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SUMMARY

One of the major challenges of modern society is the goal of reducing the output of anthro-
pogenic greenhouse gases to the atmosphere. To contribute to this goal, the Netherlands
is scaling up the use of geothermal energy (GE), a low-carbon technology that provides
heating for infrastructure. Geothermal energy requires the extraction of geothermal fluids
from a geologic reservoir to provide heat at the surface, followed by re-injection of the fluid
into the subsurface. The re-injection, circulation, and extraction of the fluids affect the lo-
cal stress conditions and can lead to the generation of low-magnitude seismic events. The
detection, characterisation, and interpretation of these events improve the efficiency and
safety of geothermal operations. This thesis aims to contribute to the Dutch government’s
efforts to upscale the use of geothermal energy by enhancing and extending the existing
passive seismic tools for monitoring the safety and efficiency of geothermal energy.

In Chapter 2, we introduce a seismic monitoring workflow to detect and characterise
low-magnitude seismic events in noisy environments. We incorporate uncertainties from
the open-access regional seismic velocity model into the hypocentre estimations. We ap-
ply the workflow to the recorded data from a temporary passive network deployed around
the Kwintsheul geothermal operation in South Holland, where one low-magnitude seismic
event had previously been reported. The network is located in a high-noise environment,
characteristic of most geothermal operations in the Netherlands. Despite the high noise
levels, we identify five additional low-magnitude seismic events that occurred close to a
local fault and the injection well. These are the first events ever recorded in the region.
However, large hypocentre uncertainties—due to limitations in the seismic velocity model
and sparse azimuthal coverage—prevent a clear interpretation of the underlying processes.
From these two limiting factors, only the velocity model can be refined after an event has
been recorded. However, refining the available seismic velocity model implies significant
costs, as active seismic sources are usually used.

In Chapter 3, we introduce a workflow for validating the seismic velocity model based
on body-wave seismic interferometry as a cost-effective alternative. Our workflow is mo-
tivated by the possibility of retrieving virtual-offset reflection responses when seismic en-
ergy arrives with near-vertical incidence to the receivers. We apply our workflow using the
low-magnitude seismic events that we detected. We find that the P-wave velocity model
effectively explains the observed retrieved reflections at shallow depths. In contrast, the
available S-wave models do not match the data. We conclude that the P-wave model is
reliable for hypocentre studies, but that the S-wave model requires refinement.

In Chapter 4, we address how the network geometry influences the detectability and
hypocentre resolution of seismic events and implement a workflow for designing seismic
networks. In our workflow, we integrate open-access subsurface information to generate
a synthetic earthquake catalogue using knowledge of faults and areas of expected higher
seismicity risk. We then apply a non-linear design strategy and a global search algorithm
to ensure approximately optimal configurations. Finally, we validate the network designs

xiii



SUMMARY

through synthetic hypocentre inversions. We identify the Dutch North Sea as the area in
most need of seismic receivers, due to (i) upcoming carbon capture and storage (CCS)
initiatives, (ii) the lowest existing network coverage, and (iii) the potential future use of
existing oil-and-gas infrastructure for offshore geothermal-energy developments. We apply
our workflow to the K-14 offshore field, where carbon capture and storage is planned. The
results show that the optimised networks provide sufficient azimuthal coverage and location
accuracy, even under simplified assumptions. This workflow can guide the design of cost-
effective networks in both onshore and offshore environments.

In Chapter 5, we focus on accurate time synchronization of seismic networks. We in-
troduce a data-driven method to detect and correct clock errors using the time-symmetry
of ambient-noise correlations. We apply our method to the IMAGE network in Reykjanes,
Iceland, deployed to monitor offshore geothermal activity. Offshore geothermal-energy op-
erations introduce additional challenges due to the need for ocean-bottom seismometers
(OBS), which lack direct access to GNSS signals, leading to clock-drift errors that affect
event timing and localisation. We show that most OBS in the network experienced clock
drift, and some had large initial time offsets. We provide an open-source Python pack-
age (OCloC) that implements this method, enabling better timing accuracy and improved
hypocentre estimation in future offshore monitoring, which can be applied in future off-
shore geothermal energy and the upcoming carbon capture and storage operations in the
Dutch North Sea.

