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Summary

Achieving net zero in greenhouse gases emissions attributed to human activities depends
on the transition to renewable energy resources. Low-enthalpy geothermal systems, char-
acterized by their widespread geographical distribution and suitability for direct heating
applications, represent a promising alternative to fossil fuels. However, maintaining the
long-term efficiency and economic viability of such geothermal reservoirs requires the de-
velopment of new methods to monitor subtle variations in their properties, particularly
those induced by temperature changes during energy extraction and reinjection.

This thesis evaluates the feasibility and advances the methodology of two key geophys-
ical approaches for reservoir monitoring: the controlled-source electromagnetic (CSEM)
method and the full waveform inversion (FWI) of seismic data. The research is grounded
in two study areas: the Delft campus geothermal project in the Netherlands and the
Munich geothermal project in Germany.

A feasibility study of CSEM monitoring was carried out on the Delft site to assess its
sensitivity to subtle resistivity variations corresponding to temperature changes in the
reservoir. Surface-to-borehole CSEM survey configuration was modeled to optimize source
frequency and offset, with results demonstrating the detectability of a 4 Ω·m resistivity
increase calculated for a 25 ◦C temperature drop in the Delft Sandstone reservoir. The
study systematically analyzed the impacts of environmental disturbances—random noise,
repeatability errors, seasonal near-surface temperature fluctuations, and the presence of
steel-cased wells—on the performance of CSEM monitoring data. It was shown that a
careful survey design and adequate source parameters allow CSEM monitoring, which is
robust against most undesired effects, although steel casings require careful consideration
due to their strong field attenuation within a radius of 100 m for a frequency of 1 Hz.

For high-resolution seismic characterization, the thesis develops and validates a novel se-
quential FWI approach for reconstructing high-resolution models of P-wave velocity and
impedance from vertical seismic profiling (VSP) data. The method incorporates travel-
time tomography for starting models and introduces a temporal phase resemblance step
to improve convergence and mitigate phase error propagation in impedance inversion.
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Inversion experiments of synthetic data demonstrate that this approach enables the de-
tection of impedance variations greater than 2 %, directly linked to temperature-driven
reservoir changes. Field application to baseline VSP data at the Munich geothermal site
confirms the robustness of the approach. A comparative analysis of distributed acoustic
sensing (DAS) and conventional geophone-based FWI of P-wave velocity further eluci-
dates the operational benefits and challenges of fiber-optic deployments inside the casing
for characterization of geothermal reservoirs.

The results presented in this thesis establish CSEM and advanced seismic FWI as promis-
ing and complementary tools for noninvasive monitoring of low-enthalpy geothermal reser-
voirs. The work concludes with a discussion of current limitations, practical considerations
for field deployment, and recommendations for future research.
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Samenvatting

Om de uitstoot van broeikasgassen ten gevolge van menselijke activiteiten tot nul te reduc-
eren, moet worden overgeschakeld op hernieuwbare energiebronnen. Geothermische syste-
men met lageenthalpie, gekenmerkt door hun wijdverspreide geografische verspreiding en
geschiktheid voor directe verwarmingstoepassingen, vormen een veelbelovend alternatief
voor fossiele brandstoffen. Om de efficiëntie en economische levensvatbaarheid van dergeli-
jke geothermische reservoirs op de lange termijn te behouden, moeten er echter nieuwe
methoden worden ontwikkeld om subtiele variaties in hun eigenschappen te controleren,
met name variaties die worden veroorzaakt door temperatuurveranderingen tijdens de
energiewinning en herinjectie.

Dit proefschrift evalueert de haalbaarheid en ontwikkelt de methodiek van twee belangrijke
geofysische benaderingen voor reservoirmonitoring: de controlled-source elektromagnetis-
che (CSEM) methode en full waveform inversie (FWI) van seismische data. Het onderzoek
is gebaseerd op twee studiegebieden: het Delft campus geothermieproject in Nederland
en het München geothermieproject in Duitsland.

Op de locatie in Delft werd een haalbaarheidsstudie uitgevoerd naar CSEM-monitoring om
de gevoeligheid voor subtiele weerstandsvariaties die samenhangen met temperatuurveran-
deringen in het reservoir te beoordelen. De configuratie van een oppervlakte-tot-boorgat
CSEM-metingsopstelling werd gemodelleerd om de bronfrequentie en offset te optimalis-
eren, waarbij werd aangetoond dat een toename van 4 Ω·m in weerstand als gevolg van
een temperatuurdaling van 25 ◦C in het Delft Zandsteenreservoir waarneembaar is. De
studie analyseerde systematisch de impact van omgevingsverstoringen—zoals ruis, herhaal-
baarheidsfouten, seizoensgebonden temperatuurschommelingen nabij het oppervlak en de
aanwezigheid van stalen beklede putten—op de prestaties van CSEM-monitoringsdata.
Uit het onderzoek bleek dat een zorgvuldige surveyopzet en adequate bronparameters
CSEM-monitoring robuust maken tegen de meeste ongewenste effecten, hoewel stalen
bekledingen bijzondere aandacht vereisen vanwege hun sterke veldverzwakking binnen
een straal van 100 m.

Voor seismische karakterisering met hoge resolutie ontwikkelt en valideert het proefschrift
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een nieuwe sequentiële FWI-benadering voor het reconstrueren van gedetailleerde mod-
ellen van P-golf snelheid en impedantie op basis van vertical seismic profiling (VSP) data.
De methode maakt gebruik van reistijdtomografie voor de startmodellen en introduceert
een temporele fase-overeenkomstenstap om de convergentie te verbeteren en fasefouten
in de impedantie-inversie te beperken. Inversie-experimenten met synthetische data to-
nen aan dat deze benadering het mogelijk maakt om impedantievariaties groter dan 2 %

te detecteren, direct gekoppeld aan temperatuurgedreven veranderingen in het reservoir.
Toepassing op baseline VSP-data van de locatie in München bevestigt de robuustheid
van de aanpak. Een vergelijkende analyse van distributed acoustic sensing (DAS) en con-
ventionele geofone-gebaseerde FWI van P-golfsnelheid belicht bovendien de operationele
voordelen en uitdagingen van vezeloptische implementaties in de casing voor de karak-
terisering van geothermische reservoirs.

De resultaten uit dit proefschrift tonen aan dat CSEM en geavanceerde seismische FWI
veelbelovende en complementaire hulpmiddelen zijn voor niet-invasieve monitoring van
lage-enthalpie geothermische reservoirs. Het werk wordt afgesloten met een bespreking
van huidige beperkingen, praktische overwegingen voor veldimplementatie, en aanbevelin-
gen voor toekomstig onderzoek—including de gezamenlijke inversie van elektromagnetische
en seismische data, ondersteund door verbeterde modellering van complexe reservoirge-
ometrieën en gevalideerd door veldcampagnes op schaal.
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Chapter 1

Introduction

1.1 Background and motivation

Hazards of Anthropogenic Climate Change

Climate change has impacted the Earth’s ecosystem in recent decades (Karl and Tren-
berth, 2003). The emission of greenhouse gases (GHG) into the atmosphere (Ledley
et al., 1999), primarily from the burning of fossil fuels, such as coal, oil and gas, led to an
increase in global temperatures (Yoro and Daramola, 2020), causing widespread environ-
mental and humanitarian consequences (McMichael and Haines, 1997; Short and Neckles,
1999; Doherty and Clayton, 2011). Rising sea levels and more frequent meteorological
events are a few tangible examples (Etkins and Epstein, 1982; Michener et al., 1997). A
fundamental aspect of mitigating these consequences is a rapid transition in the global
energy sector, which accounts for the largest share of GHG emissions, to renewable en-
ergy (Markard, 2018). Renewable energy resources, such as solar, wind, and geothermal,
offer good alternatives by reducing GHG emissions while providing a long-term renewable
resource (Ellabban et al., 2014; Twidell, John, 2021). Among these, geothermal energy is
promising due to its ability to generate continuous base-load power with minimal environ-
mental footprint (Fridleifsson, 2001, 2003; Aljubran and Horne, 2024). As the transition
to clean energy accelerates, research and development in geothermal energy systems are
necessary to facilitate their widespread economic deployment, thus contributing to the
mitigation of climate change and the advancement of a more sustainable future.

Geothermal energy as a sustainable solution

Geothermal energy is thermal energy derived from the interior of the Earth, originat-
ing from the decay of radioactive isotopes such as uranium and thorium, and the residual
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1.2. Problem statement and role of monitoring

heat from the planet’s formation (Turcotte and Schubert, 2002). This heat travels upward
through the crust at a rate that depends, among other factors, on the thermal conduc-
tivity of the rocks (Clauser, 2009). Geothermal energy resources are classified according
to the temperature and location of their reservoirs into high-enthalpy and low-enthalpy
systems (Munoz, 2014). High-enthalpy systems are typically found in tectonically active
regions with high temperatures exceeding 150 ◦C, making them suitable for the genera-
tion of electricity through conventional steam power plants (Muffler and Cataldi, 1978).
Low-enthalpy systems operate at temperatures below 150 ◦C and are used primarily for
direct heating applications, such as district heating, greenhouse agriculture, and industrial
processes (Mart́ın-Gamboa et al., 2015). Although high-enthalpy systems are commonly
exploited in volcanic regions, low-enthalpy systems are more widespread and accessible ge-
ographically, offering a broader potential for geothermal energy utilization (Moeck, 2014).

Importance of low-enthalpy geothermal reservoirs

Low-enthalpy geothermal systems are commonly found in porous or fractured sedimentary
or crystalline bedrocks, called reservoirs (Legarth et al., 2003). Low-enthalpy reservoirs
should be saturated with groundwater, which allows heat transport through convection
(Chandrasekharam and Bundschuh, 2008). The thermal recharge usually occurs through
natural conduction, which is a slower process than convection (Saeid et al., 2015). Heat
production involves pumping geothermal fluids, e.g. ground water, to the surface through
production wells, where heat is extracted via heat exchangers for direct use (Crooijmans
et al., 2016). The cooled fluids are commonly pumped back into the reservoir through
injection wells (Pruess and Bodvarsson, 1984; Diaz et al., 2016).

1.2 Problem statement and role of monitoring

Issues associated with geothermal energy production

In the short term, temperature reductions occur in reservoir volumes around return wells
and typically diffuse to farther volumes over time (Bödvarsson and Tsang, 1982). In the
long term, temperature changes lead to a wider thermal depletion, where the heat flux
from deeper geological layers may not fully compensate for the extracted energy (Evans
et al., 2012). Heat production can also lead to changes in geomechanical stresses (Uribe-
Patino et al., 2017), which in turn alters fracture networks (Gan and Elsworth, 2014).
The extraction of geothermal fluids can also cause pressure drops, altering the mechanical
equilibrium in the subsurface (Jeanne et al., 2014). These thermobaric effects potentially
trigger microseismic events, especially in systems where fluid reinjection is used.

2



Chapter 1. Introduction

Why monitoring low-enthalpy reservoirs is essential

Monitoring the temperature and pressure of low-enthalpy geothermal reservoirs is fun-
damental to ensuring their long-term efficiency and operational safety (Poulsen et al.,
2015). If reinjected fluids rapidly circulate back to production wells without spending
enough time in the low-enthalpy reservoir, the thermal recovery process is significantly
compromised, leading to early thermal breakthroughs (Bödvarsson and Tsang, 1982; Fadel
et al., 2022). This effect can diminish the economic feasibility of the geothermal project.
Periodic monitoring of reservoir temperature, fluid circulation, and changes in fluid path-
ways helps optimize reinjection strategies and reservoir management (Weinbrandt et al.,
1975). Another key aspect of reservoir monitoring is tracking pressure variations and their
impact on subsurface stress conditions (Tomac and Sauter, 2018). In some cases, stress
changes can lead to the reactivation of pre-existing faults or induce microseismic activity,
particularly in reservoirs with complex fracture networks (Martin III, 1972). Monitor-
ing pressure dynamics and possible induced seismicity is therefore crucial for minimizing
the risk of induced seismicity and ensuring the structural integrity of the reservoir and
minimizing potential operational risks.

1.3 Limitations of existing monitoring approaches

Several traditional and modern borehole-based, geochemical, geophysical, and simulation
techniques have been employed to track subsurface changes over time. These methods
can be broadly categorized into the following:

• Well-based techniques: Traditional techniques rely mainly on borehole-based
measurements, such as temperature and pressure logging, tracer testing, and flow-
rate monitoring (Freifeld et al., 2009). These methods provide a valuable under-
standing of reservoir dynamics. However, they suffer from spatial limitations be-
cause they cover localized areas around wells (Patidar et al., 2022). In addition,
tracer tests provide indirect, time-averaged information on fluid pathways and re-
quire extensive sampling campaigns (Ren et al., 2023). Implementing multiple mon-
itoring wells to improve spatial coverage significantly increases operational costs,
making large-scale monitoring impractical (Sanni et al., 2017).

• Reservoir modeling: Numerical reservoir models, such as thermal-hydraulic-
mechanical (THM) simulations, are widely used to predict reservoir behavior with
different heat production rates (Pandey et al., 2018). Although these models in-
tegrate available geological, geophysical, and well data, their accuracy depends on
the quality and completeness of the input data (Fanchi, 2005). Many modeling ap-
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1.4. Potential of geophysical monitoring

proaches have assumptions that do not fully capture complex reservoir processes,
leading to uncertainties in long-term monitoring (Todd et al., 1972). Furthermore,
integrating time-lapse monitoring data into real-time reservoir management remains
a challenge due to computational constraints and data assimilation difficulties (Sa-
putelli et al., 2006; Jansen et al., 2009).

• Surface-based geophysical methods: Geophysical monitoring at the earth’s
surface may include gravity, electromagnetic (EM) and seismic methods as non-
invasive means for characterizing the changes in the reservoir (Day-Lewis et al.,
2017). Gravity and interferometric synthetic aperture radar (InSAR) methods might
be useful to track surface deformation related to reservoir pressure changes but lack
direct insight into fluid and heat flow (Zumberge et al., 2008; Smith and Knight,
2019). Electrical and electromagnetic techniques, such as magnetotellurics (MT)
and controlled-source electromagnetics (CSEM), help identify changes in resistivity
associated with subsurface temperature and fluid variations (Buselli and Lu, 2001;
Stummer et al., 2004; Uhlemann et al., 2015). However, these methods struggle with
depth penetration and small-scale resolution (Vozoff, 1980). Thermal contraction
due to heat production can cause subtle shifts in the propagation characteristics of
seismic waves, which can be identified using time-lapse seismic surveys (Wu et al.,
2013; Zhang et al., 2016). Moreover, seismic monitoring allows the detection of
natural and induced microseismic events, which can reveal stress variations and
fluid flow patterns within the reservoir (Verliac and Le Calvez, 2021). However,
seismic monitoring of both subtle variations associated with temperature changes
and microseismic activity requires developing new approaches to estimate acoustic
or elastic properties with sufficient accuracy (Zang et al., 2014; Edwards et al., 2015;
Zhang et al., 2016).

Given the limitations of the previously mentioned techniques, there is a growing demand
to develop advanced monitoring approaches that offer wide spatial coverage, better sen-
sitivity to small-scale reservoir changes, and cost-effective deployment.

1.4 Potential of geophysical monitoring

Recent advancements in the acquisition and processing techniques of CSEM and seis-
mic data offer new opportunities for non-invasive, high-resolution 3D characterization of
low-enthalpy reservoirs, allowing for monitoring. These techniques address some of the
limitations of surface-based geophysical characterization and monitoring methods by pro-
viding improved sensitivity and resolution to subsurface changes in temperature, fluid
movement associated with flooding fronts or sequestration, and stress changes.
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Chapter 1. Introduction

CSEM is highly sensitive to electrical resistivity, which is linearly proportional to the tem-
perature distribution of geothermal fluids (Constable, 2010; Newman et al., 2010). Thus,
temperature changes due to heat production result in resistivity variations (Marsden et al.,
1973; Llera et al., 1990). Unlike passive electrical methods, for example magnetotelluric,
CSEM uses a man-made transmitter that generates repeatable and controllable fields with
high signal-to-noise (SNR) (Constable, 2013). The exponential decay of diffusive EM fields
with depth is frequency-dependent. High frequencies naturally offer high resolving capa-
bilities useful for characterization and monitoring, but will be heavily attenuated at the
reservoir level (Um and Alumbaugh, 2007). Defining a suitable configuration for collect-
ing CSEM data over time (time lapse) to detect resistivity variations in a low-enthalpy
reservoir setting is a research gap. Furthermore, it is unknown whether the CSEM data
from repeated surveys over low-enthalpy reservoirs will have an adequate difference be-
cause of relevant resistivity variations, a difference greater than noise interference and
other environmental or instrumental effects.

Seismic methods provide primary information on the mechanical and thermal properties of
the subsurface (Rost and Thomas, 2002). Full waveform inversion (FWI) approaches help
reconstruct high-resolution subsurface models from seismic data (Warner et al., 2013).
Developing new FWI approaches to characterize low-enthalpy reservoirs with sufficient
resolution to capture variations related to temperature changes is still an unresolved re-
search challenge. Furthermore, modern sensors such as distributed acoustic sensing (DAS)
leverages existing fiber-optic cables as dense arrays, offering a cost-effective alternative
to conventional geophones (Mestayer et al., 2011). However, the ability of DAS data to
help high-resolution characterization, useful for monitoring low-enthalpy reservoirs, has
not been tested.

1.5 Research objectives
One key objective of this thesis is to evaluate the feasibility of CSEM monitoring of sub-
tle resistivity variations caused by temperature changes inside a low-enthalpy geothermal
reservoir, using a subsurface model of the Delft campus geothermal project. To facili-
tate such monitoring with sufficient confidence, I aim at identifying the optimal survey
design, i.e. layout, source frequency, and offset. In addition, I will quantify the impact
of other environmental effects that introduce differences in, distort, or mask time-lapse
EM fields. These effects include and are not limited to background natural and artificial
noise, instruments redeployment, and steel infrastructure.

I also develop a novel seismic FWI approach for high-resolution characterization of the
acoustic impedance of low-enthalpy reservoirs; thus variations generated by heat produc-
tion can be detected. To increase computational efficiency and ensure convergence of the
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1.6. Outline of the thesis

FWI, I deploy initial models estimated from travel time tomography, where I design an
inversion algorithm of arrival times to give a layered model for offset VSP. To evaluate the
performance of this approach, I applied it to a field VSP data set recorded by geophones
at a geothermal site in Munich, Germany. The subsurface of the Munich geothermal site
has large properties contrasts, posing significant challenges for existing FWI approaches.

Finally, I evaluate the potential of seismic FWI of DAS data collected with a fibre-optic
cable inside the casing for high-resolution characterization of the subsurface of the Munich
geothermal site. This DAS data was collected at the same doublet as the geophones
data but in another production well. I redefine the residuals and the sensitivities in the
previously mentioned FWI approach to be in terms of strain rates—unit measured by the
fibre-optic cable. The resulting models from the inversion of the DAS data are compared
with those of the geophone data, establishing the merits and limitations of DAS in terms
of data quality and resolution when collected inside the casing.

By addressing these objectives, I show the ability of geothermal reservoir monitoring
using the CSEM and the seismic method. The findings will contribute to more sustain-
able reservoir management and optimization of heat-extraction strategies in low-enthalpy
reservoirs.

