transition zone is interpreted as a
mix of aquifer material and weathered marl stone. Note this zone could not be reconstructed by
the hydraulic tomography, because all source and receiver positions were located within the
aquifer. Still, the agreement of the DPIL profiles and the reconstructed K-tomogram supports
the reliability of the estimated spatial distribution of the hydraulic properties estimated with the
travel time and attenuation tomography, as well as with the DPIL.

A.6

Conclusions

We presented a field assessment of high-resolution aquifer characterization of unconsolidated sediments based on hydraulic tomography and DP injection logging. The results show
that both, the hydraulic tomograms and the DP injection logging provide information about
hydraulic subsurface parameters with a spatial resolution that would not be feasible with conventional hydraulic investigation and evaluation technologies. However, for practical implementation, the following aspects have to be considered: 1) equipment requirements, 2) time
demand for field implementation, 3) complexity or easiness of the evaluation.
1) The equipment requirements for both methods are comparable: Both methods require a
DP unit in order to access the subsurface i.e., for probe advancement and well installation.
Beyond this standard pumping test equipment, a double-packer system is needed to record a
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suite of hydraulic tomography measurements. For the hydraulic profiling the DP injection logger consisting of a screened metal cone, trunk-line, flow controller and pressure transducer, is
needed. We think in comparison to conventional hydraulic field testing, which relies on existing
wells, the requirements for both investigation technologies can be justified with respect to the
gained spatial high resolution parameter estimates.
2) The DPIL, as well as the short-term pumping test, can be performed in one day including
test setup. In this field study, we pumped for 5 min, which is more than sufficient for the applied
travel time and attenuation based inversion scheme. Short pumping time can be a limitation for
other inversion schemes that are based on solving the groundwater flow equation, because the
early times are mainly determined by the specific storage, Ss, distribution, and later times or
even steady state conditions are better suited for reconstructing the K-field [Sun et al., 2013].
For the hydraulic tomography measurements, an additional day is needed for well installation. However, an experienced field technician team can install five DP wells with a depth of
10 m easily in 1 day. Note, by installing a larger number of observation wells more than one
tomographic profile can be recorded without substantially increasing the workload.
3) We adapted the travel time and attenuation based inverse scheme proposed by Brauchler
et al. [2011] to the requirements needed for the tomographic inversion of short-term pumping
tests in order to minimize the complexity and time requirements for hydraulic tomography inversion. The main advantages of the inversion scheme are the low computational requirements
of eikonal solvers and that no information about the hydraulic boundary conditions of the investigated area is needed. However, the applied inversion scheme can only reconstruct the parameter reconstruction between test and observation well. The processing of the short-term
pumping test data can be largely automatized using any script language, and for the inversion
user-friendly eikonal solvers are commercially available. The short pumping time in combination with the straightforward inversion technique allows for the reconstruction of preliminary
K and Ss distribution already in the field, which is particularly useful for an adaptive site investigation approach. In this context, it has also to mention that inversion schemes that solve the
groundwater flow equation might reconstruct hydraulic conductivity fields that are closer to the
true parameter distribution. However, as mentioned above short-term pumping test are not well
suited for these inversion approaches because fitting later times of a transient pressure curve or
even steady state conditions lead to better K-field reconstructions.
The field assessment of the new hydraulic tomography framework and comparison with
DPIL showed that both methods provide information about hydraulic conductivity on a scale
and accuracy which goes beyond the expressiveness of conventional hydraulic testing. The further developed hydraulic attenuation inversion scheme additionally allows for the reconstruction of specific storage distribution. At the Stegemühle site it was revealed that a spatially high
resolution of the parameter estimates derived from hydraulic tomography can be recorded and
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evaluated in a short amount of time, which even allows for an adaptive site characterization,
i.e. deciding immediately on-site about measurements to be performed next, based on prior
investigation results. Beyond this, hydraulic parameter estimates with such a spatially high resolution have the potential to strongly increase the significance of hydrogeophysical investigations [Brauchler et al., 2012].

A.7

Supplementary information

In the following, we give a short summary of the calculation of the of the null-space energy
map, which is based on the work of Böhm and Vesnaver, 1996. The null space energy map was
originally developed for the validation of geophysical ray tomograms. The null space energy
map comprises a singular value decomposition of the tomographic matrix A, where Aij of the
matrix A are the lengths of the ith trajectory path in the jth cell. This matrix can be factorized
into three components:
A = UWVT

(A1)

The squared matrices U and V are orthonormal:
UUT = I;

VVT = I

(A2)

U and the elements wii of the diagonal matrix W are the singular values corresponding to
the square of the eigenvalues. The stability of the tomographic inversion is defined by the elements wii, whereby small singular values show instabilities of the inversion process. Note, the
columns of the matrix V of the decomposition (equation (A1)) display an orthonormal basis of
the model domain. Hence, the local reliability, R, of each pixel can be defined as the summation
of the squared elements vi of the matrix V:
𝑅 = ∑𝑖 𝑣𝑖2

(A3)

The summation of the elements is equal to 1 if the index i covers the whole model domain
and each pixel is associated with a value ranging from 0 to 1.
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