Together, in this thesis we introduce new or adapted workflows to tackle specific limita-
tions in current low-magnitude seismic monitoring practices. By addressing these chal-
lenges, this thesis advances the capabilities of seismic monitoring in both onshore and
offshore settings. By improving detection, location, velocity model validation, network
design, and timing correction, this thesis contributes to the development of robust and cost-
effective seismic monitoring systems. These tools support operators and regulators in mak-
ing informed decisions for the safe and sustainable scaling of geothermal energy and carbon
storage in the Netherlands and beyond.
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SAMENVATTING

Het terugdringen van de uitstoot van broeikasgassen is een van de grootste uitdagingen
van de moderne maatschappij. Als onderdeel van het klimaatbeleid schaalt Nederland het
gebruik van energie uit aardwarmte op als een warmtebron met een lage uitstoot van broei-
kasgassen. Aardwarmte wordt aan de grond onttrokken door de circulatie van vloeistoffen
door diepe aardlagen, waarbij de spanningscondities in de ondergrond veranderen en wat
seismische activiteit kan opwekken. Het detecteren en nauwkeurig lokaliseren van deze
zwakke signalen is lastig vanwege hoge omgevingsruis, beperkte kennis van de ondergrond
en een dun of suboptimaal netwerk van meetstations. Dit proefschrift richt zich op het ver-
beteren van passieve seismische monitoring om de veiligheid en efficiéntie van geothermie
in Nederland te ondersteunen.

In Hoofdstuk 2 introduceren we een workflow voor het detecteren en karakteriseren van
lage-magnitude aardbevingen in een ruisrijke omgeving. Deze wordt toegepast op een tij-
delijk netwerk rondom de geothermische installatie van Kwintsheul (Zuid-Holland), waar
eerder slechts één seismisch evenement werd gerapporteerd. Met behulp van template mat-
ching en probabilistische locatiebepaling detecteren we vijf extra lage-magnitude seismi-
sche gebeurtenissen in de buurt van een breuk en het injectiepunt. Dit zijn de eerste gere-
gistreerde bevingen in deze regio. Door onzekerheden in het snelheidsmodel en beperkte
dekking kunnen we de aard van deze gebeurtenissen echter niet eenduidig interpreteren.

In Hoofdstuk 3 evalueren we het gebruikte snelheidsmodel voor hypocentra. We ont-
wikkelen een workflow op basis van seismische interferometrie met ruimtegolven om virtu-
ele reflecties te verkrijgen bij verticale invalshoeken. Toegepast op de dataset van Kwints-
heul bevestigt deze methode dat het P-golvenmodel de gemeten ondiepe reflecties juist
kan verklaren, terwijl het S-golvenmodel niet aansluit bij de data. Het P-golvenmodel is
dus geschikt voor locatiebepaling, maar het S-golvenmodel heeft verfijning nodig voor een
nauwkeurigere analyse.

In Hoofdstuk 4 onderzoeken we hoe de geometrie van het meetnetwerk de detecteer-
baarheid en hypocentrum resolutie van aardbevingen beinvloedt. We presenteren een work-
flow voor het ontwerpen van seismische netwerken. Hierin integreren we openbaar beschik-
bare data van de ondergrond om een synthetische aardbevingscatalogus te maken gebaseerd
op kennis van breuken en seismische risicogebieden. We passen niet-lineaire optimalisatie-
strategieén en een globaal zoekalgoritme toe om een optimale configuratie te verzekeren.
Uiteindelijk valideren we de meetnetwerken met synthetische hypocentrum inversies. We
identificeren dat het Nederlandse Noordzeegebied het vooral meer seismische meetappa-
raten nodig heeft, omdat (i) er daar meerdere initiatieven voor de afvang en opslag van
CO2 (CCS) plaatsvinden, (ii) er op dit moment de laagste dekkingsgraad van netwerken is
en (iii) het potentieel voor het ontwikkelen van geothermische energie-installaties groot is
door de bestaande olie- en gas-infrastructuur. We passen onze workflow toe op het K-14
veld, waar CCS onder de Noordzee is gepland. De resultaten tonen aan dat het geoptima-
liseerde netwerk voldoende azimutale dekking en locatienauwkeurigheid biedt, zelfs onder
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SAMENVATTING

vereenvoudigde aannames. Deze workflow kan het ontwerp van kost-effectieve netwerken
helpen, zowel op land als ter zee.