1.6 Outline of the thesis

Chapter 2 outlines the study areas and methodologies employed in this research. It focuses
on two deep geothermal projects: the Delft campus site in The Netherlands, representing
an early-stage development, and the Munich geothermal project in Germany. The chapter
also discusses the limitations of available resistivity and seismic data, and presents the
methodologies adopted for modelling and monitoring. These include frequency-domain
controlled-source electromagnetic (CSEM) modelling for feasibility assessment at the Delft
site, and deterministic full waveform inversion (FWI) applied to DAS and geophone VSP
data collected at the Munich site. Modelling assumptions, numerical techniques, and
inversion strategies—the Gauss-Newton method—are mentioned. The chapter also high-
lights how simplifications and data constraints influence model accuracy in both EM and
seismic approaches.

Chapter 3 presents a feasibility study on the application of the CSEM method to mon-
itor low-enthalpy geothermal reservoirs, with a specific focus on the TU Delft campus
geothermal project. This chapter details the geological setting, modeling approaches,
and the effects of source-injection-borehole offsets. In addition, it discusses the impact
of temperature variations on electromagnetic responses and investigates potential sources
of error, including recording noise, survey repeatability issues, near-surface temperature
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changes, and casing effects. The chapter concludes with a discussion on the limitations
and practical considerations of implementing CSEM in real-world geothermal monitoring.

Chapter 4 shows seismic monitoring using an advanced FWI approach to reconstruct
P-wave velocity and impedance models for the Munich geothermal reservoir. This chap-
ter introduces a novel approach that combines conventional FWI with temporal phase
resemblance to enhance sensitivity to impedance changes. The methodology, synthetic
validation, and field data application are discussed in detail, followed by an evaluation
of the improvements in resolution and accuracy compared to traditional seismic imaging
techniques.

In Chapter 5 the use of DAS and its comparison with conventional geophone-based mea-
surements in a vertical seismic profile (VSP) configuration is investigated. This chapter
presents a case study from Munich, Germany, analyzing the capabilities of FWI on DAS
data from a fibre installed within a casing to capture effects of the seismic wave propa-
gation from the waveforms and the potential to characterize geothermal reservoirs. The
advantages and limitations of DAS systems in terms of data quality, spatial coverage, and
operational feasibility are critically assessed.

The thesis is concluded in Chapter 6 with a summary of the key findings, their implications
for geothermal reservoir monitoring, and potential directions for future research. The
conclusions highlight the contributions of this study to the field of geophysical reservoir
monitoring and provide recommendations for the integration of CSEM, seismic FWI, and
DAS technologies in geothermal energy development.
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Chapter 2

Study Areas and Methodologies

2.1 Study areas and data limitations

The research in this thesis focuses on two geothermal projects in the Netherlands and
Germany. The two projects share significant similarities for being inner-city ones and
having low-enthalpy reservoirs. These reservoirs are at similar depths and have compa-
rable thicknesses. They also have similar temperature contrasts between the geothermal
fluids produced and returned. However, the geological settings are not the same. More
details about these projects are as follows:

• Delft campus geothermal project: A developing geothermal site located at Delft
in the Netherlands, designed to provide sustainable heating to Delft University of
Technology (TU Delft) and surrounding areas, visit: https://geothermiedelft.

nl/. This project represents an early-stage geothermal development with opportu-
nities to implement and validate novel geophysical monitoring techniques from the
outset (Vardon et al., 2024). In this thesis, the feasibility of CSEM monitoring will
be assessed for this setting.

• Munich geothermal project: A well-established geothermal district heating sys-
tem in the Bavarian Molasse Basin, supplying heat to the city of Munich, see Section
4.2. The Munich project provides an ideal case study for evaluating the performance
of seismic FWI in an operational geothermal reservoir with an ongoing heat extrac-
tion, where conventional geophone and novel DAS VSP data are available. This site
allows for the validation of advanced FWI techniques in a real-world environment.

Limitations of resistivity models for the Delft geothermal site

The electric resistivity model related to the Delft geothermal site has several limitations.
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2.2. Study methodology and assumptions: CSEM

Although the lithological layers below the Delft campus are known, the resistivity struc-
ture at this site remains unknown. Therefore, a resistivity model of the Delft campus
was built with logging information of the same lithologies measured in other parts of the
Netherlands. Furthermore, the logs were not corrected for the conditions of the borehole
fluids given the uncertainty about them. Lastly, heterogeneous three-dimensional (3D)
models that capture the complexity of both the overburden and the low-enthalpy reser-
voir are not available. Overall, the feasibility of CSEM monitoring of the Delft campus
reservoir is conducted with a simplified resistivity model.

Limitations of data from the Munich geothermal site

The Munich field data were collected in wells with 3D geometry for vertical sources. Two
source positions were deployed; the first source position is about 180 m away from the well
head, and the second source position is about 1100 m away. At only two positions, the
generated wavefield does not adequately illuminate the subsurface regions, including the
reservoir, surrounding the wells, restricting our ability to perform full seismic 3D FWI.
The Munich field data also has a limited angular aperture to resolve structural dips such
as tilted layers.

Another limitation is the absence of time-lapse data, which restricts the ability to monitor
temperature changes in the reservoir over time. Acquiring multiple datasets over extended
periods is costly and logistically complex. Therefore, we demonstrate the ability of the
developed FWI approach for seismic monitoring of heat production by using synthetic
time lapse data. This is an oversimplification of real-world scenarios with change having
limited spans and are affected by heterogeneous fluid flow patterns.

A further limitation relates to DAS installation issues that affect data quality. DAS relies
on fiber-optic cables to measure strain rates along the cable axis due to seismic signal.
At the Munich geothermal site, the DAS cable was lowered into a deviated borehole with
gravity being the main coupling factor. Hence, the cable was susceptible to resonance and
incoherent contact with the casing (and therefore formations). Moreover, the quality of
these measurements is affected by signal attenuation, amplified noise and artifacts, and
instrument noise. These issues degraded the SNR ratio of the DAS VSP data.

2.2 Study methodology and assumptions: CSEM

2.2.1 Modelling of EM fields

The EM signal can be transmitted at a specific frequency, called frequency-domain EM
(FDEM), or as a transient signal, called time-domain EM (TDEM) (Weiss, 2007; Di et al.,
2020). In FDEM, the amplitude and phase of monochromatic or single-frequency/sinusoidal

14



Chapter 2. Study Areas and Methodologies

fields are measured. In TDEM, transient current is injected into the ground, and the de-
cay of induced eddy currents is recorded over time (Nabighian, 1979; Strack et al., 1992).
As TDEM requires the modelling of many frequencies as of computationally more ex-
pensive the modelling (Werthmüller, 2017). Furthermore, the steady-state nature of the
former simplifies data analysis and interpretation. Because of these advantages, we chose
to study the feasibility of CSEM monitoring of the Delft campus geothermal project with
the FDEM technique.

FDEM fields can be generated by electric or magnetic field sources, and their potentials
recorded by electric- or magnetic-field receivers. Electric dipoles generate strong signals
that effectively propagate throughout the depth range of the low-enthalpy reservoirs that
we will study. With electric-field receivers, these signals might enable the detection of
small variations in resistivity as indication of temperature changes. Electric-field sources
and receivers would be more suitable for time-lapse CSEM monitoring (Key, 2009). To
determine the electric field response at a point due to an external source of electric field,
two Maxwell’s equations are coupled—Ampère’s law and Faraday’s law. Assuming a
harmonic time dependence of the form e−iωt, these are given in the frequency domain as
Zhdanov (2009); Chew et al. (2022)

∇×H(x) = −iωK(x) · E(x) + C(x) · E(x) + J(e)(x), (2.1)

and
∇× E(x) = iωMp(x) ·H(x), (2.2)

where i is the imaginary unit, ω is the angular frequency, t is time, ∇× is the divergence
operator, H is the magnetic-field strength, K is the dielectric permittivity, E is the
electric-field intensity, C is the electrical conductivity, J(e) is the electric current due to
the external source, and Mp is the magnetic permeability. The combination of these two
equations results in the general form (Jakobsen and Tveit, 2018),

[
∇×∇×−iωMp(x)C(x) · −ω2Mp(x)K(x)·

]
E(x) = iωMp(x) · J(e)(x). (2.3)

Eq. 2.3 can be reformulated as an integral equation, which is then solved to compute
the electromagnetic field within a subsurface Earth model (Eltayieb, 2020). Section 2.3
outlines the computational methods used to evaluate the CSEM response with the aim
of studying the feasibility of CSEM for monitoring low-enthalpy reservoirs.

2.2.2 Assumptions

A few assumptions related to the models have been made for the FDEM modelling: (1) A
layered resistivity model was used to represent the subsurface of the Delft campus. (2) A
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homogeneous and isotropic reservoir model is assumed, where the resistivity was assumed
to vary equally throughout a rounded reservoir volume. This is clearly a simplification of
the real-world scenario and may affect the validity of the modelling results. (3) tempera-
ture variations have not been determined based on reservoir modelling, which is important
to capture dynamic geothermal processes. These variations should have a gradual transi-
tion from the cooled to the warm areas. Instead of integrating a fully coupled CSEM and
THM reservoir model, this research approximates time-lapse effects through variations of
increasing volume with a sharp transition.

2.3 Study methodology and assumptions: seismic FWI

2.3.1 Modelling of seismic wave fields

Seismic FWI is a powerful technique for reconstructing subsurface velocities (Sears et al.,
2008) and impedances (Baeten et al., 2013). While most FWI applications to date have
focused on surface-based seismic data for characterization (Vigh et al., 2014; Benfield
et al., 2017; Mirzanejad and Tran, 2019; Sedova et al., 2019) and monitoring (Zhang
et al., 2013; Hicks et al., 2016), its extension to borehole environments, such as VSP,
improves resolution in the wellbore region (Owusu et al., 2015; Egorov et al., 2017, 2018;
Pan et al., 2018; Takougang et al., 2020). FWI depends on iteratively refining velocity
and impedance models to minimize misfit between observed and calculated waveforms
(Operto et al., 2013). Hence, it is necessary to model seismic waveforms accurately.

Seismic waveforms are governed by the fundamental laws of motion and deformation in
elastic continua. One of these laws is the equation of motion (Newton’s second law) (Kane
and Wang, 1965),

ρ
∂2u

∂t2
= ∇ · σ + f , (2.4)

where ρ is the mass density, u is the displacement vector, σ is the stress tensor and f

represents body forces (seismic sources). The other fundamental law is Hooke’s law for
isotropic materials (Thompson, 1926),

σ = λ (∇ · u) I + 2µε, (2.5)

where ε is the strain tensor, λ and µ are the Lamé parameters and I is the identity tensor.
Notice that we did not include any source terms in this equation since we only deal with
body-force sources in this thesis.

In order to arrive at the elastic wave equation, Eq. 2.5 first needs to be substituted into
Eq. 2.4. Then, using the compact tensor form ε = 1

2

(
∇u + (∇u)⊤

)
where ∇u stands for
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a matrix with the partial derivatives of the three components of the displacement vector
u, ε is replaced by u and vector-calculus identities allow further simplification to arrive
at our desired result:

(λ+ 2µ)∇(∇ · u) − µ∇×∇× u− ρ∂2t u = f . (2.6)

In the FWI studies in this thesis, ground displacement is considered at arbitrary receiver
locations in a horizontally stratified (axissymmetric) elastic half-space, excited by a ver-
tical point force at the surface. Because of these assumptions, it is easier to evaluate
the solution in the frequency–horizontal (radial) wavenumber (ω–kr) domain so polar
coordinates are used in the horizontal plane.

First, the forward temporal Fourier transform is applied to Eq. 2.6,

û(r, z, ω) =

∫ ∞

−∞
u(r, z, t) e−iωt dt, (2.7)

converting it from the time to the frequency domain so that ∂2t becomes −ω2. This is
followed by forward spatial Fourier transforms in x and y that can be written as a forward
Hankel transform to the kr–ω domain. The new formulation reduces the problem to
solving for the displacement analytically, which is particularly well suited for horizontally
layered elastic media (Haskell, 1964).

Next, the displacement field can be written in terms of potentials within each homogeneous
layer as u = ∇ϕ+∇×(ψeθ), where eθ stands for the azimuthal direction in axis-symmetric
3D geometry (cylindrical coordinates), which simplifies the computation of the curl to be
in the r − z plane (Eringer, 1974; Bian et al., 2021). The potential ϕ has zero curl
(irrotational) and ψeθ has zero divergence (Harkrider, 1976). The scalar potential ϕ is
the one for compressional waves (P-waves) which describes longitudinal motion and is
associated with volume changes (dilatation) in the medium. The scalar potential ψ is the
one for shear waves (S-waves) which describes the transverse motion and is associated
with shearing in the medium.

In each layer, the total wave field is a superposition of up- and down-going plane P- and
S-waves traveling along an azimuthal direction eθ and are given by (Haskell, 1953),

ϕ̃(kr, z, ω) = A+eik
(P )
z z + A−e−ik

(P )
z z, (2.8)

ψ̃(kr, z, ω) = B+eik
(S)
z z +B−e−ik

(S)
z z, (2.9)

where k(P )
z and k(S)z are the vertical wavenumbers (k(P,S)z = [ω2/c2P,S−k2r ]1/2) for the P- and

S-wave, respectively. The amplitude coefficients A± and B± are determined by satisfying
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the boundary conditions, i.e. continuity of displacement and stress at all interfaces.

For the depth-dependent solution, the classical propagator matrix method introduced by
Haskell (1953) is used. This method relates the field variables across interfaces recursively,
using compact matrix relations to track up- and down-going wave amplitudes through
the stratified half-space. It allows for efficient and memory-conserving computation of
the layered response. The linear system of equations constructed via the propagator
formalism relates the displacement–stress state at the surface and bottom of each layer
through (Haskell, 1964)

um−1(kr) = Pm(kr) · um(kr), (2.10)

where um is a vector of displacement and stress components, and Pm is the propagator
matrix for layer m, whose formulation, evolution and implementation have been pro-
vided by Meehan (2018). The complete system is assembled recursively across all layers,
incorporating source terms and receiver characteristics at the appropriate depths.

Once these solutions are established in the ω–kr domain, the frequency-domain displace-
ment field can again be formulated as a Hankel-type integral (Hudson, 1969). In numerical
computation, the radial-wavenumber integral in this Hankel-type integral is discretized
and truncated appropriately. Quadrature rules are applied to ensure numerical stability
and computational efficiency. Due to the presence of oscillatory integrands and poles near
the real axis (related to surface and guided modes), complex contour integration is em-
ployed, as described by Wang and Herrmann (1980). This deformation into the complex
plane circumvents singularities and enhances the convergence of the integral.

Finally, the frequency-domain solution is inverse-Fourier transformed by using standard
integration techniques to efficiently obtain time-domain waveforms (Brigham, 1988):

u(r, z, t) =
1

2π

∫ ∞

−∞
u(r, z, ω)e−iωt dω. (2.11)

The approach outlined above allows simulation of broadband seismic responses at ar-
bitrary receiver locations in layered elastic media, incorporating full-wave phenomena
including body waves, surface waves, and reverberations.

In this thesis, we assume a lossless medium when calculating seismic waveforms. The
Earth is known to act as a low-pass filter, meaning that high frequencies are affected more
by attenuation (quality factor) than low frequencies (Yilmaz, 2001). Due to the lack of
prior information on the quality factor or a reliable method to calculate it, a perfectly
elastic medium is assumed in waveform modelling. Even though seismic waves suffer
various degrees of anelastic attenuation as they propagate through different subsurface
media, high frequencies are generally more impacted than low frequencies. Hence, such an
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assumption would be valid on waveforms calculated in the low frequency band of interest
, Section 4.5.

2.3.2 Inversion approach

For the inversion part, there are two approaches for optimizing a fit between observed
and synthetic data, namely a statistical and a deterministic one (Sen and Stoffa, 2013).
Statistical techniques use probabilistic frameworks to explore multiple possible subsurface
models and quantify uncertainty (Grana et al., 2022). Methods such as genetic algorithms,
Bayesian inference and Markov chain Monte Carlo (MCMC) consider a range of models
rather than converging to a single solution (Sambridge and Drijkoningen, 1992; Gouveia
and Scales, 1998; Malinverno, 2002). These approaches are particularly useful in cases
with limited data coverage or high uncertainty, as they provide a probabilistic estimate of
the subsurface properties rather than a single deterministic solution (Veeken et al., 2004).
However, statistical techniques are computationally expensive because they require a large
number of forward waveform modelling to adequately sample the solution space (Laloy
et al., 2018, 2019).

Deterministic optimization techniques rely on a gradient to guide adjustments in the
model parameters (Floudas, 2013). For seismic monitoring, velocity and/or impedance
models are estimated from occasionally repeated surveys over the geothermal reservoir.
In this context, deterministic FWI offers a viable tool because it provides an optimal
baseline and monitor models with reasonable computational cost, for example, resources
and time (Lelièvre et al., 2009). The difference between these models should help to track
the occurring changes qualitatively and quantitatively. Statistical FWI gives an ensemble
of models when applied to a data set of each survey, which significantly complicates the
description of reservoir changes. The focus here is on capturing the kinematic and struc-
tural changes between successive surveys with maximum spatial resolution and physical
interpretability. Therefore, we prefer deterministic FWI approaches.

Deterministic approaches such as conjugate-gradient, quasi-Newton, and Gauss-Newton
are local optimizers (Cavazzuti, 2012), therefore require a good starting model. The
conjugate-gradient method improves upon the steepest decent by ensuring that each model
update step is conjugate to the previous step, which prevents erratic fluctuation in the
search space (Shewchuk et al., 1994). Although the conjugate-gradient method is compu-
tationally less intensive, it can suffer from slower convergence compared to Newton-type
methods (Dai et al., 2000; Homeier, 2005). Quasi-Newton methods such as the limited-
memory Broyden-Fletcher-Goldgarb-Shanno (L-BFGS) ensure fast convergence by con-
ditioning the gradient with an approximate Hessian matrix that is computed using past
gradient information instead of computing it directly (Liu and Nocedal, 1989). However,
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neglecting the second-order derivative terms (Pratt et al., 1998). This offers more accu-
rate model updates and better handling of weak nonlinearities at early iterations in FWI
(Dennis Jr and Schnabel, 1996). Ultimately, we deploy the Gauss-Newton method for the
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Zhang, F., Juhlin, C., Ivandic, M., and Lüth, S. (2013). Application of seismic full
waveform inversion to monitor CO2 injection: Modelling and a real data example from
the Ketzin site, Germany. Geophysical Prospecting, 61:284–299.

Zhdanov, M. S. (2009). Geophysical electromagnetic theory and methods, volume 43.
Elsevier.