In Hoofdstuk 5 richten we ons op tijdsynchronisatie van seismische netwerken. We
introduceren een datagestuurde methode om klokfouten te detecteren en te corrigeren met
de tijdsymmetrie van correlaties van omgevingsruis. Deze methode passen we toe op het
IMAGE-netwerk in Reykjanes, [Jsland, dat werd ingezet voor geothermische monitoring.
Bij het monitoren van het opwekken van geothermische energie ter zee worden zogeheten
ocean-bottom seismometers (OBS) gebruikt, die geen verbinding met GNSS-signaal heb-
ben. Dit heeft opbouwende klokfouten tot gevolg, die leiden tot problemen met timing
en localisatie. De resultaten tonen aan dat vrijwel alle OBS-stations in het netwerk zulke
fouten ondervonden en dat sommige stations een grote initi€le fout hadden. We hebben
een open-source Python-pakket ontwikkeld—OCloC—om deze correcties uit te voeren, zo-
dat de timing en locatiebepaling van microseismiciteit ter zee in toekomstige monitorings-
projecten verbeterd kan worden, waaronder de komende CCS-operaties in de Nederlandse
Noordzee.

In dit proefschrift introduceren we nieuwe en aangepaste workflows om specifieke be-
perkingen in de huidige praktijk van het monitoren van seismiciteit met lage magnitudes aan
te pakken. Hierdoor verbetert de scriptie de capabiliteiten van seismische monitoring zowel
ter land als ter zee. Door detectie, lokalisatie, modelvalidatie, netwerkontwerp en tijdscor-
rectie draagt deze scriptie bij aan het ontwerp van robuuste en kosteneffectieve seismische
monitoringssystemen. Deze hulpmiddelen ondersteunen de exploitanten en toezichthouders
om verstandige keuzes te maken bij het veilig en duurzaam opschalen van geothermische
energie en de ondergrondse opslag van CO2 in Nederland en het buitenland.
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INTRODUCTION

A very critical attitude is required to avoid reading phases where they are expected to be

Inge Lehmann, 1987, Seismology in the Days of Old

The release of large amounts of CO, into the atmosphere is one of the main factors
driving climate change (Raupach et al., 2007). To reduce CO, emissions, the Dutch gov-
ernment signed the National Climate Agreement in 2019. The agreement sets a target of
a 49% reduction in CO, emissions by 2030, relative to 1990 levels (Government of the
Netherlands, 2019). The agreement highlights the importance of sector-specific strategies.
The heating sector is expected to reduce its CO,-equivalent emissions by 40% in 2030 com-
pared to 2015 (Schoof et al., 2018). To support this reduction, geothermal energy has been
recognized as a reliable low-carbon option for the heating sector. In this context, the Dutch
Geothermal Master Plan aims to scale up geothermal-heat production from 3 to 50 PJ by
2030 (Schoof et al., 2018).

The most common configuration for industrial-scale geothermal-heat production in the
Netherlands is the doublet system, in which water circulates between an injection and a
production well through a deep subsurface reservoir, typically 1.6 —3 km deep (Buijze
et al., 2019). The wells form a production loop in which hot formation water is extracted
through a production well, passes through a heat exchanger at the surface, and the cooled
water is reinjected into the reservoir via an injection well. By re-injecting cooled water back
into the reservoir, these systems help maintain subsurface pressure and extend the reservoir
lifespan (Kamila et al., 2020).

The majority of Dutch geothermal-heat-production licenses are being granted in South
Holland, as shown by the yellow polygons in Figure 1.1. Note that these licenses correspond
to geothermal projects targeting reservoirs at depths greater than 500 m. Throughout this
study, we refer to this type of operation as geothermal-heat production (GHP). Most of
these licenses are for horticultural companies that are changing their heating systems from
gas to geothermal energy. The advantage of geothermal energy is that it can be harnessed
next to the infrastructure it serves and provides constant heat that is unaffected by daily or
seasonal variations.