24



Chapter 3

Feasibility Study of CSEM Method
Monitoring

Tracking temperature changes by measuring the resulting resistivity changes inside low-
enthalpy reservoirs is crucial to avoid early thermal breakthroughs and maintain sustain-
able energy production. The controlled-source electromagnetic method (CSEM) allows
for the estimation of sub-surface resistivity. However, it has not yet been proven that the
CSEM can monitor the subtle resistivity changes typical of low-enthalpy reservoirs. In
this chapter, we present a feasibility study considering the CSEM monitoring of 4–8 Ω·m
resistivity changes in a deep low-enthalpy reservoir model, as part of the Delft University
of Technology (TU Delft) campus geothermal project. We consider the use of a surface-
to-borehole CSEM for the detection of resistivity changes in a simplified model of the
TU Delft campus reservoir. We investigate the sensitivity of CSEM data to disk-shaped
resistivity changes with a radius of 300, 600, 900, or 1200 m at return temperatures equal
to 25, 30, · · · , 50 ◦C. We test the robustness of CSEM monitoring against various unde-
sired effects, such as random noise, survey repeatability errors, and steel-cased wells. The
modelled differences in the electric field suggest that they are sufficient for the successful
CSEM detection of resistivity changes in the low-enthalpy reservoir. The difference in
monitoring data increases when increasing the resistivity change radius from 300 to 1200
m or from 4 to 8 Ω·m. Furthermore, all considered changes lead to differences that would
be detectable in CSEM data impacted by undesired effects. The obtained results indicate
that the CSEM could be a promising geophysical tool for the monitoring of small resis-
tivity changes in low-enthalpy reservoirs, which would be beneficial for geothermal energy
production.

This chapter is published by Eltayieb et al. (2023) under the title Feasibility Study of CSEM Method
for Monitoring Low-Enthalpy Reservoirs. The unit of distance, and layout have been adapted to be
consistent throughout the thesis.
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3.1. Introduction

3.1 Introduction

District heating consumes about half of the energy produced worldwide (Pirouti et al.,
2013; Mazhar et al., 2018). Most of this energy is generated by burning fossil fuels, which
contributes to global warming (European Commission, 2011; Lake et al., 2017). Low-
enthalpy reservoirs provide geothermal energy for heating and cooling, both in residential
and industrial applications (Chandrasekharam and Bundschuh, 2008). Low-enthalpy en-
ergy is renewable energy, which makes it important in the pursuit to mitigate global
warming. Low-enthalpy reservoirs are sub-surface layers of water-filled rocks at tempera-
tures below 150 ◦C (Muffler and Cataldi, 1978; Barbier, 2002; Munoz, 2014). Energy can
be produced from these reservoirs by pumping out hot water, extracting the heat, and
then re-injecting it at lower temperatures (Mart́ın-Gamboa et al., 2015; Olasolo et al.,
2016). The re-injected water spreads around the return well and forms a cold plume
(Kaya et al., 2011), which maintains the volume of the geothermal reservoir but leads to
a long-term temperature decline (Bödvarsson and Tsang, 1982). The cold plume grows
depending on the production rate and, if not managed properly, can result in an early
thermal breakthrough, where the cold plume reaches the producing well. As a result,
energy production may decrease to a level that is no longer profitable (Stefansson, 1997).

Efficient management of production helps to avoid early thermal breakthroughs, which
can be achieved by determining a level of sustainable utilization that can be maintained
for many decades (Axelsson et al., 2003, 2005; Poulsen et al., 2015). For this purpose,
reservoir simulation is typically used to predict the development of the cold plume in
many production scenarios (O’Sullivan et al., 2001). However, uncertainty in the petro-
physical characteristics of the reservoir, such as its porosity and permeability, can lead
to predictions that differ from actual future production (Wang et al., 2021). Therefore,
it is necessary to monitor the cold plume in real-time to calibrate reservoir simulations
and predict energy production more accurately. In this chapter, we focus on monitoring
the cold plume in the low-enthalpy reservoir of the TU Delft campus geothermal project,
which is a well doublet that is under construction (Bruhn et al., 2015).

Geophysical methods, such as seismic and electromagnetic (EM), provide valuable infor-
mation regarding the physical properties of reservoirs for characterization and monitoring.
Seismic methods utilise the elastic structure of the earth (Virieux and Operto, 2009), while
EM methods explore the electrical resistivity (Nabighian, 1988, 1991). At a fixed salinity,
the electrical resistivity of a fluid filling rock pores is inversely proportional to its tem-
perature (Kaya et al., 2011; Schön, 2015). Therefore, the electrical resistivity of the TU
Delft campus reservoir can be expected to increase at a percentage as the temperature
decreases. EM techniques, such as electrical resistivity tomography (ERT), magnetotel-
lurics (MT), and the CSEM, are suitable for mapping resistivity changes as an indicator
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of the cold plume.

The length of the ERT acquisition profile is normally several times the investigated depth
(Balasco et al., 2022). To monitor the deep TU Delft campus reservoir, ERT surveys
require an acquisition profile many kilometres deep, which is not feasible. MT can achieve
a great depth of investigation by measuring the sub-surface response to naturally occurring
EM fields (Chave and Jones, 2012); however, MT measurements suffer from a low signal-
to-noise ratio (SNR) in urban environments (Fraser Smith and Coates, 1978; Egbert,
1997), and may not be able to detect small resistivity changes due to variations in MT
fields (Abdelfettah et al., 2018). The CSEM relies on artificial sources of EM fields to
investigate the electrical resistivity of the sub-surface to a depth of a few kilometres
(Constable and Srnka, 2007; Ziolkowski and Slob, 2019). CSEM fields suffer from less
variation due to the high repeatability of the source fields, and are characterised by high
SNR due to the high source power (Myer et al., 2011). Overall, we purpose CSEM to
monitor the resistivity changes in the TU Delft campus geothermal reservoir.

Several configurations can be used to collect CSEM monitoring data, such as surface-
to-surface, surface-to-borehole, borehole-to-surface, and/or borehole-to-borehole. The
surface-to-surface configuration allows for dense data coverage at relatively low cost. The
target reservoir for the TU Delft campus geothermal reservoir lies at such a depth that
CSEM fields carrying information about the resistivity change will be below the noise
floor when collecting surface-based measurements. Furthermore, deploying the receivers
at the surface makes them susceptible to high levels of both natural and anthropogenic
noise. In surface-to-borehole and borehole-to-surface configurations, electric fields travel
relatively short distances and can be measured with amplitudes above the noise floor.
While the surface-to-borehole configuration is theoretically equivalent to the borehole-to-
surface, practical applications indicate that the surface-to-borehole configuration offers a
relatively higher SNR for two reasons: (1) The ability to achieve large dipole moments
with surface sources, and (2) the borehole receivers are located away from EM noise near
the surface (Colombo and McNeice, 2013, 2018). The borehole-to-borehole CSEM re-
quires a borehole source, has a limited dipole moment, and only provides two-dimensional
(2D) inter-well resistivity information.

In this chapter, we investigate the feasibility of CSEM monitoring for 4–8 Ω·m resis-
tivity changes based on expected temperature differences between 25 and 50 ◦C in the
deep low-enthalpy reservoir model of the TU Delft campus geothermal project. Consid-
ering the reasons mentioned above, we chose to use a surface-to-borehole configuration
to determine time-lapse electric fields (i.e., fields with temporal intervals). Monitoring
this low-enthalpy reservoir is a process that will be carried out over several decades, as
the resistivity change is expected to progress laterally. We explore the potential of the
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CSEM technique to monitor various lateral resistivity changes inside the TU Delft cam-
pus low-enthalpy reservoir. We also test the robustness of the CSEM monitoring of the
reservoir against undesired effects, which can distort CSEM data when scattered by the
reservoir. These effects include multiplicative random noise, survey repeatability errors,
near-surface changes, and the influence of a steel-cased borehole. To date, there has been
no investigation on the impact of the high magnetic permeability and the low electrical
resistivity of a steel casing on surface-to-borehole CSEM data. Thus, we incorporated
the magnetic and electric properties of the steel casing into the model, in order to study
its effect on the vertical electric field. Due to the advantages that composite pipes have
over steel ones during geothermal operations, composite pipes will replace steel pipes in
the near future (Olufemi et al., 2020). To evaluate the effect of the composite casing
on the CSEM response, we changed the properties of the casing from those of steel to
fibreglass-reinforced epoxy. In general, this chapter details a forward modelling frame-
work suggesting the feasibility of the CSEM monitoring of low-enthalpy reservoirs with
distorted time-lapse data.

The remainder of this chapter is structured as follows. In Section 3.2, we give a brief
description of the geological and electrical resistivity models of the TU Delft campus sub-
surface. In Section 3.3, we briefly mention the two CSEM forward-modelling approaches
used in this study. In Section 3.4, we explore useful source locations for the CSEM
monitoring of the TU Delft campus reservoir with preferential acquisition parameters;
namely, the source–receiver setup and the source frequency. In Section 3.5, we assess
the feasibility of using a time-lapse CSEM to track the time-lapse resistivity changes
resulting from different return temperatures. In Section 3.6, we assess the robustness
of CSEM monitoring when undesired effects corrupt the time-lapse signal. In Section
3.7, we discuss the merits and limitations of this feasibility study. In Section 3.8, we
draw conclusions regarding the feasibility of CSEM monitoring the TU Delft campus
low-enthalpy reservoir.

3.2 TU Delft campus geothermal project

The low-enthalpy reservoir of the TU Delft campus geothermal project lies in the West
Netherlands Basin, an inverted rift basin. The stratigraphical setting of the West Nether-
lands Basin down to 3000 m depth and the resistivity of the layers (obtained from logs)
are shown in Figure 3.1 (DeVault and Jeremiah, 2002). The target low-enthalpy reservoir
is the Delft Sandstone Member, located at a depth of 2300 m. The porosity and perme-
ability of the Delft Sandstone member reach 30 % and 1130 mD, respectively (Donselaar
et al., 2015). Temperature logs from exploration wells in the region indicate a gradient of
30 ◦C/km. Therefore, the water temperature of the Delft Sandstone Member is expected
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to be around 75 ◦C. Overall, the Delft Sandstone Member has aquifer qualities suitable
for geothermal energy production.

Figure 3.1: Sub-surface layers under the TU Delft campus and their average depth and
resistivity.

A geothermal doublet is planned to be installed on the campus of TU Delft, in order
to supply heating to the campus buildings. The doublet design, as shown in Figure 3.2,
involves a production well and an injection well that will be drilled vertically next to each
other in the first 800 m. Then, the boreholes deviate from vertical with different dips
and azimuths, until they reach the reservoir with 1500 m separation. After heating the
campus buildings, the discharge water will be injected into the reservoir at a temperature
between 30–50 ◦C, depending on the heat demand (Vardon et al., 2020).

The change in electrical resistivity of a pore-filling fluid with temperature can be deter-
mined from the following equation (Keller and Frischknecht, 1966):

R(T2)
= R(T1)

[1 + a (T2 − T1)] , (3.1)
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where R(T1)
and R(T2)

are the electrical resistivities at a base temperature, T1, and a
monitoring temperature, T2, respectively; and a refers to the temperature coefficient of
resistivity, which has a value of 0.025 ◦C−1 for most brines (Keller and Frischknecht, 1966).
According to Equation (3.1), the electrical resistivity of the TU Delft campus reservoir
will change from 7 Ω·m to 11 Ω·m with a temperature drop from 75 ◦C to 50 ◦C.

Figure 3.2: Doublet well design for TU Delft campus geothermal project. The well
separation at the surface is 10 m. The red and blue arrows refer to the direction of hot
and cold water, respectively.

3.3 Methods

We use two frequency-domain EM (FDEM) forward-modelling approaches to study the
feasibility of CSEM monitoring the TU Delft campus reservoir: (1) A one-dimensional
(1D) reflectivity formulation for a layered model (Hunziker et al., 2015), in order to find
a preferential survey configuration and source frequency at a low computational cost.
This approach is implemented by Werthmüller (2017); (2) a finite-integration technique
to determine the electric field response in a three-dimensional (3D) medium, as coded by
Heagy et al. (2017). We use the latter approach to investigate the source–receiver offsets,
the sensitivity of CSEM data to volumetric and incremental changes, and the impacts of
undesired effects.

To assess the CSEM detectability of the resistivity changes, we define confidence intervals
for the difference between time-lapse electric fields. We treat differences below 1 % as
undetectable, while differences between 1 % and 10 % offer low confidence, those between
10 % and 30 % moderate confidence, and differences greater than 30 % high confidence.
We define these intervals based on the influence of the undesired effects in Section 3.6.
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The difference △E between the electric field of the base state E1 and the monitoring state
E2 is given by

△E =
∥E2 − E1∥

∥E1∥
, (3.2)

where ∥ . . . ∥ refers to the absolute value. We mask the time-lapse electric fields and
difference when the amplitude of E1 or E2 is below the noise floor. The noise floor of
electric field data is frequency-dependent (Mittet and Morten, 2012). In Havsg̊ard et al.
(2011), it was shown that the noise floor decreases with increasing frequency until it
reaches about 4×10−12 V/m for frequencies equal to or greater than 1 Hz. For simplicity,
we set a noise floor of 10−12 V/m for all frequencies.

3.4 Source–injection–borehole offset

We consider the CSEM monitoring of the TU Delft campus reservoir with source offsets
1000, 2000, and 3000 m from the injection well, which has zero offset. The source is an x-
directed electric dipole. We carried out 1D numerical experiments to evaluate the source
frequency and sensitivity of the EM components to the resistivity change. The results
indicate that the vertical electric field is the most sensitive to the changes, and that a
source frequency around 1 Hz offers an adequate depth of propagation and resolving power.
The resistivity change has a disk shape with 300 m radius, centred at the injection well.
The radius of the change is one-fifth the distance between the injector and the producer.
The survey domain was discretized with a uniform grid spacing of 50 m along the polar
and longitudinal axes, while the azimuthal direction was divided into 40 segments of 9 ◦.

Figure 3.3 shows the z-component of the electric field for different source offsets. Changing
the source offset from 1000 to 3000 m did not change the magnitude of the difference;
however, it affected the amplitude of the electric fields reaching the resistivity change and,
subsequently, the ability to monitor the 300 m resistivity change. At an offset of 1000 or
2000 m, the monitoring electric fields can cover the resistivity change and the area around
it. A difference of moderate confidence was observed within and around the location of the
resistivity change. As the time-lapse fields were scattered around the resistivity change,
a difference of low confidence could be determined some distance away. A source offset of
3000 m led to a difference of the back-scattered field in a relatively small area. This limits
the freedom of measurement for the difference of the forward-scattered field, especially in
the case of cold fronts with larger radii. Consequently, we set a source offset in the range
of 1000–2000 m with 1 Hz frequency to acquire vertical electric fields for the monitoring
of resistivity changes in the TU Delft campus reservoir model.
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Figure 3.3: Time-lapse electric field response and difference at different source offsets
(1000, 2000, or 3000 m from (top) to (bottom)). The (left column) shows the electric field
response of the base model, the (middle column) shows that of the monitoring model,
and the (right column) provides their relative difference. The dashed rectangle indicates
the area of resistivity change in the monitor and the difference data. The time lapse data
have been calculated by the 3D finite integration modelling.

3.5 Temperature effects

The CSEM method was able to detect the subtle resistivity changes in the TU Delft
campus reservoir with the preferential acquisition setup, as shown in Figure 3.3. Thus,
the CSEM monitoring of the TU Delft campus reservoir allows for tracking the growth of
the resistivity change over decades. Hence, we checked whether the time−lapse electric
field responses acquired with the surface-to-borehole setup were sensitive to an increased
resistivity change radius. With an expected fluctuation in temperature of the injected
water depending on heat demand, the quantity of the resistivity change will fluctuate as
well; see Equation (3.1). Thus, we considered the monitoring of temperature effects under
different volumes.

Figure 3.4 shows the difference in monitoring fields determined at a zero offset for different
disk radii and magnitudes of the resistivity change. The source had a frequency of 1 Hz
and was located with a 1000 m offset. At a certain return temperature, the difference
in time−lapse fields increases when increasing the radius of the resistivity change; mean-
while, for a certain radius, the difference increases with temperature. Figure 3.4 indicates
that the time-lapse electric fields acquired with the surface-to-borehole configuration are
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sensitive to the growth and magnitude of the resistivity change. Considering these results,
we next tested the robustness of CSEM monitoring in the presence of undesired effects.
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Figure 3.4: Sensitivity of time-lapse electric fields to volumetric and resistivity changes
due to various temperature contrasts. The black dashed lines show the boundaries of the
low-enthalpy reservoir at 2300 and 2500 m.

3.6 Undesired effects

Beside the change in resistivity, there are various effects that also create a difference in
the time-lapse fields. As such, these effects may hinder the CSEM monitoring of the
resistivity change inside the low-enthalpy reservoir. In this section, we study the impact
of undesired effects on the CSEM monitoring of the 300 m radius resistivity change at a
25 ◦C temperature contrast, which gives the lowest difference. If a time-lapse CSEM can
monitor this change in the presence of signal contamination, it will be able to monitor
other scenarios of resistivity change, as detailed in Section 3.5. We consider the following
commonly occurring undesired effects.

3.6.1 Recording noise

Recording noise involves receiver self-noise, natural, and anthropogenic noise. Receiver
self-noise is random noise caused by the sensor thermal noise and the amplifier voltage
noise. Receiver self-noise increases with decreasing source frequency, until it steadies at
frequencies above 10−1 Hz (Mittet and Morten, 2012). Anthropogenic noise is periodic
and/or random (Strack, 1992). Periodic noise is generated by power lines, buried metallic
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cables, grounded electric devices, and so on. Most periodic noise can be heavily attenuated
by applying digital filters to data. Random anthropogenic noise, on the other hand, can be
caused by sources such as the motion of trains or trams on the rail tracks. Random noise
can be diminished by stacking repeated measurements to increase the SNR. Increasing
the source dipole moment also helps to increase the SNR.

To account for the recording noise that may not be removed via processing, we changed
the amplitude of the electric field randomly in the range of ±1 %, as follows:

η = 0.01 [n1ℜ(E) + in2ℑ(E)] , (3.3)

where n1 and n2 are random values between -
√

0.5 and
√

0.5; the two symbols ℜ(E) and
ℑ(E) refer to the real and the imaginary parts of the calculated electric field response,
respectively; and i refers to the imaginary unit. Different random multiplicative noise was
added to the base and monitoring electric fields. The electric fields were determined using
the setup detailed in Section 3.4.

As shown in Figure 3.5, the resistivity change presented a time-lapse difference that was
generally stronger than that of the synthesized recording noise. Random noise in the
base and monitoring electric fields can either add or subtract, leading to the amplification
or cancellation of the noise in the difference. It is better to reduce the random noise in
the data, in order to avoid any possible amplification when calculating the time-lapse
difference. After describing the irregular errors arising from random noise, we analyse the
errors arising from unrepeatable survey factors.
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Figure 3.5: The influence of 1 % recording noise when monitoring the 300 m radius
change. The (left plot) shows the relative difference due to the random noise, while the
(right plot) shows the relative difference between the base and monitoring fields in the
presence of the recording noise. The black dashed rectangle indicates the boundaries of
the resistivity change.
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3.6.2 Survey repeatability errors

Repeatability errors are generated by inexact positioning and/or orientation of the re-
ceivers and the source in time-lapse surveys. In a surface-to-borehole survey, wireline
receivers are installed in a vertical monitoring well. Replacing aged borehole receivers
may change the location of the receivers while their orientation remains fixed. Regard-
ing the surface source, the location, azimuth, and frequency may change. The authors
of Wirianto et al. (2010) added 1 % error relative to the signal amplitude to mimic re-
peatability errors in surface-to-surface surveys. Here, we adopt a different approach to
study the impact of 1 % repeatability errors on a surface-to-borehole CSEM. We changed
the source location, azimuth, and frequency by 10 m, 1 ◦, and 0.01 Hz, respectively, and
arbitrarily changed the position of the receivers by 5 m.