The injection and extraction of fluids in deep geological formations can lead to stress
changes and fault reactivation (Eaton, 2018). Changes in temperature and pressure are
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Figure 1.1: Map of the Netherlands showing the distribution of active geothermal-heat and CO,-storage (CCS)
licences alongside seismic and geological context. Geothermal-heat licences are shown as yellow polygons, while
red polygons indicate CO, storage (CCS) licences (www.nlog.nl). The complete earthquake catalogue is shown
as red (induced) and blue (tectonic) earthquakes (KNMI, 2023). The seismic receivers of the national seismic
network are shown as black triangles (KNMI, 1993). The province of Zuid-Holland is outlined in blue.



1.1. PASSIVE SEISMIC MONITORING

the main factors affecting stress changes (Buijze et al., 2021). Unlike depletion-induced
seismicity (e.g., in gas production), geothermal operations in permeable sedimentary reser-
voirs primarily can cause fault reactivation through cooling effects (Buijze, 2020; Mathur
et al., 2024). Such stress changes are most pronounced around the injection well. Other
key factors that could lead to fault reactivation are the presence of critically stressed faults,
the magnitude of pressure changes, and the mechanical properties of the reservoir and sur-
rounding formations (e.g., Evans et al., 2011; Foulger et al., 2017). Assessing these factors
is essential for understanding the seismic risks associated with geothermal operations.

To manage seismic risks, GHP operators must adhere to the Seismic Hazard and Risk
Assessment (SHRA), a step-wise procedure. The SHRA includes multiple factors to evalu-
ate the safety of geothermal operations (Mijnlieff et al., 2023). Among these, the following
are relevant to this thesis:

* Fault presence and reactivation potential: Induced earthquakes occur when
changes in stress destabilize existing faults. Critically stressed faults are more sus-
ceptible, but industrial operations can also reactivate faults that were not initially
critically stressed (Moein et al., 2023).

* Historical seismicity: The maximum earthquake magnitude is likely controlled by
regional tectonics (Moein et al., 2023). The tectonic source of strain often controls
the extent of the rupture. The timing, location, and magnitude of earlier events help
constrain the evolution of stress and the likelihood of larger earthquakes.

* Evolution of seismicity: a Traffic Light System is implemented. The system requires
investigation and mitigation when seismic events above 0.3 mm/s PGV are detected.

To assess these factors reliably, regulators require accurate subsurface models and con-
tinuous monitoring systems. In this thesis, we focus on the role of passive seismic monitor-
ing in supporting this assessment.

1.1. PASSIVE SEISMIC MONITORING

Passive-seismic-monitoring (PSM) involves continuously recording ground motions using
a series of receivers (e.g., geophones). The recorded ground-motion data are analysed to
identify natural and/or induced seismic events, identify seismically-active faults, and sup-
port compliance with regulatory traffic-light systems (TLS).

The Royal Netherlands Meteorological Institute (KINMI) operates the Dutch PSM net-
work and provides continuous monitoring of tectonic and induced earthquakes (KNMI,
1993). Figure 1.1 shows the network and the associated earthquake catalogue up to 2023
(KNMI, 2023). Tectonic earthquakes (blue circles) are concentrated in the south of the
Netherlands, where they are linked to active faulting in the Roer Valley Graben (Houtgast
and van Balen, 2000). Induced earthquakes (red circles) are concentrated in the north of
the Netherlands, where they are primarily associated with gas extraction from the Gronin-
gen field and other hydrocarbon reservoirs (Bourne et al., 2014). The catalogue shows no
earthquakes recorded in the province of South Holland, where the majority of geothermal




1. INTRODUCTION

licenses have been granted'. The complete earthquake catalogue of the Netherlands is used
to establish the historical seismicity, which is utilised in the SHRA analysis.

Magnitude of completeness M.

Figure 1.2: Magnitude of completeness of KNMI’s seismic network (Ruigrok et al., 2023). A. Magnitude of
completeness in 2021. B. Magnitude of completeness in 2024. The contour of the Netherlands is shown in black.
The receivers of KNMI’s network are shown as black triangles (KNMI, 1993).

In recent years, KNMI has increased the number of seismic stations installed in areas
where mining activities have taken place’. A denser network allows for the detection of
earthquakes of lower magnitudes. The minimum magnitude that a network can detect is
defined by the magnitude of completeness (M.). Figure 1.2 shows the M, in 2021 (A) and
2024 (B). In 2021, the magnitude of completeness was mostly 1-1.5 in areas where most
geothermal licenses are located. The magnitude of completeness in the same areas was
reduced to values between 0.5-1.0. The high sensitivity of KNMI’s network makes it ideal
for monitoring the traffic light system that regulates geothermal projects.