Figure 3.6 shows that the difference resulting from the survey errors was typically in
the range of 1–10 %, and even exceeded 10 % in the 200 m around the zero-crossing.
This high error near the zero-crossing was caused by the source repeatability error, as
the error decreased when moving away from the source. As the source was 700 m from
the edge of the resistivity change, it would still be possible to detect a difference with
moderate confidence due to the resistivity change. This implies that the impact of the
source repeatability error is reduced when the source is at an adequate distance from
the borehole receivers. Next, we examined data errors caused by seasonal near-surface
changes.
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Figure 3.6: Time-lapse monitoring of the TU Delft campus reservoir with errors in the
source and receiver parameters. The (left plot) shows the relative difference due to the
repeatability error, while the (right plot) shows the difference due to the repeatability
error and resistivity change.
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3.6.3 Near-surface temperature change

Near-surface changes are commonly caused by seasonal variations in the temperature
of the soil, which is in contact with the atmosphere. In particular, seasonal variation
in the near-surface temperature alters the time-lapse electric field. In the Netherlands,
the average minimum and maximum temperatures at 1 m depth are 8 ◦C and 17 ◦C,
respectively, while the temperature gradient in the soil is about 4.2 ◦C/m (Jacobs et al.,
2011). The temperature gradient takes a negative value in the summer and a positive
value in the winter. At a depth of 2 m, the soil temperature remains almost the same
through all seasons. To include the effect of seasonal near-surface variation, we increased
the electrical resistivity in the first two meters of the upper layer by 112.5 % (see Equation
(3.1)).

The effect of the near-surface resistivity change, as shown in Figure 3.7, did not reach
the reservoir. The CSEM fields are sensitive to the conductivity–thickness product of
the layers, and the near-surface change occurs over only a slight thickness. Therefore, it
did not produce a large difference in time-lapse fields. More importantly, the near-surface
change has a limited area of influence in the shallow sub-surface and, so, does not interfere
with the monitoring of the low-enthalpy reservoir at depth. After examining the errors
from near-surface changes, we investigated the impact of a steel casing on the electric
field.
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Figure 3.7: Time-lapse monitoring of the TU Delft campus reservoir in the presence
of sub-surface changes. The (left plot) shows the relative difference due to the 9 ◦C
seasonal variation in soil temperature, while the (right plot) shows the difference due to
the seasonal variation and resistivity changes.

3.6.4 Casing effect

As mentioned in Section 3.2, the design of the TU Delft geothermal doublet includes two
deviated steel-cased wells. The impact of the very low electrical resistivity of the steel
casing on the EM field response is significant (Kaufman, 1990; Wu and Habashy, 1994;

36



Chapter 3. Feasibility Study of CSEM Method Monitoring

Swidinsky et al., 2013; Orujov et al., 2022). In Heagy and Oldenburg (2019), it was shown
that it is also important to take into account the high magnetic permeability of the steel
casing when conducting CSEM forward modelling.

Thus, we incorporated the physical properties of a steel-cased vertical well into the TU
Delft campus sub-surface model. The thickness of the casing wall is 2.5 cm and its
diameter is 15 cm. The considered steel has an electrical resistivity and a relative magnetic
permeability equal to 10−6 Ω·m and 100, respectively. The hollow of the casing was
assumed to be filled with a brine of resistivity equal to 5.68 × 10−2 Ω·m. The physical
properties of the casing do not change over time, corresponding to a non-corroded casing.
The model was discretized on a cylindrical mesh. Thus, only the impact of one vertical-
cased well could be modelled.

As shown in Figure 3.8, the modelled steel-cased well severely disturbed the electric field.
The steel casing changed the field response by 30 % or more within 10 m of its vicinity.
The footprint of the steel casing reduced with distance, ranging between 10 and 30 %

within 100 m and less than 10 % further away. Close to the source location, the footprint
of the casing was less than 1 %, except around the zero-crossing. This significant distortion
in the electric field was caused by electric fields induced in the modelled steel medium.
These fields propagate into the surrounding environment to distort the electric fields from
the source. Figure 3.8 also shows that the detectability of the resistivity change decreased
within 10 m around the steel casing, as well as some other areas within 100 m around the
casing. Away from the casing, the resistivity change still created a sufficient difference.
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Figure 3.8: Time-lapse CSEM monitoring of the TU Delft campus reservoir in the
presence of a steel casing. The (left plot) shows the effect of the steel casing on the
electric field response, while the (right plot) shows the effect of the steel casing on the
difference between time-lapse electric fields.

We changed the properties of the casing from steel to fibreglass-reinforced epoxy, which
has resistivity of around 1016 Ω·m and unit magnetic permeability. The effect of the
composite casing on the electric field was limited to the borehole, and is not observable
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in Figure 3.9. Based on the right-hand plots in Figures 3.8 and 3.9, it seems that the
composite casing had no influence on the electric field outside the casing, allowing for
the CSEM monitoring of the geothermal reservoir close to the borehole. The negligible
impact of the composite medium can be attributed to its very high electrical resistivity
and no magnetization, therefore not producing induction fields.
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Figure 3.9: Time-lapse CSEM monitoring of the TU Delft campus reservoir in the
presence of a composite casing. The (left plot) shows the effect of the composite casing
on the electric field response, while the (right plot) shows the effect of the composite
casing on the difference between time-lapse electric fields.

3.7 Discussion

We studied the feasibility of CSEM monitoring of resistivity changes in the TU Delft
campus reservoir, which involves a custom surface-to-borehole setup. This setup requires
the drilling of a monitoring well for the installation of borehole receivers. The forward
modelling results did not identify an optimal location for such a monitoring well. An
optimized experimental design may help to find such a location. When assessing the
location of a monitoring well, the relatively high fluid flow between wells resulting from
energy production should be considered. This high fluid flow would cause a sharp edge
in the changes toward the production well, which should ideally be monitored.

The results of our study show—as can be observed in Figure 3.4—that the CSEM method
is sensitive to resistivity changes inside the TU Delft geothermal reservoir model, regard-
less of their radius or magnitude. However, we found that changes of large radius and
small magnitude provide the same difference as changes of a small radius and large mag-
nitude, which introduces uncertainty into the interpretation of time-lapse CSEM data.
As such, it may be necessary to combine CSEM data with other geophysical data; in par-
ticular, coupling it with sub-surface fluid flow models and local temperature and pressure
measurements in the injection and monitoring wells is necessary to obtain better insights
regarding the changes.
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Undesired effects pose significant challenges for CSEM monitoring. These effects distort
the field response and can make it difficult to detect resistivity changes. While random
recording noise and near-surface changes have a minor impact, survey repeatability errors
lead to more severe effects. Close to the source, repeatability errors may generate a
difference greater than the difference due to the resistivity change. The steel casing also
has a severe impact, heavily damping the vertical electric field in its vicinity. To reduce
the sensitivity of CSEM data to severe undesired effects, the data should be collected
at least 200 m away from the source and 100 m from steel-cased boreholes. Our results
suggest that the CSEM method can provide valuable information about the resistivity
changes inside the TU Delft campus reservoir, despite the presence of undesired effects.

3.8 Conclusions
We demonstrated the feasibility of using the CSEM method to monitor the subtle resistiv-
ity changes inside the TU Delft campus low-enthalpy reservoir model. In this feasibility
study, we determined a survey design—including the survey configuration, source fre-
quency, and source offset—that allows for the CSEM monitoring of the resistivity changes
in the TU Delft campus reservoir with sufficient confidence. The results of the study
indicated that the z-component determined with a surface-to-borehole CSEM is sensi-
tive to resistivity changes of different volumes and contrasts, suggesting its suitability for
monitoring changes in the reservoir due to heat production over decades.

Through this study, we showed that the CSEM monitoring of the TU Delft campus
geothermal reservoir seems possible, even in the presence of undesired effects. Among
these effects, survey repeatability errors had the largest impact on CSEM monitoring.
The effect of the steel casing was negligible 100 m away from it. When we changed
the properties of the casing from steel to composite, we found that the electric field
response was only affected within the casing. Generally speaking, the CSEM method
with a customized acquisition setup can be used to detect small resistivity changes in the
TU Delft campus low-enthalpy reservoir with high confidence, which will not be obscured
by undesired effects.

Overall, the results of this feasibility study demonstrate that the CSEM has high potential
as a viable technology for monitoring and managing low-enthalpy geothermal reservoirs,
such as the TU Delft campus reservoir. The results of our study indicate that time-lapse
CSEM surveys can provide information to make well-informed management decisions, pos-
sibly extending the production lifetime of low-enthalpy reservoirs. The approach followed
in this study can serve as a framework for future CSEM field tests and, when success-
ful, eventually for monitoring campaigns. This also includes monitoring high-enthalpy
geothermal reservoirs.
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Chapter 4

FWI of VSP Data for Munich
Geothermal Reservoir Monitoring

Tracking temperature changes caused by heat production in geothermal reservoirs is cru-
cial to establish effective management strategies and prevent early thermal breakthroughs.
Utilizing variations in the elastic subsurface properties is a practical choice for such an
application. However, the corresponding variations are quite small, and thus require seis-
mic characterization with high resolution. To this end, seismic full waveform inversion
(FWI) is a potentially powerful tool. We parameterized the properties of the subsurface
for acoustic impedance. The FWI for impedances faces challenges in capturing subtle
variations due to crosstalk and trade-offs with other parameters, specifically P-wave ve-
locity (VP). To address this problem, we have developed a novel acoustic FWI algorithm
that is suitable for vertical seismic profiling (VSP) data. We start with a traveltime in-
version for obtaining an initial plane layered VP model, followed by a FWI, in which we
refine the velocities. Before we apply a FWI for acoustic impedance, we perform a phase
resemblance correction, which mitigates the propagation of errors from a VP model into an
impedance model. Inversion experiments with synthetic data validated our approach by
demonstrating its ability to identify impedance variations greater than 1 %, supporting
its applicability to detect realistic variations caused by temperature changes in a low-
enthalpy reservoir. Building on these promising results, we applied the approach to the
baseline VSP data recorded until a depth of 2580 m, lying in a low-enthalpy reservoir
in Munich, Germany. The application to the field VSP data confirmed the robustness
of our approach and improved the seismic characterization at the geothermal site. The
FWI-estimated velocities and impedances reveal a striking contrast at a depth of 2300
m, delineating the boundary between marls and limestone, and the oscillatory nature
of these estimated properties suggest the presence of vertical transverse isotropy (VTI).
This 1D study establishes a foundation for advanced seismic characterization frameworks,
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paving the way for sophisticated FWI of 2D and 3D impedance models, enabling seismic
monitoring of low-enthalpy reservoirs.

4.1 Introduction
Low-enthalpy geothermal reservoirs are a crucial source of green energy for district heat-
ing. These reservoirs consist of permeable rocks saturated with geothermal fluids at
temperatures between 50 and 150 ◦C (Muffler and Cataldi, 1978; Moeck, 2014). Heat
is extracted from these fluids on the surface, after which they are re-injected at lower
temperatures (Randolph and Saar, 2011; Mart́ın-Gamboa et al., 2015). Over time, the
re-injected fluids cool a growing volume of the reservoir at a rate determined by the pro-
duction rate (Bödvarsson and Tsang, 1982; Axelsson et al., 2003; Kaya et al., 2011). When
this cooled volume reaches production wells, the energy output can decline to uneconomic
levels, threatening the sustainability of heat production (Sanyal et al., 1995).

Tracking temperature changes in low-enthalpy reservoirs over time is therefore essential
to optimize production and help economic viability, as well as resource sustainability
(Poulsen et al., 2015). However, direct temperature measurements within the volume of
a geothermal reservoir are generally not feasible (Grant, 2013). Elastic properties are
inversely proportional to temperature, and their variations can serve as an indicator of
heat production (Cammarano et al., 2003). Zhang et al. (2020) showed a linear decrease
in acoustic velocity and density of dry sandstones as a function of temperature. Zou
et al. (2022) studied the effect of temperature on the elastic moduli of dry sandstones,
where increasing the temperature from 20 to 140 ◦C decreased the bulk and the shear
modulus by 3 % and 16 %, respectively. In addition to the rock matrix, the saturating
fluids are also affected by temperature (Batzle and Wang, 1992; Poletto et al., 2018). In
water saturated sandstones, Wang and Nur (1988) indicated a reduction in P- and S-wave
velocities (VP and VS) by 130 and 150 m/s for 100 ◦C increase from room temperature.
Using the ultrasonic wave pulse method, Qi et al. (2021) showed a moderate variation in
the P-wave impedance with temperature in water-saturated carbonate rocks, including
dolomite. Detecting such variations inside low-enthalpy reservoirs requires seismic data
that allow for high resolution over wide inter-well volumes.

Seismic data can be acquired with surface, crosswell, or vertical seismic profiling (VSP)
configurations. Surface data can cover large areas, but often suffer from limited res-
olution and poor signal-to-noise ratio (SNR) at large depths, especially in areas with
complex overburden (Krampe et al., 2021). Crosswell data offer high resolution in the
plane between wells with limited coverage elsewhere, making them unsuitable for studying
interwell volumes (Musil et al., 2003; Ernst et al., 2007). VSP data provide a balance
between covering wide regions of the reservoir and maintaining high resolution with high
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SNR (Reiser et al., 2017). The proximity of receivers to reservoirs reduces attenuation
and scattering effects (Eltayieb et al., 2023), making VSP suitable for characterization
and monitoring.

Here, we focus on the VSP data collected at an urban geothermal site in the city of Munich.
At this site, the low-enthalpy reservoir is composed of carbonate rocks, predominantly
calcite dolomite (Krumbholz et al., 2024). According to Qi et al. (2021), the P-wave
impedance is expected to vary in a measurable way compared to velocity as a result of
heat production. There are mainly three strategies for detecting variations with the VSP
data (Raknes et al., 2013): (1) Inversion of baseline and monitor datasets separately and
subtract the estimated models (Hicks et al., 2016), (2) using the estimated model from the
baseline data as an initial model in the inversion of the monitor data, which should capture
the difference (Routh et al., 2012; Maharramov and Biondi, 2015; Oghenekohwo et al.,
2015; Raknes and Arntsen, 2015), and (3) the double difference strategy that depends
on using the estimated model from the baseline data to invert the difference between the
data from two repeated surveys (Denli and Huang, 2009; Yang et al., 2015). Generally
speaking, all mentioned strategies necessitate estimating a base model (characterization)
of acoustic impedance with high resolution (Asnaashari et al., 2012; Eikrem et al., 2019),
which can be achieved through reconstruction methods.

Traditional reconstruction methods, such as traveltime tomography and reflection imag-
ing, face significant drawbacks in this geothermal application. Traveltime tomography
provides effective velocities over depth intervals based on the arrival time of direct waves
(Schmelzbach et al., 2008), but it neglects information on impedances. Reflection seis-
mic imaging effectively gives subsurface structures based on acoustic impedances (Brodic
et al., 2021). Proper migration is necessary for imaging, which requires data from many
source positions (Verschuur and Berkhout, 2011). In addition to the expensive cost as-
sociated with data acquisition and processing, it has limited resolution at large depths
and inherent ambiguities in interpretation (Zhang et al., 2001). By utilizing all the infor-
mation in recorded seismic data, that is, phases and amplitudes, full waveform inversion
(FWI) can estimate models independently of the acquisition geometry in contrary to the
former approach (Zhou et al., 2015). Therefore, FWI has the potential to invert the VSP
data for high-resolution characterization of the acoustic impedance in the subsurface of
the Munich geothermal site, including the low-enthalpy reservoir.

P-wave impedance is the product of VP and density, ρ, of a medium, describing its resis-
tance to propagation of compressional waves (Kinsler et al., 2000). Hence, the FWI of
the P-wave impedance is associated with that of the VP and the ρ. Simultaneous FWI
of these two acoustic properties causes crosstalk and trade-offs between them (Egorov
et al., 2017). The cross-talk effect occurs when different properties exert a similar influ-
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ence on seismic data, leading to inaccurate model updates (Virieux and Operto, 2009).
In addition, seismic waveforms are inherently more sensitive to velocity contrasts than to
impedance contrasts, which tends to prioritize recovery of VP at the expense of density
(Pan et al., 2018, 2019). Sequential FWI can be a solution to mitigate these issues by
decoupling the inversion processes (Sirgue and Pratt, 2004). However, propagation of
phase errors from estimated acoustic velocity to impedance parameters is still a critical
issue (Kamei and Lumley, 2017).

This study introduces a novel acoustic FWI approach designed for inverting VSP data.
The proposed approach addresses key challenges in estimating a layered P-wave impedance
structure, allowing the detection of subtle variations related to temperature changes in the
low-enthalpy reservoir. This is achieved through an advanced inversion approach based
on Gauss-Newton optimization. The inversion process is sequential, recovering VP prior
to recovering the P-wave impedance. Large velocity contrasts were difficult to recover
and caused errors that propagated to the subsequent inversion. To solve this problem, we
introduce an intermediate step called temporal phase resemblance.

The remainder of this chapter is organized as follows; Section 4.2 describes the Munich
geothermal site, the VSP data acquisition setup, and the key challenges. Section 4.3
details the 1D FWI methodology, including forward modeling and inversion techniques.
Section 4.4 outlines the data preprocessing workflow. Sections 4.5.1 and 4.5.2 validate
the proposed approach with synthetic data and demonstrate its successful application
to field data. Finally, Section 4.6 discusses the merits and limitations of the proposed
FWI approach, and Section 4.7 represents the conclusions on the recovery of the P-
wave impedance for more robust seismic characterization that can be useful for future
monitoring of the Munich geothermal reservoir and low-enthalpy reservoirs in general.

4.2 Munich VSP data

4.2.1 Munich geothermal site

The study area is the Schäftlarnstraße geothermal site in the city of Munich (Pfrang et al.,
2022; Jeßberger et al., 2025), the largest of its kind in Europe (Flechtner et al., 2020).
It produces approximately 50 MWth environmentally friendly district heating for 80,000
households, reducing CO2 emissions by approximately 350,500 metric tons per year. The
low-enthalpy reservoir is the Malm Formation in the Molasse foreland basin (Bachmann
et al., 1987). The Malm Formation is composed of carbonate rocks, i.e. limestones and
dolomites (Meyer and Schmidt-Kaler, 1990). These carbonate rocks are highly permeable
(Hörbrand et al., 2025) although examination of the rock samples in the laboratory show
rather low permeabilities (Bohnsack et al., 2020). The high thermal conductivity and
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the elevated heat flow in the region contribute to a significant geothermal anomaly in
the Malm layer (Agemar et al., 2012; Schölderle et al., 2023). Heat is extracted from
geothermal fluids via three producers at around 100 ◦C. These fluids are then reinjected
at 60 ◦C. Based on the experimental study by Qi et al. (2021) of a similar lithology, a
change of 40 ◦C in the temperature would result in a variation of VP, VS and P-wave
impedance of approximately 1 %, 1 %, and 12 %, respectively.

4.2.2 Acquisition setup

In 2020, a VSP survey was conducted in a production well, Th1. The well is drilled
deviated in the reservoir interval and crosses a fault plane at 2100 m. A seismic vibrator
was deployed at 185.79 m and 24.4 ◦ northeast of the well head, as shown in Fig. 4.1.
The vibrator emitted 12 s sweeps with frequencies in the range of 12-110 Hz. The sweeps
were repeated five times to increase the SNR. The signal was recorded by Sercel slimwave
geophones lowered in Th1, a production well with a deviated trajectory. For these geo-
phones to record signal, the borehole diameter should be between 0.057 and 0.330 m. For
the first 800 m, the diameter of the Th1 well is 0.508 m so the geophones could not couple
to the borehole wall and therefore could not record proper signal. Between 811 to 2580
m, the receivers were placed every 15.2 m.

Figure 4.1: Setup of the VSP survey at the Munich geothermal site. The red star indi-
cates the vibrator location. The curved line represents the geometry of the Th1 borehole,
with different line widths indicating different borehole diameters while the grey segment
indicates production liner. The green planes indicate the upper reservoir boundary. The
discontinuity in the boundary indicates a normal fault.
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4.3 Acoustic FWI approach

4.3.1 Time domain waveform modeling

Prior to inversion, it is required to calculate seismic waveforms propagating in a represen-
tative model of the subsurface, allowing their comparison with observed waveforms. The
lack of data from many source locations limits the ability to reconstruct a two-dimensional
(2D) or three-dimensional (3D) model in the urban geothermal site of Munich with suf-
ficient resolution. Moreover, the VSP data in Fig. 4.6 do not exhibit waves scattered by
geological complexity that demand a 2D or a 3D model. Therefore, we assume that the
geological layers can be well approximated by a plane-layered medium. In this case, seis-
mic wave propagation can be modeled efficiently and accurately using algorithms based
on propagator matrices (Kennett and Kerry, 1979). The model parameters include VP,
ρ, and layer thickness. The solution to these matrices can be analytically obtained in
the frequency–horizontal–wavenumber domain. Here, we use the implementation of this
method by Herrmann (2013) in Computer Programs in Seismology (CPS).

4.3.2 Time domain waveform inversion

FWI is an ill-posed inverse problem (Tarantola, 2005) to find an acceptable model (m)

that minimizes the data residuals contained in the vector δd (Fichtner, 2010),

δd = dobs − dcalc, (4.1)

where dobs are the preprocessed observed data and dcalc are the calculated data. The
residuals and thus the inversion can be evaluated in the time domain or in the frequency
domain. We choose the time domain because it allows: (1) a cost-effective inversion by
fitting a broad range of frequencies at once, and (2) an improved accuracy by directly
linking between different waveform events and the impedance model. The fit between dobs
and dcalc is quantified by the relative data error (ϵd),

ϵd =
||δd||
||dobs||

, (4.2)

where || · · · || refers to the Euclidean norm. To solve the FWI inverse problem, we use the
Levenberg-Marquardt (LM) algorithm with a smoothing term as follows (Menke, 2018):

m(i+1) = mi +

[(
J(i)

)T

J +
(
αS(i)

)2

+ β2LTL
]−1

J(i)δd(i), (4.3)

where i is the iteration number, J is the Jacobian matrix of dimensions N ×M , with N

the number of data points in seismic traces and M the number of layers, the superscript

50



Chapter 4. FWI of VSP Data for Munich Geothermal Reservoir Monitoring

T refers to matrix transpose, S is a diagonal scaling matrix of the damping parameter α,
L is the Laplacian smoothing operator while β is the smoothing parameter. S determines
weights of α for each parameter of m using sensitivities as (Nuber et al., 2015)

S = diag

max
(∑

p J
2
pq

)
∑

p J
2
pq + δ

 , (4.4)

with p = 1, 2, · · · , N , q = 1, 2, · · · ,M , and δ equals 10−6 added to the dominator to ensure
numerical stability. To calculate the sensitivities in J, we use the perturbation approach.
In this approach, each model parameter mq is perturbed by a small amount ∆m(i)

q , then
data (d

(i)
∆mq

) are calculated. The sensitivity is determined by

J (i)
q =

d
(i)
calc − d

(i)
∆mq

∆m(i)
q

. (4.5)

The LM scheme is a local optimization approach, whose performance depends on the
initial model, especially for VP . An initial model near the global minimum helps to avoid
cycle skipping and ensures convergence to an optimal model with quadratic convergence.

This initial model is estimated via traveltime tomography, which relies on fitting calculated
arrival times to picked arrival times. We develop a traveltime tomography algorithm to
determine an initial layered model from VSP data. We use Eq. 4.3 to find a model
that fits the calculated VP arrivals to the picked arrivals. To calculate the arrival times
and the lengths of the ray paths, we use the 3D fast marching method for ray tracing
(Sethian, 1996; Rawlinson and Sambridge, 2005) as coded by Chen et al. (2023). In the
two inversions—traveltime tomography and FWI—the choice of regularization parameters
is crucial. Appropriate regularization, determined with synthetic data by trial and error,
reduces the roughness of the model space without flattening and uplifting the global
minimum.

4.3.3 Estimation of source time function

An integral part of our FWI approach is the accurate estimation of the source time func-
tion (STF). This estimation can be done in the frequency domain by spectral division or in
the time domain by deconvolution or inversion. STF inversion in the time domain strictly
preserves the phase information, which offers the accuracy needed for high-resolution
characterization. We invert the STF in the time domain with the LM algorithm, Eq.
4.3. A reasonable duration of the wavelet should be selected that is not shorter than the
duration of the first arrival. The STF is updated iteratively based on sensitivity kernels,
which are calculated through perturbations, Eq. 4.5.
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4.3.4 Temporal phase resemblance and P-impedance inversion

After FWI of VP, impedance model updates rely on fitting the amplitudes of analogous
phases. However, some phases are not fully matched as shown in Fig. 4.2, because the
residuals are too small to offer velocity updates, or the updates increase the mismatch
and are not accepted. This issue may arise because of excessive regularization, leading to
over-smoothed global minimum or deficient regularization leading to an irregular global
minimum. In general, the cross correlation Rr defined by the following equation would
not have a maximum at zero lag as shown in Fig. 4.3,

Rr[k] =
∞∑

t=−∞

dobs,r[t] dcalc,r[t+ k], (4.6)

where r is the receiver index, t is the time index, and k is the lag. To advance FWI of P
impedance, we propose phase resemblance of seismic waveforms. By achieving coherence
between the observed and modeled waveforms, amplitude fitting will result in accurate
updates of impedance. From Eq. 4.6, we determine the amount of lag (g). To let g going
to zero, the traces can be shifted forward or backward, and zero padding is applied at
the end or the front. Otherwise, a cyclical shift equal to the amount of lag can be used,
which is more convenient for implementation. To achieve the highest possible coherence,
we cyclically shift all the phases on the calculated traces by the lag amount as follows:

d
′

calc,r[t] = dcalc,r[(t− g) mod td], (4.7)

whereby mod ensures circular shifting by constraining values within a fixed range [1, td].
When a value exceeds the total time of a seismic trace, td, it wraps around the beginning,
and when it drops 1, it cycles back to the end. Fig. 4.3 shows the cross correlation before
and after phase resemblance. The last step is the FWI of the P-wave impedance. A
complete workflow of our approach is described in Fig. 4.4.
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Figure 4.2: A comparison between the first arrival waveform of an observed trace (black),
a modeled trace after velocity inversion (dashed red), and the same modeled trace after
temporal phase resemblance (dashed green). A tiny phase lag between the waveforms—
the black and red lines—gives rise to errors in the impedance inversion.

Figure 4.3: Cross-correlation of the observed and the modeled traces in Fig. 4.2 between
-25 and 25 lag units before (red) and after (green) phase correction. The peak of the red
curve is not at zero lag while that of the green curve is at zero lag.
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VSP data

Preprocessing of VSP data (dobs)

Picking arrival times from dobs

Traveltime tomography to estimate initial velocity Vini

Compute impulse responses for Vini
and a homogeneous density ρini

Invert STF in time domain

FWI of V P

Calculate δd, Eq. 4.1

Compute J , Eq. 4.5Update model,
Eq. 4.3

i = 10

Inverted VP

Temporal phase resemblance

FWI of IP

Calculate δd, Eq. 4.1

Compute J , Eq. 4.5Update model,
Eq. 4.3

i = 10

Inverted IP

if

YesNo

if

YesNo

Figure 4.4: Flowchart of the FWI approach, starting from raw VSP data. STF stands
for source time function. The yellow rectangles indicate processes while the green ovals
indicate repeated processes. The number of iterations (i) in each FWI algorithm is arbi-
trary.
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4.4 Preprocessing

We first followed a standard preprocessing workflow for the vertical component of the
seismic vibrator data, as outlined in Table 4.1. The preprocessed data in Fig. 4.5 show
clear transmitted and reflected P waves, multiples, and weak transmitted S waves. Given
the proximity of the vibrator location to the well, a significant amount of seismic energy
was transferred to the borehole fluid, generating tube waves with a velocity of around 1.5
km/s. These tube waves obscure the S waves and some of the reflected P waves.

Various methods have been developed to remove tube waves, differing in complexity and
efficiency depending on seismic data (Hardage, 1981; Hu and McMechan, 1987; Falk et al.,
1996; Herman et al., 2000). We adopted a straightforward and effective approach based
on the separation and subtraction of tube waves. As can be seen in Fig. 4.5, most of the
seismic energy is concentrated in the transmitted P-waves and the reverberations shortly
after. These events occur earlier than the tube waves, which facilitates their separation.
To obtain the tube waves, we applied a mute in the time-distance (t-x ) domain starting at
0.56 s on the first trace and linearly increasing to 1.1 s on the last trace. The tube waves
remain intertwined with other seismic events, including reflected P waves, multiples, and
S waves.

To suppress the tube waves and other sources of noise, i.e. random and liner noise, we
transformed the muted data to the frequency-wavenumber (f-kz) domain, where they were
dispersed across a broad spectrum of frequencies and wavenumbers. More importantly,
the remaining body waves were separated and restricted to a small area. By masking
this confined body waves energy, we got an estimate of the tube waves and noise. Given
that seismic traces are the sum of different signals, unwanted tube waves and noise were
removed by a simple subtraction from the f-kz transform of the preprocessed data in Fig.
4.5. Finally, the data were transformed back into the (t-x ) domain, as shown in Fig. 4.6.
Direct S waves are now traceable at the depths where they were previously masked by
the tube waves, and the noise from the production liner between 2340 and 2410 m has
been significantly reduced. The random noise on the 1520 m trace has also been heavily
attenuated. Importantly, the P-wave amplitudes are preserved after this preprocessing
step, ensuring the integrity of the data.

The preprocessing steps described above have prepared the field VSP data for FWI by
increasing the SNR, having amplitudes of vertical component. The tube waves cannot be
exactly modeled and they will be a source of noise impacting the SNR of the VSP data
if not removed. In the next section, we will describe the methodology for inverting the
preprocessed data, focusing on leveraging the entire waveform in seismic data to extract
detailed P-wave velocity and impedance models.
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Processing step Benefit

Stacking data from multi-
ple sweeps

Increases SNR

Correlation with vibrator
sweep

Enhances temporal resolution
and increases SNR

Correction for geophone
azimuth and inclination

Gives purely vertical particle
velocity

Filtering out tube waves Increases SNR and revealing
subsurface seismic events

Table 4.1: Preprocessing steps of the vertical component of the Munich VSP data. The
first three steps are standard. The proximity of the source to the well gives rise to tube
waves, which necessitates the fourth step.

Figure 4.5: Vertical component of the Munich VSP data after the first three prepro-
cessing steps in Tab. 4.1. In order to better visualize the later arrivals, a time-dependent
linear gain function has been applied to this data and all following data. Reverberations
(multiples) are noticed shortly after the direct arrival. They were generated in the 800 m
where data are absent. A strong reflection is created at 2250 m, below which the direct P
wave is weaker and wider due to the absence of high frequencies. The S waves are mostly
covered or hidden by stronger tube waves. Noise at 2300 m is due to the well completion.
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Figure 4.6: Vertical component of the Munich VSP data after tube waves removal. The
S waves can be tracked from 1100 m downwards. Noise at 2300 m is significantly reduced.

4.5 FWI results

4.5.1 Approach validation - synthetic data

In this section, we validate our approach by inverting elastic synthetic data with the same
source-receiver geometry as the field data. To generate such data, VP and VS models
are determined from the sonic logs by smoothing with a 201 points Gaussian filter and
correcting for dispersion. Fig. 4.9 shows the resulting VP profile. The ρmodel is calculated
using Gardner’s relationship for sedimentary rocks, i.e. ρ = 0.31V 0.25

P (Gardner et al.,
1974). To produce synthetic waveforms, impulse responses are generated with a sampling
interval (dt) and a number of samples (Ns) equal to 0.004 s and 512, respectively. The
impulse responses are then convolved with a Klauder wavelet. This Klauder wavelet K(t)

has a frequency range similar to the field data, 10 to 80 Hz, and is given by Geldart and
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Sheriff (2004),

K(t) = real

[
sin(πt∆f (td − t)

πt∆f
e2πitf0

]
, (4.8)

where t denotes time, ∆f equals 35 Hz and defines the rate of change of frequencies with
the duration (td), which is equal to 2 s. f0 is the frequency average and equals 45 Hz. We
bandpass-filter the synthetic data between frequencies of 10 and 35 Hz to get the data
shown in Fig. 4.7.

Acoustic FWI of elastic synthetic data

For an initial model, we use traveltime tomography of the arrival times calculated for the
true model. This inversion starts with a homogeneous average velocity of 2.9 km/s below
800 m, while above is set to the true model, Fig. 4.9. The regularization parameters α
and β equal 0.05 and 0.5, respectively. After 50 iterations, the inverted VP profile, see Fig.
4.9, reduces the arrival-time error ϵd from 0.13 to 0.0005. Although a high data fit was
achieved, the tomographic model shows small contrast between layers. After estimating
the STF from the filtered synthetic data, initial full-waveform data are modeled for the
tomography VP profile with a homogeneous ρ of 2400 kg/m3 as shown in Fig. 4.7.

We investigate the performance of the FWI algorithm in retrieving VP from the elastic
data in Fig. 4.7 using acoustic modeling. We set α and β values both to 10−3. The
perturbation amount ∆mq is 10−4 and does not change with iterations. We tested values
ranging from 10−6 to 10−1 and noted that small values led to low sensitivities and minimal
updates, whereas large values caused large updates and cycle skips. Fig. 4.8 shows the
calculated data for the final model obtained from FWI, with all the reflections recovered.
The quantity ϵd decreased from 0.173 to 0.138 by the first iteration and stayed around
0.137 from the fourth to the tenth iteration. This convergence behavior indicates the
nearly linear behavior of the inverse problem; moreover, the inverted model is close to
a global minimum. Fig. 4.9 shows a comparison between the true, initial, and inverted
models. Moderate model errors are in the depth interval 2300 to 2500 m, where the
velocity contrast with the top layer is more than 2 km/s resulting in strong reflections and
weaker transmissions. In addition, this interval has the deepest receivers with normally
the lowest amplitudes.
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(a) (b) (c)

Figure 4.7: Vertical component of the elastic synthetic/true data after applying a band-
pass filter from 10 to 35 Hz (a), initial data (b) and their difference (c). In the true data,
there are several P reflections. Strong reflections appear at 2200 m despite the decrease
in reflections strength with depth. The initial data does not have all reflections. Because
of the selected length of the time window to estimate the STF, a slight difference is en-
countered before the direct arrival.

(a) (b) (c)

Figure 4.8: The true data in Fig. 4.7 (a), inverted/calculated data (b) and their differ-
ence (c). The calculated data exhibits P reflections, which reduces the difference of these
events with the true data. The difference of the direct P-waves has also been reduced. In
general, phase errors occur regardless of the significant model fit.
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Figure 4.9: The true, initial, and inverted VP models from elastic and acoustic synthetic
data. In the shallow 800 m, the model is kept fixed because there are no receivers. The
initial model shows a low resolution to the inverted models. The FWI of both elastic and
acoustic true data achieves a superior fit to the true model.

In a regular sequential approach, the FWI of P-wave impedance is performed directly
after VP. To calculate the sensitivities, VP is perturbed by 10−4 and ρ by 10−2. The
larger perturbation of density is required to balance the higher sensitivity of seismic data
to velocity. We adjust α and β to 1 and 10, respectively. We show in Fig. 4.11 that
following such an approach can give mixed results, depending on the errors from the
former inversion. Above the reservoir, the velocity is estimated with slight errors, which
is the same as for the impedance. The high velocities of the reservoir, 4.7-5.5 km/s, were
difficult to estimate accurately, Fig. 4.9. For both the elastic and the acoustic true data,
the total error in the estimation of the P-wave impedance in the area representing the
reservoir is approximately 6.50 % and can be greater than 12 % in a few layers. Such
errors values are above the tolerance level that is required in real-world applications,
emphasizing the need for more advanced FWI approaches.

We apply temporal phase resemblance to eliminate the effects of small phase-shift errors.
The data misfit ϵd is reduced by 0.42 % with the first iteration and by 0.44 % with further
iterations. Regardless of this small percentage, the calculated data in Fig. 4.10 fit visibly
better. The resulting P-impedance model from acoustic FWI of elastic true data is in Fig.
4.12, which shows 98.8 % fit with the true model. The most significant improvement is
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between 1500 and 2600 m depth, especially in the reservoir area. Crucially, the inverted
model is not affected by the fixed values in the shallow 800 m, which are higher than the
true values. The robust estimation of the STF helps to cancel the errors due to these
fixed values.

(a) (b) (c)

Figure 4.10: The true data in Fig. 4.7 (a), the calculated data after acoustic FWI
(b) and their difference (c). The difference of the direct P-arrival is negligible. Deep
reflections also show smaller difference compared to Fig. 4.8.

Acoustic FWI of acoustic synthetic data

We also investigate FWI of VP from acoustic true data to see how the resulting model
compares to that of the previous inversion. In this case, ϵd decreases from 0.115 to 0.039
in one iteration, then stays around 0.022 after the third iteration. FWI with acoustic
synthetics achieves 1.97 % higher data fit than that with elastic synthetics. This is
expected because acoustic inversions of acoustic data do not suffer from the P-to-S mode
conversions present in the elastic data. Still, the model fit in the two cases is more or less
the same as demonstrated in Fig. 4.9. Hence, the acoustic approximation is appropriate
for FWI of VP, significantly saving computation time. Next, we examine the validity of
the acoustic approximation for FWI of P impedance.
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Figure 4.11: The true, initial, and inverted impedance models without applying phase
resemblance. In the shallow 800 m, the model is kept fixed due to missing data and the
impedance is put higher than the actual one because the initial ρ is 2400 kg/m3. The
inverted values within the reservoir are largely in mismatch with the true values.

Continuing with acoustic true synthetics, we use the temporal phase resemblance approach
to eliminate the further effect of small phase-shift errors, which reduces ϵd to 0.02. The
FWI of acoustic impedance further reduces the data misfit to 0.015. A reduction in the
data misfit by 0.005, Fig. 4.10, improved the model by 4 %, as seen in Fig. 4.12. The
most significant model improvement is also between 1500 and 2600 m deep. A comparison
of the inverted models in Fig. 4.12 shows that our approach to the impedance FWI is
independent of the nature of the true data. Thus, acoustic FWI of P impedance from
elastic true data is a valid assumption.
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Figure 4.12: The true, initial, and inverted impedance models. In the shallow 800 m,
the model is kept fixed due to missing data and the impedance is put higher than the
actual one because the initial ρ is 2400 kg/m3. The initial model is close to the true
model from 800 to 1500 m deep and relatively far from the true model below 1500 m.
The inverted impedance model has a greater fit to the true model.