An important aspect for monitoring GHP is the subsurface model. The Netherlands’
subsurface models, which include lithostratigraphic units, faults, and seismic velocities, are
compiled from active seismic data acquired under the Mining Act and are publicly available
(Pluymaekers et al., 2017). These are used for estimating parameters of the seismicity
recorded by the KNMI network.

I'Muntendam-Bos et al. (2022) reported a seismic event that is not included in KNMI’s catalogue). This event is
analysed in Chapter 2.

2In the Netherlands, the term "mining" includes other uses of the deep subsurface, such as oil and gas production,
geothermal energy, carbon dioxide storage, subsurface storage of other substances, and salt mining.
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1.2. ADVANCING SEISMIC MONITORING

The traffic light system implemented under the SHRA applies conservative thresholds that
guarantee safe geothermal operations. The SRIMA model of induced seismicity, used by
the SHRA, simplifies the fault-reactivation process as a single large slip event during the
project’s lifetime (Fokker et al., 2023). These thresholds are effectively monitored by the
KNMTI’s network, with M, ranging from 0.5 to 1.5 in areas with geothermal licenses.

The detection of seismic events below the traffic light system thresholds provides valu-
able information for geothermal research. Low-magnitude events may indicate processes
such as fluid migration or stress accumulation during injection/production activities (Eaton,
2018). Stress accumulation is a gradual process, and fault reactivation is likely to occur
through multiple low-magnitude seismic events over time (Fokker et al., 2023).

To effectively identify and interpret the underlying process that low-magnitude seismic-
ity indicates, several challenges need to be addressed. These include:

1. Event detection

Low-magnitude seismic events (e.g., those with magnitudes below the magnitude
of completeness) are challenging to detect because their signals have comparable
amplitudes to the ambient seismic noise. Additionally, most GHP projects are often
located in urban environments where ambient seismic noise is higher than in other
areas.

2. Event characterization

If seismic events are detected, we need to estimate their hypocentres to identify their
underlying cause. Accurate event-hypocentre estimations depend on the quality of
the available seismic velocity model. This model describes how seismic waves prop-
agate through the Earth’s subsurface. The seismic velocity of the Netherlands (Pluy-
maekers et al., 2017) contains information about its uncertainty, but this information
is rarely incorporated into hypocentre-estimation methods. To advance geothermal
monitoring, we need to develop methods to quantify and integrate velocity-model
uncertainties into hypocentre estimations.

3. Velocity-model validation

Beyond uncertainty quantification, validating the seismic velocity models remains a
key challenge. If a velocity model is incorrect, event locations will be systematically
biased, reducing the confidence in the monitoring results. Direct validation methods,
such as active-source surveys, are costly. Alternative cost-effective methods need to
be developed for the geothermal industry.

Addressing these challenges is critical for improving our understanding of the subsur-
face response to GHP and enhancing the reliability of seismic monitoring.

1.3. OFFSHORE GEOTHERMAL ENERGY AND CARBON CAP-
TURE AND STORAGE

Advancing our understanding of the subsurface response to geothermal-energy operations
may facilitate the transition from onshore to offshore operations. Offshore geothermal en-
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ergy represents a largely untapped renewable resource, where the seismic risk for the gen-
eral population is minimal. The transition can be achieved by combining knowledge from
other subsurface production/injection technologies.

The North Sea has a long history of oil and gas production that leaves behind wells and
infrastructure that can be repurposed for offshore geothermal-energy production (Sircar
et al.,, 2022). The Netherlands is currently exploring the usage of this infrastructure for
offshore Carbon Capture and Storage (CCS). These projects present an opportunity to test
new technologies that could be used in offshore geothermal energy.

CCS is part of the Dutch strategy to reduce industrial CO, emissions. CCS captures
CO; from industry and injects it into deep formations such as depleted reservoirs and saline
aquifers. Figure 1.1 shows the location of several exploratory licenses in the Dutch North
Sea (Krevor et al., 2023; TNO — Advisory Group for Economic Affairs, 2022).