4.5.2 Field data application

As demonstrated in Section 4.5.1, the influence of VS on the estimation of acoustic
impedance using FWI is negligible. Thus, we consider S waves in the Munich VSP (field)
data to be undesired noise because (1) they have relatively low sensitivity to temperature
changes, (2) their direct arrival has low amplitudes—intricate recovery of a high-resolution
VS model via FWI, and (3) using simplified VS models, for example from traveltime to-
mography, will not fit P-to-S modes, and in turn the residuals and the gradients will be
erroneous for the FWI of acoustic impedance. When it comes to the short-time multiples,
they start appearing some 0.1 s with large amplitudes after the transmitted P wave, Fig.
4.6. Although these multiples carry some information on the shallow, 800 m, subsurface,
relying solely on them would not provide a robust model estimation. Moreover, they
interfere with the reflections, limiting the value of these latter events as a source of in-
formation for FWI. To remove the S waves and the multiples, we filter out their distinct
energy patterns in the f-kz domain, as shown in Fig. 4.14.

Building on the promising results from the inversion experiments with synthetic data,
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we applied the methodology to the VSP data collected at the Munich geothermal site.
The band-pass filtered data in the frequency range 10 to 35 Hz are shown in Fig. 4.14.
We choose the lowest possible frequency range because the attenuation effect is relatively
minimal, and so we can assume a lossless medium. Reflections starting from depths that
are not covered by the receivers array are removed. As a starting model, traveltime
tomography uses picked arrival times to estimate the velocity between 800 and 2600 m
deep. the shallow part is fixed to a velocity increasing downwards during the tomography.
The initial VP in Fig. 4.17 is achieved with 50 iterations and reducing ϵd to 0.004.

For the VP FWI, a homogeneous ρ of 2400 kg/m3 is assumed. Computed impulse responses
are used to estimate the STF in Fig. 4.13. As shown in the middle of Fig. 4.14, the initial
waveform data do not have any of the reflections as observable in the field data (left of
Fig. 4.14). Moreover, the waveform differences in the direct arrivals exhibit systematic
patterns, indicating poor data fit. During the FWI process, ϵd is minimized from 0.217 to
0.0983 within 5 iterations, as shown in Fig. 4.15. The calculated data with the inverted
model fit the field data well and have most of the reflections present. Reflections from the
geothermal reservoir change paths—suddenly bend—as they travel upwards. This might
be due to subsurface heterogeneity that cannot be resolved by a stratified model. The
recovered reflections are generated by velocity contrasts in the inverted model, Fig. 4.17.
In the depth range 800 and 2000 m, the velocity contrast increases with depth from 0.5
to 1 km/s, however, the reflectivity decreases. Interestingly, all these reflections down to
the top of the geothermal reservoir are recovered, thereby indicating the high resolution.

Accurate estimation of impedance from the field data should give more insights into the
Munich geothermal site. As shown in Fig. 4.16, there are several waveforms that have
not been fitted completely. Temporal phase resemblance further reduces ϵd to 0.0875—1
% better fit of the data by reducing phase errors. This percentage is larger than the
influence of impedance on seismic data as expected from the results in section 4.5.1. This
FWI begins with the starting model in Fig. 4.19. After the first iteration, ϵd decreases
to 0.0864 and stays around this value for subsequent iterations. The actual value of ϵd
is difficult to calculate because of the numerical noise (i.e. multiples) that increases by
updating the impedance. A small reduction in ϵd is in line with the synthetic experiments.
In addition, the difference between the initial data and the data calculated for the final
model is about 1.5 %. The impedance is updated by temporal phase resemblance of 4
% as shown in Fig. 4.19. The largest updates are observed within the reservoir. The
impedance structure is mostly in agreement with the velocity structure, thereby building
confidence in the estimated properties. Within the reservoir, impedances show clearer
layering than velocities.
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Figure 4.13: The inverted STF from the field VSP data. The wavelet does not have
zero lag because of the attenuation of high frequencies.

(a) (b) (c)

Figure 4.14: Comparison between field data and initial data with VP from traveltime
tomography. The preprocessed field data after applying a 10–35 Hz Butterworth filter (a),
initial waveform data after traveltime VP inversion (b) and their difference (c). The filter,
which passes frequencies in the range of 10 to 35 Hz, has an order of 4 to lessen Gibb’s
phenomenon (Pinsky, 2023). A strong reflection appears at 2200 m. Latter reflections
appear weaker and split with time as pointed in some places by the black arrows. The
initial data do not have reflections.
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Figure 4.15: The behavior of ϵd with iterations during FWI of VP (blue line) and P-
impedance (red line). The blue line needs five iteration to become flat—indicating non
linearity of VP inversion. The red line becomes almost flat after the first iteration—
indicating linear P-impedance inversion.

(a) (b) (c)

Figure 4.16: Data comparison after VP FWI. The preprocessed field data after applying
10–35 Hz Butterworth filter (a), calculated data with inverted VP (b) and their difference
(c). The calculated data show most of the reflections in addition to some multiples. The
difference has no distinct pattern on the direct arrival and the majority of reflections,
proving adequate fit.
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Figure 4.17: The initial and full-waveform-inverted VP models, where the shallow 800 m
is identical. The initial velocity develops smoothly as a function of depth, indicating low
resolution. The inverted model has many velocity contrasts and has significantly large
velocities in the reservoir area, typical of carbonate rocks.

(a) (b) (c)

Figure 4.18: Data comparison after impedance FWI. The preprocessed field data after
applying 10–35 Hz Butterworth filter (a), calculated data with inverted impedance (b),
and the difference (c). The calculated data show many exacerbated multiples. The
differences are small on the location of the direct arrival and some reflections.
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Figure 4.19: The initial, and inverted acoustic impedance models. In the shallow 800
m, the model is identical. Impedance is updated at different depths, the most significant
in the area around 2000 m and within the reservoir.

4.6 Discussion

The application of our FWI approach to the Munich VSP data provided more information
on the subsurface velocity and impedance structures. Updating the initial model result-
ing from traveltime tomography achieved 55 % improvement in data fit within just a few
iterations. Deep reflections from the reservoir were not all recovered due to their complex
wavefront trajectory, suggesting the presence of heterogeneities that are not resolvable
with a layered model. All other reflections in the overburden were accurately captured
with a layered VP model. A decrease in velocity between 2000 and 2300 m is probably
linked the lithology alteration from sandstones to marls. This is followed by a 2 km/s
velocity contrast, marking the transition into the carbonate Lithothamnium Kalk forma-
tion, which was not recovered by traveltime tomography. The Purbeck-Malm reservoir
starts at a depth of around 2420 m and only the uppermost 160 m section is covered
by the data, where there is generally an increase in average velocity from around 4.5 to
6.5 km/s. This general trend is intercalated by velocity deviations of approximately 0.5
km/s. However, it is difficult to predict the productive zones from the seismic data alone,
as significant diagenesis occurred. Because the sonic logs within the reservoir have poor
data quality, the velocity could not be correlated with the porosity data.

68



Chapter 4. FWI of VSP Data for Munich Geothermal Reservoir Monitoring

The impedance model further improved the seismic characterization at the Munich geother-
mal site. The impedances, Fig. 4.19, have a clear correspondence with the velocities, Fig.
4.17. The use of temporal phase resemblance was very important in cancelling the phase
errors, which are greater than 1 %, and if not corrected, a meaningful impedance model of
the Munich geothermal site would not have been estimated. The faster convergence of the
impedance FWI is attributed to the linearity of the inverse problem; see Fig. 4.15. The
recovered impedance provided additional details, particularly within the reservoir zone,
where the values below 14 ×106 kg/s·m2 are typical of permeable and saturated carbonate
rocks. Higher impedance values are coinciding with higher velocities, further referring to
compact rocks. This further emphasized the reliability of the FWI approach in character-
izing the subsurface in the context of seismic monitoring of low-enthalpy reservoirs. The
effectiveness of this approach should be further examined when multi-offset-VSP data is
used in conjunction with 2D and 3D heterogeneous media to allow tracking volumetric
changes of temperature over time.

This study aimed at demonstrating the effectiveness of our sequential FWI approach in
retrieving layered impedance models from field VSP data. The inversion experiments
based on synthetic data were used for validation. In these experiments, the true model
had more than 2.5 km/s contrast between the deepest 300 m and the overburden, as
well as 1 km/s fluctuations within the deepest area itself, posing significant challenges
for velocity recovery. In the final inverted model, the values in the deepest part m are
either overestimated or underestimated by 0.2 km/s (3.4 %) on average, probably due to
several factors: (1) the initial mass density (ρ) is lower than its actual values, resulting in
matching uncorrelated phases, (2) low sensitivity due to low amplitudes of the waveforms,
and (3) limited data constraints with a smaller number of direct arrivals in that area.
Jointly inverting velocity and impedance could potentially tackle the first issue. At the
same time, it may also amplify errors if impedance is updated with already uncorrelated
waveforms.

These errors in the inverted VP profile are significant and will prevent the capture of a 1
% velocity change. Fig. 4.20 shows the base and monitor states, as well as their inverted
models. The inverted VP has 3.8 % disagreement with the true monitor model. More
importantly, the difference between the inverted models for the two states does not also
give the variation. On other hand, the variation in impedance is larger, making it more
relevant to geothermal applications. Our FWI approach does not rely on estimating rela-
tive impedances, rather on absolute ones, which abolishes the necessity for incorporating
S-wave information as in approaches that depend on the Zoeppritz equations (Shuey,
1985; Wang, 1999). However, it was not clear whether an error in impedance at a certain
depth that is not related to cross-talk or trade-off would affect deeper impedance.
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Figure 4.20: A comparison between the base and the monitor velocity state as well
as their inverted models. The inverted models, especially for the monitor case, have a
large errors from the true models. This errors vary among layers, moreover, they are not
correlated between the inverted models.

The data acquisition setup does not have constraints in the upper 800 m, where fixed
impedance values were assumed. A robust STF estimation helped cancel the shortcomings
associated with such an assumption and preventing deviation from the actual values, as
shown in Fig. 4.12. In the synthetic experiments, we characterize the impedance in the
layers representing the geothermal reservoir—last 240 m—with an error less than 1 %.
Assuming a monitor state where impedance increases by 12 % in the last 240 m, we can
still detect the variation as shown in Fig. 4.21. The difference between the inverted
base and monitor states is 12.3 % and has slightly less than 2 % disagreement with the
actual difference. These findings highlight the potential of FWI to detect and quantify
impedance variations, which would give the amount of temperature change.

Figure 4.21: A comparison between the base and the monitor impedance state as well as
their inverted models. The inverted models have a minor divergence from the true models.
This divergence varies among layers within a model, however, it is mostly correlated
between the inverted models.
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Overall, our study highlighted the potential of sequential FWI combined with phase re-
semblance in the delivery of high-quality acoustic impedance models. The successful
inversion of the observed synthetic and field data confirms the robustness of the method
and its applicability to complex subsurface structures such as those found at the Mu-
nich geothermal site. The ability to extract accurate velocity and impedance profiles has
significant implications for understanding geothermal reservoirs, which can provide key
information for heat production.

4.7 Conclusions
We have successfully developed a sequential FWI approach combined with temporal phase
resemblance to retrieve layered impedance models of the Munich geothermal site. The
numerical experiments with the same survey setup (i.e., only a single source location
was deployed) proved that our approach can achieve approximately 99 % accuracy in
estimating the acoustic impedance. The acoustic impedance was better resolved than the
velocity, making it more relevant seismic property for the monitoring of geothermal energy
production. The deployment of initial models from traveltime tomography ensures the
convergence of FWI to optimal VP models, even in the presence of substantial contrasts.
Thus, the computational time of FWI is significantly reduced. Acoustic FWI is applicable
to elastic VSP data, when the goal is to recover acoustic properties. Thus, the efficiency
of our FWI approach is high and suitable for real-world applications in retrieving complex
2D or 3D models with multiple source locations.

The FWI of the VSP data provided more details than traveltime tomography, proving
its value in high-resolution seismic characterization of the Munich geothermal site. The
assumption of a 1D model is valid for the overburden of the Munich geothermal reser-
voir. Consequently, future monitoring can be target-oriented with a stratified overbur-
den. Our method holds significant potential and warrants further research to incorporate
multi-offset data to offer more detailed models (2D or 3D heterogeneous structure) of
low-enthalpy reservoirs, needed for optimizing geothermal heat production and further
supporting the energy transition.
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Jeßberger, J., Uhrmann, H., Schölderle, F., Pfrang, D., Heberle, F., Zosseder, K., and
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Chapter 5

FWI of DAS Versus Geophone Data for
Vertical Seismic Profiling

Seismic characterization of geothermal reservoirs at high resolution helps to study the
dynamics associated with heat production, necessary to mitigate premature thermal de-
pletion and monitor possible induced seismicity. To this end, the full waveform inversion
(FWI) of vertical seismic profiling (VSP) data offers a viable approach to achieve such
a resolution. Emerging distributed acoustic sensing (DAS) technology enables VSP ac-
quisition with significantly higher spatial sampling compared to conventional geophones.
DAS VSP data were acquired using an optical fibre cable deployed inside a deep deviated
well at a geothermal site in Munich, Germany. The recordings exhibit a low signal-to-
noise ratio (SNR), which poses substantial challenges for FWI. Here, we evaluate the
application of FWI with models that only show variations in the vertical direction, i.e.,
plane-layered media. FWI is applied to these DAS data using various inversion schemes,
including one based on full records (with a length of 2 s) and another focused solely on
(windowed) direct arrivals. The resulting P-wave velocity models are compared with those
derived from a geophone-based VSP in a nearby well and co-located sonic logs. While the
FWI of the full-record signal yields improved resolution over traveltime tomography, the
most accurate results were obtained using windowed direct arrivals constrained by spa-
tially adjacent channels. These findings highlight both the potential and limitations of
in-casing-deployed DAS for high-resolution FWI and underscore the importance of devel-
oping new acquisition and processing strategies for geothermal reservoir characterization.

5.1 Introduction

High-resolution subsurface characterization is essential for various applications, particu-
larly geothermal energy production (Lucia et al., 2003; Ma et al., 2021; Junker et al.,
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2025). Sustainable development of geothermal resources requires a comprehensive knowl-
edge of the reservoir, including the spatial distribution of thermal capacity, structural
controls, and hydrogeological properties (Rybach, 2003; Grant and Bixley, 2011; Huenges
and Ledru, 2011). In addition, evaluating the reservoir integrity is critical to mitigate
operational risks such as induced seismicity (Simiyu, 2000; Webster et al., 2013). Seismic
data provide essential information on subsurface structures, petrophysical properties, and
fluid pathways (Molenaar et al., 2012; Staněk et al., 2022), making them instrumental in
helping to optimize geothermal production with a reduced risk (Ali and Jakobsen, 2011;
Lüschen et al., 2014; Bredesen et al., 2020; Yasin et al., 2023).

Seismic surveys may be conducted using surface, cross-well, or vertical seismic profiling
(VSP) configurations (Verschuur and Neumann, 1999; Söding et al., 2024; Hardage, 1985).
Although surface data cover large areas, their resolution decreases at large depths, espe-
cially in complex geological settings, due to the attenuation of high frequencies (Berkhout
and Verschuur, 2008; Davydenko and Verschuur, 2017). Cross-well measurements capture
high-frequency signals by placing sources and receivers inside the well, but their spatial
coverage is limited to two-dimensional (2D) planes (Ernst et al., 2007; Raji et al., 2017),
leaving substantial reservoir volumes unresolved (Daley et al., 2010). VSP methods offer a
balance by combining surface sources with borehole receivers to achieve higher resolution
at larger depths, while maintaining sufficient spatial coverage (Reiser et al., 2017, 2020;
Kasahara et al., 2024). This makes VSP especially well suited for geothermal applications.

Full Waveform Inversion (FWI) of VSP data has emerged as a powerful tool for estimating
high-resolution seismic velocity models (Virieux et al., 2017; Warner et al., 2013). Con-
ventionally, VSP acquisition is based on geophones attached to wireline tools deployed at
multiple depth intervals (Balch et al., 1982; Hardage, 1985). For each depth interval, a
seismic source is activated several times at the surface (Yilmaz, 2001; Hartog et al., 2014).
To cover an entire well, the source may have to be activated a few hundred times.

The recent advent of distributed acoustic sensing (DAS) with fibre-optic cables has opened
up new possibilities for seismic data acquisition in deep and/or slanted wells (Parker et al.,
2014; Fernández-Ruiz et al., 2020; Jousset et al., 2022; Mateeva et al., 2014; Willis et al.,
2016a; Mad Zahir et al., 2023). Using coherent backscattered signals, DAS records the
strain rates along overlapping fibre segments, functioning as an array of virtual sensors
activated concurrently (Lindsey et al., 2020; Paitz et al., 2021). Thus, it offers several
benefits over conventional velocity sensors, including single-pass deployment (Fang et al.,
2012; Zhan, 2020; Udd and Spillman Jr, 2024; Barrias et al., 2016) and dense spatial data
sampling along the wellbore (Mateeva et al., 2014; Willis et al., 2016a; Mad Zahir et al.,
2023).

Despite these advantages, the quality of DAS data is highly dependent on the cable
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installation method. There are two main ways of deployment: (1) cementing the fibre
behind the casing (Al Shoaibi et al., 2022), which ensures good coupling and a high
signal-to-noise ratio (SNR) suitable for FWI (Willis et al., 2016b; Qu et al., 2024); and
(2) deploying the cable inside the casing (Martuganova et al., 2022; Schölderle et al.,
2021), which is more common in deviated or existing wells, but this often results in
variable coupling and poor data quality (Lipus et al., 2021; Henninges et al., 2021; Ge
et al., 2025). Martuganova et al. (2021) showed that DAS data, recorded inside the well
at a geothermal site, had mild resonances, which could be removed by filtering.

This study focuses on DAS VSP data acquired with a fibre-optic cable installed inside a
3000 m deep deviated well in an urban geothermal site in Munich, Germany. The cable
was deployed using sucker rods, which introduces uncertainty due to rod buckling and
imprecise channel positioning. In addition, poor coupling led to strong noise contamina-
tion, e.g. resonances and tube waves, especially after the first arrivals. These issues pose
significant challenges for a successful application of FWI.

In this chapter, we present a plane-layered-model FWI scheme tailored with respect to
the features of this DAS dataset. The inversion employs Gauss–Newton optimization and
computes synthetic strain rates to match the DAS measurements. First, we evaluate the
performance of FWI using a full 2-seconds record length to recover a P-wave velocity
(VP) model to fit layer reflections. We then investigate the advantages of isolating direct
arrivals and incorporating information from densely sampled adjacent channels. The re-
sulting models are validated against sonic logs and velocity estimates from a conventional
geophone-based VSP acquired in a nearby well.

5.2 Munich data setup

5.2.1 Munich geothermal site

The study area is an urban geothermal site in Munich, located within the North Alpine
Foreland Basin (Pfiffner, 1986; Barnolas et al., 2019). This basin contains sedimen-
tary deposits from the Quaternary and Tertiary periods (Kuhlemann and Kempf, 2002).
The combined effects of sedimentation, tectonic deformation, and glacial activity have
produced a complex structural setting with faulting and folding (Crampton and Allen,
1995; Schlunegger and Kissling, 2024). A moderate geothermal gradient of approximately
30 ◦C/km yields subsurface temperatures around 100 ◦C at a depth of 2.5 km (Przy-
bycin et al., 2017), forming favorable conditions for geothermal heat extraction (Moeck
et al., 2019). Although the region is seismically active due to the ongoing stress transfer
between the Alps and the foreland basin, seismicity remains low in magnitude (Kastrup
et al., 2004, 2007).
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5.2.2 Munich VSP survey

A VSP survey was conducted at the Munich geothermal site in April 2020. Four Sercel’s
Slimwave® geophones were deployed using a wireline system in the production well Th1
(see Fig. 5.1), which allowed covering depth intervals of 60.8 m with 15.2 m receiver
spacing. These geophones can only be lowered when the deviation is less than 60 ◦. Thus,
the maximum depth at which they were deployed in Th1 was 2584 m. Furthermore, they
could not record subsurface signals at depths above 800 m because the well diameter
of 0.508 m is larger than the maximum threshold for the geophones to ensure a good
coupling, which is 0.330 m for this system.

In parallel, a fibre-optic cable attached to sucker rods has already been pushed into the
production well Th4 (see Fig. 5.1). It must be assumed that there was variable buckling
of the rods, leading to uncertainty about the exact geometry of the cable inside the
casing. However, this cable had a length of 3744 m, which should allow recording along
the entire Th4 well. This installation setup relied on gravitational force for coupling with
the borehole wall. Given the Th4 well design (diameter and deviation), the cable had
sufficient coupling at depths below 800 m.

A seismic vibrator was placed 185.79 m away from the Th1 well head at an azimuth of
24.4 ◦, as shown in Fig. 5.1. It injected sweeps into the ground with frequencies ranging
from 12 to 110 Hz. For each geophones’ level, the sweeps were repeated five times to
increase the SNR. Consequently, the DAS data were measured for 235 shots with a gauge
length of 10 m and a channel spacing of 1 m as illustrated in Fig. 5.2. The spatial
coordinates of each channel are assigned to the midpoint of the corresponding gauge
length. To correct for depth inconsistencies, the surveyors had to reconcile the measured
depth with optical distance— shorter by 45 m —likely due to an incorrect setting of the
refractive index in the iDAS system (Parker et al., 2014).
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Figure 5.1: Setup of Munich geothermal site VSP survey. The red star indicates the
vibrator location at the surface. The black line represents Th1 borehole geometry with
deployed geophones while the bottom gray line does not have geophones due to too-high
deviation. The blue line represents Th4 with DAS cable. The green planes draw the top
of the reservoir.

Figure 5.2: A conceptual model of a fibre-optic cable recording DAS data. A laser
pulse is emitted into the cable. Impurities (black dots) back scatter the light which is
reshaped by a propagating ground displacement as indicated by (black dashed line). The
optical signal over the first 10 m distance (light blue and gray area) is summed to give
the signal in the middle point (Ch1—blue dot). The signal at Ch2 (red dot) is the sum of
the scattered signal over 10 m shifted by 1 m (light red and gray area).

The correlated and stacked DAS data, averaged over 160 shots, are shown in Fig. 5.3.
Unlike the geophone data in Fig. 4.5, the DAS signal was recorded throughout the reser-
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voir section. However, coherent seismic events are not observed across the full depth
profile: the direct P-wave arrival is not discernible from the surface down to a depth of
approximately 150 m. After that, it is discontinuous (i.e., a stepwise function) down to
a depth of around 800 m, which is physically unrealistic. This renders the direct arrival
unreliable in the previously mentioned sections. Other downgoing P-waves, such as mul-
tiples, appear incoherent and irregular, probably because of the interference of upgoing
P-waves. As illustrated in Fig. 5.3, S-waves are absent and the overall SNR is low. The
noise, including strong tube waves and background instrumental and coupling-related dis-
tortions, originate from many sources.

Figure 5.3: Raw measurements of strain rates recorded at Th4 at the Munich geothermal
site. The limits of the colorbar are lower than the largest amplitude values to increase
the visibility of weak events. In the first 100 m, the DAS cable did not pick up the direct
arrival. Until a depth of 800 m, the direct arrival as well as later events are distorted,
reducing their usefulness for further (pre-)processing and inversion. At later times than
the direct arrival, reverberations like multiples and resonances appear. Strong tube waves
of a slope corresponding to a velocity of 1.5 km/s are clearly visible.
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5.3 FWI Approach

5.3.1 Time domain waveform modelling

A fibre-optic senses dynamic strain; see, for example, Al Hasani and Drijkoningen (2023),
which is a projection of the 3D strain tensor on the cable axis, as shown in Fig. 5.4.

Figure 5.4: Representation of the six independent components of the strain tensor (gray
axes) in 3D Cartesian space (black axes). The directional sensing of the cable is given by
the red arrow, with the gray cylinder indicating the cable itself.

For a unit vector, n = [nx, ny, nz]
T , the strain measured along the fibre, εDAS = nTεCartn,

expands to

εDAS = n2
xεxx + n2

yεyy + n2
zεzz + 2nxnyεxy + 2nxnzεxz + 2nynzεyz, (5.1)

where εxx, εyy, εzz, εxy, εxz and εyz are the six independent components of the symmetric
strain tensor in Cartesian coordinates, εCart:

εCart =


εxx εxy εxz

εxy εyy εyz

εxz εyz εzz

 .

In CPS, the strain tensor is given in cylindrical coordinates. To transform this tensor
from a cylindrical (r, ϕ, z) to a Cartesian (x, y, z) system, we apply

εCart = T εcyl T
T , (5.2)
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where T is the rotation matrix:

T =


cos θ sin θ 0

− sin θ cos θ 0

0 0 1

 (5.3)

with θ being the angle θ = tan−1(y/x).

The components of εcyl are related to displacements in cylindrical coordinates, ur, uϕ,
and uz, as described in Sollberger et al. (2020):

εrr =
∂ur
∂r

εrϕ =
1

2

(
1

r

∂ur
∂ϕ

+
∂uϕ
∂r

−
uϕ
r

)
εϕϕ =

1

r

(
∂uϕ
∂ϕ

+ ur
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+
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)
εzz =

∂uz
∂z

.

In the reflectivity or Haskell-matrix method (Meehan, 2018), the six components of the
strain tensor can be calculated in the horizontal-wavenumber domain (assuming plane-
layered media), and integrated over the horizontal wavenumbers to get to the spatial-
domain responses, and then inverse-FFT’ed over the frequencies to obtain the time-
domain responses. We use the wave-number integration technique as coded by Herrmann
(2013) to determine the strain tensor εCart due to a vertical point force. This code does
not allow to define a gauge length for the calculation of the strain. Therefore, we assume
that the strain recorded with a gauge length of 10 m is sufficiently accurate modelled as a
point strain. After that, we determine the strain εDAS at a point along the fiber direction
using Eq. 5.1. Finally, the strain εDAS is numerically differentiated to obtain the strain
rate, which is the quantity delivered by the iDAS system.

5.3.2 Time-domain waveform inversion

FWI of observed data, dobs, is an ill-posed inverse problem mainly because dobs is noisy
and/or have uncertainties. The solution to such an inverse problem — model that repro-
duces the data — is non-unique. Therefore, we want to find a simple model (m) that
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minimizes the data residual (δd),

δd = dobs − dcalc, (5.4)

where dcalc is the calculated data. The residuals and the optimization can be evaluated
in the time domain or in the frequency domain. We choose the time domain because it
allows: (1) a cost-effective inversion by fitting a broad range of frequencies at once. The
fit between dobs and dcalc is quantified by the relative data error (ϵd),

ϵd =
||δd||
||dobs||

, (5.5)

where || · · · || refers to the Euclidean norm. To solve the FWI inverse problem, we use the
Levenberg-Marquardt (LM) algorithm with a smoothing term as follows:

m(i+1) = mi +

[(
J(i)

)T

J +
(
αS(i)

)2

+ β2LTL
]−1

J(i)δd(i), (5.6)

where i is the iteration number, J is the Jacobian matrix of dimensions N ×M with N

being the number of data points in a seismic trace and M being the number of layers, the
superscript T refers to matrix transpose, S is a diagonal scaling matrix of the damping
parameter α, L is the Laplacian smoothing operator, and β is a scalar value (smoothing
parameter). The casling matrix S contains the weights of α for each parameter of m using
sensitivities by

S = diag

max
(∑

p J
2
pq

)
∑

p J
2
pq + δ

 , (5.7)

with p = 1, 2, · · · , N , q = 1, 2, · · · ,M , and δ is a very small value added to the dominator
to avoid dividing by zero. To calculate the sensitivities in the Jacobian matrix J, we use
the perturbation approach. In this approach, each model parameter mq is perturbed by
a small amount ∆m(i)

q , 10−4 is used here, then data (d
(i)
∆mq

) are generated. The sensitivity
is calculated by

J (i)
q =

d
(i)
calc − d

(i)
∆mq

∆m(i)
q

. (5.8)

The performance of the LM scheme in FWI is sensitive to the initial model, especially for
VP. An initial model close to the true model ensures convergence to the global minima
with a reasonable computational time per number of iterations. A good initial model can
be estimated from traveltime tomography, which fits calculated arrival times to picked
arrival times. For that purpose, we have developed a suitable algorithm. The arrival times
and the ray traces in 3D space necessary to define the calculated data and the sensitivi-
ties are calculated based on solving the eikonal equation using the fast-marching method
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(Sethian, 1996; Rawlinson and Sambridge, 2005). We adopted the implementation of the
fast-marching method from Chen et al. (2023), and constrain the traveltime inversion
to give a 1D velocity model. We use Eq. 5.6 for the traveltime inversion to find an ini-
tial model which minimizes the misfit, Eq. 5.9, between calculated and picked VP arrivals.

Picking arrival times from dobs

Traveltime tomography to estimate initial velocity Vini

Compute impulse responses for Vini
and a homogeneous density ρini

Invert STF in time domain

FWI of V P

Calculate δd, Eq. 5.4

Compute J , Eq. 5.8Update model,
Eq. 5.6

i = 20

Optimal VP model

if

YesNo

Figure 5.5: Flowchart of the FWI approach for the DAS data. STF = Source Time
Function. The number of iterations is arbitrarily set at 20.

5.4 Data preprocessing

The raw data in Fig. 5.3 contain unwanted events, such as tube waves. In the context of
FWI, matching these undesired events is neither necessary—since they do not contribute
to constructing the VP model—nor feasible, as their accurate modelling is not supported
in the current framework. Therefore, we chose to pre-process them before applying FWI.
The strain-rate measurements of Fig. 5.3 exhibit strong tube waves between depths of
800 and 2920 m. We followed the same approach for removing the tube waves as in
Section 4.4. As shown in Fig. 5.6, in addition to the removal of tube waves, the nearly
horizontal events caused by vibrations of the recording instrument were also filtered out in
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the frequency—vertical-wavenumber (f, kz) domain. We also muted all the signals before
the first arriving P-waves. Other seismic events, e.g. the down- and up-going waves after
the direct arrival, have now become (more) coherent. These events are attributed to a
combination of the acquisition setup, the axial sensitivity of the fiber-optic, and the paths
of wave propagation. However, the mechanism of their generation is unknown. In the
VSP gather in Fig. 5.6, the tube waves have been removed, and the down- and up-going
waves are now more coherent. Unexpectedly, events between 1000 and 1500 m arriving
after 1000 ms have an increased amplitude. Comparison of the DAS data in Fig. 5.6
with the geophone data in Fig. 4.6 indicates the absence of coherent P-wave reflections
from the reservoir, as well as a lower quality of coupling indicated by inconsistency of
amplitudes in the former data set.

Figure 5.6: Strain-rate measurements in well Th4 at the Munich geothermal site between
a depth of 800 and 2920 m, after removal of unwanted seismic events and muting noise
before the direct arrival.
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5.5 Results

5.5.1 FWI of DAS Vs. Geophones

For the inversion of the pre-processed DAS data of the Munich geothermal site, we dis-
cretized the model with 146 layers of 20 m thickness. We updated VP only in the depth
range 800 to 2920 m. According to Eq. 5.8, calculating the sensitivity matrix requires
106 separate waveform modellings for every iteration in the inversion. The computational
time of each modelling thus increases proportionally with the number of receivers. In-
cluding all channels in the DAS data, around 2120, will make the computational time of
FWI prohibitive. Since the 1 m channel spacing and the 10 m gauge length mean that
neighboring measurements are more or less physically dependent, we choose channels such
that the gauge lengths are not overlapping. So we spatially downsampled the data and
keep a strain-rate trace per 15 m, which is the same receiver sampling as for the geophone
VSP data. Hence, the number of traces per layer would be equal. The DAS data have
also been filtered to have the same frequency band, 10 to 35 Hz, as used in the FWI of
the geophone data, see Section 4.5.2. Thus, a comparison between the models estimated
from particle velocity versus strain rate measurements is judged to be acceptable.

FWI of full records (with a length of 2 s)

Via traveltime tomography, an initial VP model is obtained, as shown in Fig. 5.11. Then,
the impulse response of the strain along the DAS cable is calculated according to Section
5.3.1, where ρ is assumed to be homogeneous, at a value of of 2400 kg/m3. To model
waveforms, it is necessary to convolve the impulse responses with a source-time function
(STF). The STF is inverted from a 0.1 s time window around the direct arrival by deploy-
ing all the 190 strain-rate traces resulting from spatial downsampling. Fig. 5.7 shows a
comparison of the inverted STF from the geophones and the DAS data and their amplitude
spectra. These wavelets are almost centered around zero lag and have similar onset—time
window -0.075 to -0.020 s. The geophone-drived STF shows relatively broader lobes and
reduced peak amplitude, indicating low-frequency content compared to the other STF.
This can be attributed to the high SNR of the geophone data where high frequencies
are attenuated as they travel through the subsurface. On the other hand, the naturally
attenuated high frequencies in the DAS data with low SNR gets revived because of noise.
This is also confirmed by analyzing the amplitude spectra, with the wavelet inverted from
the fibre-optic data also has relatively high amplitudes of frequencies in the range of 0 –
10 Hz, which are not generated by the vibrator. The geophone data gives a wavelet with
a higher fidelity, where the amplitudes of the previously mentioned frequency range have
very low amplitudes.
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Figure 5.7: A comparison of inverted STFs (left plot) from the geophone data (blue
line) and the DAS data (red line) as well as their amplitude spectra (right plot), where
the same color coding applies. The amplitude response of the low pass filter used to filter
the data is also displayed (black line).

From Fig. 5.6 it can be determined that the deepest traces have around two orders of
magnitude lower amplitudes compared to the shallowest traces. Thus, the sensitivity
of the inversion, whether it is STF or FWI, would be greater for the shallowest traces.
To compensate for this, we normalized every trace by the maximum of the envelope
of the direct arrival for both the observed and the calculated data. Thus, the effects
of attenuation (QP) are not included in the modelling. Fig. 5.8 shows the normalized
field and initial data, which are calculated from the VP obtained from the traveltime
tomography.

We have chosen α and β values of 1 · 103 and 5 · 103, respectively, based on FWI trials
with the shallowest 20 channels from 800 to 1120 m. β is larger than the α to reduce
oscillations in inverted models due to imprecise channels coordinates, as mentioned in Sec.
5.2.2. After 20 iterations with 190 channels from 800 to 2920 m, FWI results in strain-rate
data shown in the middle panel of Fig. 5.9, which have reflections similar to the particle
velocity data in Fig. 4.16. None of these reflections are fitted to the reflections in the
observed DAS data. On the other hand, the direct arrivals show an improved fit, where
the difference became less coherent, see right of Fig. 5.9.

Fig.5.10 shows the relative data error and shows an overall reduction of 3 %, approximately
two-thirds of it in the first three iterations. The relative data error of later iterations has
a lower rate of change with a continued decrease. Thus, more iterations are likely to
lead to updates in the model. Fig. 5.11 shows that the VP model inverted with FWI of
the DAS data has a higher resolution than that estimated with traveltime tomography
(initial model). The former VP model agrees fairly well with the model inverted from the
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conventional geophone VSP data, especially in the depth range 800 to 1900 m. At a depth
of 1950 m, there is a rise in the velocity recovered by the DAS data that is in agreement
with the sonic log, averaged over 10 m. FWI of these DAS data with a record length of
2 s does not resolve the upper boundary of the reservoir well, where small updates from
the initial model are noticeable. Within the reservoir, the updates were large, reaching
750 m/s, resulting in a structure similar to that of the sonic log or the geophones.

By comparing the observed and inverted data in Fig. 5.9, it becomes clear that the main
event contributing to correct model updates is the direct transmitted wave. Other in-
verted events, reflections and multiples, do not fit well to other transmitted and reflected
waves in the observed data. Thus, we consider the direct arrival the only useful event in
the observed DAS data. Consequently, we focus on the feasibility of FWI with only the
direct arrivals in the DAS data.

(a) (b) (c)

Figure 5.8: Trace-normalized observed pre-processed DAS data (a), trace-normalized
initial synthetic data (b) and their difference (c). In the observed data, there are weak
reflections, some of them are pointed out by black arrows. The initial data only show the
direct arrivals. The difference in the first break between the observed and the initial data
has systematic errors, indicating the ability to achieve better fits.
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(a) (b) (c)

Figure 5.9: Observed DAS data after applying a band-pass filter from 10 to 35 Hz (a),
synthetic data with model from inversion (b) and their difference (c). The difference in
the first break between the observed and the synthetic data with the optimal velocity
model has less systematic errors, indicating more fit. The reflections in the synthetic data
with the optimal velocity model are not matching the reflections in the observed data,
where the difference stays the same.

Figure 5.10: Relative data error of 20 FWI iterations. In the first three iterations, the
misfit is reduced considerably compared to later iterations, where the rate of change of
the misfit slows down.
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(a) (b) (c)

Figure 5.11: Comparison between the inverted VP model from 2-s DAS data with the
inverted VP from the geophone data (a), the sonic-log data in Th4 averaged over 20 m
(b) and averaged over 10 m (c). The inverted models in the first 800 m are not updated
due to the lack of reliable data.

FWI focused on (windowed) direct transmitted arrival

First, we extract the direct arrival in the t−z domain, as shown in Fig. 5.12. Consequently,
the SNR of the observed data is increased, allowing a reduction in regularization by an
order of magnitude. In this case, α and β could be set to 1 · 102 and 5 · 102, respectively.
The FWI of the direct arrival starts with the same initial models as in Section 5.5.1.

In Fig. 5.13 the results after 20 iterations are shown: the synthetic direct arrivals after
FWI have a better fit than the initial synthetic data to that of the observed data, which
is indicated by the difference. Furthermore, this difference in Fig. 5.13 has even lower
coherency than the difference determined using a long record length, Fig. 5.9. The
minimization of the difference is the largest in the reservoir area. The relative data error
in Fig. 5.14 is reduced from approximately 0.60 to 0.36, a relative reduction of some
40 %, which confirms the minimization of the data misfit. Moreover, it shows a stable
convergence with values from the 4th to the 20th iteration plateau. The inverted model
with the windowed direct arrival matches better with the sonic log and the geophone
inverted models compared to that with full-record data (of 2 s duration). In addition, the
sharp transition above the geothermal reservoir is now retrieved. However, the velocity
structure within the reservoir is not well resolved, which can be attributed to the absence
of high frequencies; in this region, the maximum frequency recorded is 25 Hz.