Safe storage of CO- has similar challenges as GHP. The effective storage depends on
maintaining caprock integrity to prevent it from escaping to the surface (Verdon et al.,
2010). The risk of induced seismicity is also present since injection of fluids changes local
stress conditions and may reactivate faults (Verdon et al., 2010).

To monitor offshore injection operations, we need tools for:

4. Offshore network design

Offshore, the Dutch seismic network has the lowest magnitude of completeness. To
monitor offshore CCS operations, we need to design and install a seismic network
with ocean-bottom seismometers (OBS). This type of seismic sensor can increase the
coverage of the network in offshore settings.

5. Ocean-bottom seismometer clock-error detection and correction

OBS stations do not have access to a Global Navigation Satellite System (GNSS) as
the signal can not reach the sea bottom. This means that their internal clocks are not
synchronised with an absolute reference time and can potentially drift. Clock-drift
errors affect the accuracy of hypocentre estimations.

1.4. RESEARCH QUESTIONS

Several questions arise from this context:

* Since most geothermal doublets are located near industrial or urban areas, how can
microseismic events be reliably detected in high-noise geothermal environments?

* How can the hypocentres of such events be located with quantified uncertainty?

* If we aim to expand geothermal operations offshore, how should offshore monitoring
networks be designed for geothermal operations?

» How can clock errors in ocean-bottom seismometers be corrected to ensure accurate
monitoring of offshore geothermal energy?
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1.5. THESIS AIM AND OBJECTIVES

The aim of this thesis is to contribute to the efforts of the Dutch Climate Agreement (Gov-
ernment of the Netherlands, 2019) by applying and extending passive seismic methods to
support the monitoring of geothermal-energy operations. To achieve this aim, the goals of
this thesis are:

* Detection of low-magnitude seismicity beyond the thresholds of regulatory traffic
light systems, to reveal signals of underlying geomechanical processes, such as fluid
migration and cold-front propagation.

 Characterisation of hypocentre uncertainties by assessing the influence of velocity
models and array configurations on event-location accuracy.

* Design and evaluation of monitoring strategies for offshore operations, with specific
attention to the synchronisation of OBS in the absence of GNSS signals.

* Development of open-source tools that automate key steps in seismic monitoring,
ensuring reproducibility and applicability in both onshore and offshore geothermal
projects.

This thesis is structured into four core chapters that address the research questions pre-
sented above.

1.6. OUTLINE

This thesis is composed of the following chapters:

* Chapter 2: A Workflow for Low-Magnitude Event Detection, Hypocenter Esti-
mation & Uncertainty Quantification
We introduce a comprehensive workflow for detecting and characterising low-
magnitude seismic events in urban geothermal settings. We address two challenges:
(i) the detection of weak seismic events in high-noise-level environments and (ii)
the estimation of their hypocentres accounting for velocity-model uncertainties. We
apply the workflow in Kwintsheul (Netherlands), an area where the KINMI seismic
network has not detected seismic activity.

* Chapter 3: Velocity-Model Validation Using Seismic Interferometry
We explore Seismic Interferometry (SI) as a tool to validate seismic velocity models.
We leverage the geometry of Kwintsheul’s PSM network and the hypocentre estima-
tions to retrieve zero-offset seismic sections. We analyse the zero-offset sections and
validate the seismic velocity model used for hypocentre estimations. Our approach
is a cost-effective way to analyse and validate seismic velocity models using body
waves of seismic events.

* Chapter 4: Experimental Network Design for Seismic Monitoring Offshore
We implement a framework for designing PSM networks for monitoring geothermal-
energy projects. We use a Bayesian Optimal Experimental Design (OED) framework
to reduce the expected hypocentre uncertainties before any data has been collected.
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To test the framework, we design a PSM network for monitoring the K-14 Offshore
CCS project. The CCS field is located in the Dutch North Sea, an area without
coverage of the KNMI’s seismic network.

Chapter 5: Clock Error Correction with Ambient Seismic Noise: Application to
the Reykjanes Geothermal Field

We address the challenge of synchronising OBS clocks for offshore geothermal mon-
itoring. We introduce a method that synchronises OBS clocks using the time sym-
metry of noise cross-correlations. We apply this method to data from the IMAGE
network, which monitored geothermal activity on the Reykjanes peninsula in Ice-
land.

Chapter 6: Conclusions and Future Work

We summarise our findings and their implications for seismic monitoring of geothermal-
energy projects. We discuss the broader impact of the developed methodologies and
highlight potential future research directions.

The thesis presents a complete PSM workflow for monitoring geothermal energy that
can be applied in onshore and offshore environments. The workflow is summarised in
Figure 1.3.
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Workflow for characterizing microseismicity of
Dutch geothermal operations

Is there a monitoring network | No

) > Network design
in place?

Yes Install the monitoring network
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Figure 1.3: Workflow for characterising microseismicity in Dutch geothermal operations. The main sequence
consists of waveform-data management, seismic-event detection, seismic-event characterisation, and velocity-
model validation, forming the basis for interpreting microseismicity. If no monitoring network is in place or
if stations lack accurate time synchronisation, additional preparatory steps such as network design and clock
correction are required. These supporting steps are addressed in later chapters, as indicated.
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A WORKFLOW FOR
LOW-MAGNITUDE EVENT
DETECTION, HYPOCENTER
ESTIMATION & UNCERTAINTY
QUANTIFICATION

If one believes in Bayes’ theorem, scientific progress is inevitable as predictions are made
and as beliefs are tested and refined.

Nate Silver

The detection and hypocentre estimation of seismic events determines how well we can
monitor seismicity related to geothermal-energy operations. Their detection can provide
valuable insights into reservoir behaviour, whereas their hypocentres indicate the pres-
ence of faults or induced seismicity. There are two significant challenges when monitoring
the seismicity in Dutch geothermal operations: i) detecting signals from seismic events as
noise levels are typically high in regions hosting geothermal operations, and ii) accurately
estimating their corresponding hypocentre and uncertainty. In this chapter, we present a
comprehensive workflow for the detection and characterisation of low-magnitude seismic
events. We integrate data preparation, template-matching, and machine-learning-based
event detection, probabilistic hypocentre estimation, and local magnitude calculation. We
apply our workflow to four months of recordings in Kwintsheul, Netherlands, where a low-
magnitude seismic event was reported in a previous study. With our workflow, we detect
six weak seismic events (local magnitude M, < 0.0) near a local fault and a geothermal
injection well. These events suggest the presence of a recurring microseismic sequence.
However, the nature of these events is unclear because of the uncertainties related to the
seismic velocity model, the short monitoring period, and the limited azimuthal coverage of

This chapter has been published as a journal paper in the Netherlands Journal of Geosciences (Naranjo et al.,
2025). Note that we changed parts of the original publication to make the text consistent with this thesis.
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2. SEISMIC MONITORING OF KWINTSHEUL’S GEOTHERMAL DOUBLET

the PSM network. Our workflow offers a scalable solution for enhancing seismic monitor-
ing, particularly in urban geothermal settings.

2.1. INTRODUCTION

The Netherlands is expanding the use of geothermal heat to reduce carbon emissions and
support the transition to low-carbon heating systems. Understanding the subsurface pro-
cesses associated with geothermal-heat production is essential to optimise resource extrac-
tion and ensure long-term sustainability. These processes, such as fluid migration and fault
reactivation, are often accompanied by low-magnitude seismic events. Therefore, seismic
monitoring is a key tool for characterising geothermal reservoirs.

In 2018, a geothermal doublet became operational in Kwintsheul, South Holland, to
heat 64 hectares of greenhouses. At that time, the coverage of the Dutch Meteorological
Institute’s seismological network (KNMI, 1993) was still relatively sparse in the province
of South Holland, as shown in Figure 2.1. In 2019, a temporary passive seismic network
was installed to study the interaction between the geothermal operation and the underlying
geological structures. During this monitoring period, a seismic event with a duration mag-
nitude (M) of 0.16 was detected on July 14, 2019 (Muntendam-Bos et al., 2022). This
event suggested the presence of more low-magnitude seismicity in the region, motivating
us to investigate the feasibility of detecting additional events in the recorded data.

Monitoring low-magnitude seismicity around geothermal operations is challenging in
the Netherlands. Many of these operations are located in noisy urban environments, where
low-magnitude events are difficult to detect due to strong background noise (Groos and
Ritter, 2009). This raises a fundamental question: how can we effectively monitor low-
magnitude seismicity in such settings to better characterise subsurface processes?