It could be shown that FWI of these DAS data is more reliable, when only the direct
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arrivals are considered. However, this approach lacks resolution below the high-contrast
boundary and within the geothermal reservoir. To improve the resolution of the FWI
with the direct arrival, we next leverage the dense sampling achieved by the DAS data.

(a) (b) (c)

Figure 5.12: Trace-normalized windowed direct arrival of the observed DAS data (a),
trace-normalized direct arrival of the initial synthetic data with velocity estimated by
traveltime tomography (b) and their difference (c).

(a) (b) (c)

Figure 5.13: Trace-normalized windowed direct arrival of observed DAS data (a), direct
arrival after FWI with 20 iterations (b) and their difference (c). The difference in the first
break between the observed and the data after inversion shows little coherence, indicating
a better fit.
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Figure 5.14: Relative data error of 20 FWI iterations. In the first three iterations, the
misfit is reduced considerably compared to later iterations, where the rate of change of
the misfit slows down.

(a) (b) (c)

Figure 5.15: Comparison of the inverted VP model from the windowed direct arrival of
DAS data sampled every 15 m with the inverted model from the geophone data (a), the
sonic-log data in Th4 averaged over 20 m (b) and averaged over 10 m (c).
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5.5.2 FWI of DAS with denser data sampling

Previously, we chose to down-sample the DAS data to the sampling of the geophone data,
i.e., 15 m. Thus, we discarded 14/15th, which may be able to increase the resolution of
our VP model. Here, we investigate the effect of using more DAS data.

Narrower spacing of DAS receivers (10 m)

We reduce the channel spacing to 10 m, which includes more physically independent data,
for two objectives: (1) to increase the inversion constraints by leveraging the dense data
sampling, and (2) to investigate the resulting differences in the estimated velocity. In this
case, the total number of channels is 284. The regularization is kept fixed at 1 · 102 and
5 · 102 for α and β, respectively. The overall reduction in the misfit of approximately 40
% is comparable with the previous results (Fig. 5.14). Deploying channels every 10 m on
a deviated trajectory means that the velocity of each layer needs to fit 2 direct arrivals
determined by two independent gauges. This results in an increased underdeterminancy of
the inversion problem. The estimated velocities, as shown in Fig. 5.17, exhibit fluctuations
just below 800 and 1500 m that are not present in the sonic logs. Furthermore, the
velocities in some places within the reservoir do not have significant updates from the
initial model. Apart from that, there are no notable differences.

Adding neighbouring receivers

In the previous, we selected DAS channels that are physically independent, every 15 or 10
m. Although a spacing of 10 m may offer a higher spatial resolution, the outcome is not
necessarily beneficial. We aim to develop an FWI approach that leverages the dense data
sampling to compensate for the lack of seismic events beside the direct arrival. Therefore,
we add the channels located 1 m below the previous channels in Section 5.5.1, leading
to total spacings of 1, 14, 1, 14, . . . m and a total number of channels equal to 380. The
extra data has been chosen so that it was recorded with 90 % gauge overlap—sensitivity
to the same VP—with the data in Fig. 5.12. Because adding more direct arrivals comes
with more uncertainty, we increase the value of the regularization parameters, α and β,
to 5 · 102 and 1 · 103.

The misfit in Fig. 5.18 starts at approximately 0.60 and ends at approximately 0.36
with a 40 % relative decrease. The velocity model in Fig. 5.19 inverted with denser
data sampling matches best the sonic log averaged over 10 m. It also matches the other
inverted and sonic-logs velocity models. More importantly, the large contrast above the
geothermal reservoir is clearly visible with the current FWI of double amount of direct
arrivals, where an increase in velocity appears at a depth of 2340 m. The structure inside
the reservoir has the best recovery possible compared to all previous inversions.
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Figure 5.16: Relative data error of 20 iterations of FWI with the direct arrival of DAS
data sampled every 10 m. In the first three iterations, the misfit is reduced considerably
compared to later iterations, where the rate of change of the misfit slows down.

(a) (b)

Figure 5.17: Comparison of the inverted VP model from the windowed direct arrival of
DAS data sampled every 10 m with the sonic-log profile in Th4 averaged over 20 m (a)
and averaged over 10 m (b).
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Figure 5.18: Relative data error of 20 FWI iterations with direct arrivals of 380 traces.
In the first three iterations, the misfit is reduced considerably compared to later iterations,
where the rate of change of the misfit slows down.

(a) (b)

Figure 5.19: Comparison between the inverted VP model from direct arrival of 380 traces
with the sonic-log data in Th4 averaged over 20 m (a) and averaged over 10 m (b).
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Model match

If we consider the average sonic log profiles as the true model, the model match reached
by adding receivers can be evaluated. To quantify the total model match, we use the
following formula:

ϵm =
||mtrue −minv||

||mtrue||
, (5.9)

where ϵm is the relative model misfit, mtrue is the true model vector, and minv is the
inverted model vector.

For a log profile averaged over 20 m (true model), ϵm equals 0.078, 0.089 and 0.078 for
receivers spaced at 15, 10 and 1, 14, 1, 14, . . . m, respectively. From these values, it is clear
that estimating a layer velocity from two channels with isolated gauge gives poor results.
While ϵm is equal for the first and third data sampling mentioned above, denser data
sampling with adjacent receiver points is superior to denser data sampling with equally
spaced receivers. To find the velocity misfit for each layer, we subtract true and inverted
models and plot the difference in Fig. 5.20. It generally shows the highest values at the
strong contrast in the region around 2350 m and the low velocity layers below, indicating
that these areas were the most difficult to reconstruct. Inside the reservoir, the velocity
difference for receivers at 15 m is variable, being large in some layers and small in other
layers and with values spanning a wide range (-1.2 to 0.2 km/s). This range narrows (-1.2
to -0.2 km/s) when neighbouring receivers located 1 m away were included, suggesting
that the velocity recovery becomes more robust.

Figure 5.20: Difference between inverted VP from the direct arrival of receivers spaced
at 15 m (black line), 10 m (red line) and 1, 14, 1, 14, . . . m (blue line), compared with the
sonic-log profile averaged over 20 m.
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5.6 Conclusions

We applied FWI to the VSP DAS data recorded with an optical fibre inside the casing in
a deviated geothermal well in Munich. The uncertainty about the exact geometry of the
fibre-optic cable and consequently the coordinates of the channels required the Laplacian
smoothing factor β be greater than the diagonal-scaling damping factor α. Traditional
FWI using full-record traces—in our case 2 seconds—led to poor results compared to
other waveform inversions due to the presence of coherent noise. The results demonstrate
that the DAS VSP data recorded inside the casing can give meaningful high-resolution
VP models. FWI to the windowed direct arrival gave a higher resolution VP profile and
better fit to the geophone and/or sonic-log models compared to traveltime tomography.
Leveraging the dense sampling achieved with the DAS data needs careful consideration,
where deploying 10 m distanced receivers to estimate the velocity of 20 m layers proved
unreliable. On the other hand, adding neighbouring receivers gave the best resolution.
The study demonstrated that FWI is superior to traveltime tomography, even when ap-
plied to only the first arriving waveform of inside-casing DAS data. A future field of FWI
research should be the optimization of spatial sampling of DAS data for improved model
resolution and efficient computation.
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Söding, H., Maurer, H., and Fechner, T. (2024). Source-and receiver-
coupling effects for time-domain Full Waveform Inversion. In
EGU General Assembly Conference Abstracts, page 19778.

Sollberger, D., Igel, H., Schmelzbach, C., Edme, P., Van Manen, D.-J., Bernauer, F.,
Yuan, S., Wassermann, J., Schreiber, U., and Robertsson, J. O. (2020). Seismological
processing of six degree-of-freedom ground-motion data. Sensors, 20(23):6904.
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Chapter 6

Conclusion and Outlook

6.1 Conclusions

In this thesis, I studied the feasibility of geophysical methods—specifically CSEM and seis-
mic FWI—for monitoring variations in relevant properties caused by temperature changes
in low-enthalpy geothermal reservoirs. Through a combination of modeling studies, syn-
thetic tests, and field data applications, I confirmed the applicability of these methods in
real-world monitoring scenarios.

The feasibility study on the CSEM method, conducted for the Delft Campus Geothermal
Project, demonstrated that surface-to-borehole configurations allow the detection of a 4
Ω·m increase in resistivity associated with a 25 ◦C decrease in temperature in the Delft
Sandstone reservoir. Further careful consideration of the source frequency and offset
allows for such a detection with the maximum resolving capability. A source frequency of
around 1 Hz generated EM fields that could be determined above a noise floor of 10−12

V/m, down to a depth of 3000 m in the Delft Campus layered resistivity model. This
propagation depth was enough to investigate the entire thickness of the reservoir and
some area below it, where the difference in time-lapse EM fields was noticeable to above
30 %. A resistivity increase of a small radius, 300 m, was more challenging to detect.
The source offset of 1000 to 2000 m was suitable for propagating EM fields with sufficient
strength to ensure adequate sensitivity. By modelling environmental disturbances such as
random recording noise, survey-repeatability errors, near-surface temperature fluctuations
and casing effects, it can be concluded that the impact of a steel casing was the most
significant as it heavily attenuated the electric field to a radius of 100 m around it. Thus,
all field measurements should maintain an appropriate distance from the injection and
production steel casing. Since the measurements will be collected in a monitoring well, it
would be essential to keep the well design free of highly electrically conductive material.
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6.1. Conclusions

These findings establish CSEM as a promising tool for enabling informed management
decisions to enhance the sustainability of geothermal energy production.

For high-resolution seismic characterization required for geothermal monitoring, I devel-
oped a novel FWI approach for 99 % accurate estimation of P impedance. To achieve such
accuracy, I chose a sequential work flow beginning with inverting for velocity and then in-
verting for impedance. I introduced an in-between step called temporal phase resemblance
to mitigate remaining small phase errors. The convergence of the FWI was improved
by deploying starting models estimated via travel time tomography. Synthetic experi-
ments confirmed the robustness of this approach, which successfully detected impedance
variations exceeding 2 %, crucial to identifying temperature-driven variations within the
reservoir. Field applications at the Munich site further validated these methods, revealing
detailed structural insights into the reservoir and overburden layers, and demonstrating
the practical value of seismic FWI for operational geothermal applications.

Furthermore, a comparative study on FWI of DAS versus geophone data highlighted the
potential advantages and limitations of VSP acquisition based on fibre-optic cables inside
the casing. The DAS data could be recorded along the reservoir depths, which could not
be achieved with wireline geophones. However, the former faced challenges related to
coupling issues and reduced SNRs. My results showed that careful preprocessing and a
robust inversion strategy could overcome some of the challenges, for example, inaccurate
positioning of the channels and the absence of subsurface seismic events other than the
direct wave. By focusing the FWI on the P-wave arrival, inverted models had higher
resolution compared to those from travel time tomography. These models were validated
by sonic logs collected in the same borehole (Th4). Leveraging the dense spatial sampling
of the DAS data did not necessarily improve the resolution of the inverted velocity model.

Although this research originally aimed to combine seismic FWI and CSEM for monitoring
studies at the Delft campus geothermal site, the installation of a fibre-optic cable did not
go as planned due to the instability of the newly drilled borehole(s). Therefore, the focus
shifted to FWI of the DAS data from the Munich site. The lack of EM acquisition at the
latter site meant that spatial and temporal overlap of the two geophysical datasets would
be absent. Consequently, the CSEM and the seismic studies provided separate insights
into the subsurface.

The modelling in this thesis necessarily relied on simplified assumptions, for example,
horizontally layered, isotropic and lossless media for both seismic and EM simulations,
reflecting the constraints imposed by the available field data. For the Delft site, the resis-
tivity model was constructed from logs acquired in other regions, without borehole-fluid
corrections and without including 3D heterogeneity, which limits its geological fidelity.
For the Munich site, seismic FWI was restricted by sparse source coverage, limited angu-
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lar aperture, and the absence of time-lapse acquisitions. These constraints reduced the
capacity to fully represent reservoir complexity, detect limited-span temporal changes, or
validate approaches with time-lapse field datasets. Moreover, because seismic and EM
data were not co-located in space, joint inversion and integrated interpretation could not
be realised, which led to independent evaluations of each method. The findings of this
research therefore best represent feasibility assessments under idealised conditions, with
generalisability to more complex geothermal settings requiring further investigation and
coordinated field campaigns.

6.2 Outlook

The findings of this research establish a foundation for future geophysical monitoring of
low-enthalpy reservoirs and can be extended to the areas discussed in the following.

6.2.1 Incorporating reservoir modelling

In Chapter 3, it was considered that temperature changes have a sharp transition from
cold to warm volumes for the sake of model simplicity. Numerical reservoir simulation
shows that this transition is rather gradual (Wang et al., 2021). Thus, the resulting
variations in electrical resistivity would have an incremental increase. This means that
these variations would be less than 4 Ω.m in the case of the Delft campus geothermal
reservoir.

Future CSEM monitoring studies of low-enthalpy reservoirs should incorporate variations
based on detailed temperature simulations to better represent gradual transitions from
hot to cold regions. In an ideal scenario, these simulations would also deploy models that
incorporate reservoir geological and petrophysical heterogeneities. Such a non-uniformity
of rock properties can lead to uneven thermal depletion (Crooijmans et al., 2016; Zhang
et al., 2023), with heat being extracted from areas of the geothermal reservoir in produc-
tion faster than others. It can also affect fluid flow, leading to preferential fluid pathways
(Hewett and Behrens, 1990), where reinjected fluids are channeled back to the production
well without having enough time to warm up.

Overall, all these aspects can cause temperature changes to differ in amount or to have
channel-like distributions. For a more generalized statement on the feasibility of CSEM
monitoring of low-enthalpy reservoirs, different reservoir models that have different fea-
tures should be studied. This could also involve finding suitable source frequencies and
positions, or testing the feasibility of detecting variations smaller than 4Ω·m, occurring
over thinner thicknesses or a narrow course.
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6.2.2 CSEM inversion and application to field data

With the selected source frequency of 1 Hz in Chapter 3, it was noticed that the difference
in electric field caused by time-lapse variations is scattered over a wide area, which implies
a low resolving power of the variation boundaries. Furthermore, geothermal energy pro-
duction takes place over local volumes and the accuracy of estimating them is necessary,
especially when there is a smooth transition. Therefore, further research should investi-
gate the resolution capabilities of CSEM inversion (Black et al., 2010; Tietze et al., 2015;
Constable and Stern, 2022) to monitor low-enthalpy reservoirs. The developed CSEM
inversion methods can then be rigorously validated using field data. More field data
would help refine theoretical models, confirm the findings of CSEM monitoring studies,
and bridge the gap between theoretical studies and operational field monitoring.

6.2.3 Time-lapse VSP surveys

In Chapter 4, the developed seismic FWI approach was applied only to baseline field data.
Conducting a repeat VSP survey at the Munich geothermal site and inverting the acquired
time-lapse data are essential to validate such a FWI approach of acoustic impedance for
geothermal monitoring. As mentioned in Chapter 4, there are a few inversion strategies
to estimate the monitoring model. It is recommended to test them to find which strat-
egy would give the best model that captures time-lapse impedance variations with our
sequential FWI approach.

Time-lapse variations due to heat production happen over limited reservoir volumes. A
layered impedance model with one source location is not expected to directly give the
lateral extent of such volumes. However, the direct arrival mode recorded at the reser-
voir for this source location has sensitivity to the seismic properties of a certain area in
production, while the reflection modes from the reservoir have sensitivity to other ar-
eas. It would be valuable to investigate whether 3D variations would change the acoustic
impedance estimated from these different modes separately. This FWI approach would
then combine the work done in Chapters 4 and 5.

In both of the recommended future research areas, high repeatability of the survey acqui-
sition parameters is very important, in addition to using the same value of regularization
parameters in time-lapse inversion. Assuming that the source signature (vibroseis sweep)
is exact across surveys, it would suffice to use the STF estimated from the base data
in the FWI of monitoring data. Detecting impedance variations from time-lapse sur-
veys would decisively demonstrate the real-world utility of seismic methods in monitoring
low-enthalpy reservoirs over their operational lifetime.
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6.2.4 Efficient Jacobian calculation

To calculate the first-order partial derivatives (Jacobian) matrix in Chapters 4 and 5, a
numerical-perturbation method was used, which is robust but computationally expensive.
Although it provided an accurate calculation, crucial for determining the second-order
derivatives (Hessian) matrix, the number of full-waveform modelling runs was equal to
the number of model parameters. For larger models that include more complex 2D or 3D
structure, the numerical-perturbation method is prohibitively intensive in terms of com-
putational resources. Other techniques can be used to calculate the approximate Hessian
based on the gradient, such as the adjoint method (Fichtner et al., 2006). However, the
convergence behavior of these methods is linear and is not granted if starting models close
to the global minimum are not used. Thus, a more efficient calculation of the Jacobian is
an area for future developments (Coleman and Verma, 1996).

6.2.5 Multi-offset VSP surveys

In Chapters 4 and 5, a layered model was assumed because the VSP dataset included
only two source locations, of which only one was used. Expanding VSP survey designs
to include multiple source locations at different offsets will advance the inversion beyond
the current assumption of a layered medium. Comprehensive 2D and 3D subsurface
models constructed from multi-offset VSP data would significantly enhance geological
understanding and improve reservoir monitoring.

6.2.6 Clamped fibre-optic installation inside the casing

Improving installation methods of the fibre-optic cable inside borehole casings is critical
to achieving high-quality seismic data for FWI. This can benefit from already existing
borehole geophones technology, such as electromechanical (St-Onge et al., 2013), spring-
loaded (Leary et al., 1990), inflatable bladder (Kalinski, 2012) or hydraulic clamping
(Daley et al., 2016). New installation technologies should ensure strong and consistent
coupling of fibre-optic cables throughout well sections, enhancing the SNR and data reli-
ability.

6.2.7 Efficient modeling of strain-rate data

In Chapter 5, the model was discretized with a layer thickness of 20 m for various reasons.
One of them is the unpractical computational time of waveform modelling in the case of
thinner layers, e.g. 10 or 5 m, in addition to the preclusion of physically independent
channels in the same layer. Hence, most of the DAS data were discarded. With the
current development of DAS systems (He and Liu, 2021; Shang et al., 2022), signals can
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be recorded with high SNR and a gauge length as short as a few meters (Kishida et al.,
2021). Efficient modelling methods of the strain rate would allow to take advantage of
all the data, offering a great opportunity for detailed subsurface characterization. This is
especially the case for extensive parameter spaces in 2D and 3D models.

6.2.8 Joint inversion of CSEM and seismic data

Ultimately, the successful implementation of these outlined endeavors would enable real-
world realization of joint inversion algorithms combining field CSEM and seismic datasets
(Kalscheuer et al., 2015). Two main strategies for integrating multiphysics data are al-
ready existing: The first approach simultaneously or cooperatively imposes similarities
between two models, i.e. acoustic impedance and electrical resistivity, based on struc-
tural constraints (Haber and Oldenburg, 1997; Gallardo and Meju, 2003; Molodtsov et al.,
2013). The second approach links physical properties through their petrophysical laws or
attributes (Carcione et al., 2007) for joint inversion (Hoversten et al., 2006; Gao et al.,
2012). The capabilities of both approaches for the specific application of low-enthalpy
reservoir monitoring remain largely unexamined. An integrated approach would benefit
from complementary sensitivities (Meju et al., 2003), substantially improving the robust-
ness of geothermal reservoir monitoring and well-informed production management.
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