We address this question by presenting a comprehensive workflow for detecting and
characterising low-magnitude seismic events in urban areas. The workflow integrates data
management, machine-learning-based event detection, and probabilistic hypocentre esti-
mation, providing a portable approach to seismic monitoring. We apply this workflow to a
four-month monitoring period in Kwintsheul and demonstrate its effectiveness in detecting
previously unreported seismicity. Our findings highlight the importance of dense seismic
arrays to enhance redundancy and azimuthal coverage, which is crucial for detecting and lo-
cating low-magnitude seismicity. The results provide insights into ongoing low-magnitude
(M<0) seismic activity.

2.2. GEOLOGICAL CONTEXT AND SEISMICITY IN THE NETHER-

LANDS

The complete earthquake catalogue for the Netherlands and surrounding regions (KNMI,
2023) indicates that natural seismicity is concentrated in the Roer Valley Graben (RVG), de-
picted as red circles in Figure 2.1. These events are associated with the northeastern exten-
sion of the active faults bounding the Lower Rhine Graben (Houtgast and van Balen, 2000).
Induced seismic activity is concentrated in the northern Netherlands, particularly in the
Groningen region, linked to gas extraction (Muntendam-Bos et al., 2022). These induced
events, shown as blue circles in Figure 2.1, are typically low in magnitude (M < 4.0).
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Figure 2.1: A) Regional distribution of seismicity in the Netherlands, main structural features, and location of
the Kwintsheul geothermal doublet. The epicentres from the complete KNMI earthquake catalogue (1920-2021)
(KNMI, 2023) are shown in red (natural seismicity) and blue (induced seismicity) circles. The stations of KNMI’s
permanent seismic network (operational from July 22, 2019, to November 9, 2019) are shown in green (KNMI,
1993). The West Netherlands Basin (WNB), Groningen region, and Roer Valley Graben (RVG) are highlighted,
and the individual faults (v. Gessel et al., 2021) are shown in grey. The orange polygon delineates the province
of South Holland, where the Kwintsheul geothermal doublet is located (black square). B) Enlarged view of the
Kwintsheul geothermal-heat-production site. The injector well (KW-GT-01) is shown in blue, and the producer
well (KW-GT-02) is shown in red. The temporal monitoring seismic stations are shown in dark red triangles. These
were operational from July 22 to November 9, 2019. The background map tiles are provided by OpenStreetMap
(OpenStreetMap contributors, 2017)

Kwintsheul is located on top of the West Netherlands Basin (WNB) in the province of
South Holland. To this date, no seismic activity has been detected in this region by the
Dutch seismic-monitoring network (KNMI, 2023). The WNB is a 60-km-wide transten-
sional basin that forms part of a failed rift system (Boersma et al., 2021). It contains NW-
SE-oriented normal faults and consists of Permian to Tertiary deposits that reach thick-
nesses of up to 5 km, with a well-connected fault system throughout (Duin et al., 2006;
Worum et al., 2005; Boersma et al., 2021).

The location of the geothermal doublet is depicted in Figure 2.1.B. The injection and
production wells reach a depth of approximately 2300 m, targeting the Delft Sandstone
Member. The separation between the two wells is approximately 1500 m at reservoir depth.
Until 2020, the Royal Netherlands Meteorological Institute (KINMI) reported a magnitude
of completeness (M) of 1.0 around Kwintsheul. Earthquakes below this threshold are
likely to remain undetected (Muntendam-Bos et al., 2022; Ruigrok et al., 2023)L,

1Following a reanalysis, KNMI identified that the magnitude-of-completeness estimate was based on detections
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2.3. WORKFLOW FOR SEISMIC MONITORING

To characterise seismicity around Kwintsheul’s geothermal operation, we adopted a multi-
stage workflow designed to manage seismic data, detect seismic events, and characterise
their hypocentres and magnitudes (Figure 2.2). The workflow begins with data preparation,
which includes managing seismic-waveform data, station information, and retrieving local
velocity models. Next, event detections are performed using a combination of template-
matching and machine-learning-based detection techniques. Finally, the detected events are
characterised by estimating their hypocentres and magnitudes, accounting for uncertainties
in both observed and theoretical phase arrival times. The following sections provide a
detailed description of each stage in the workflow.

Data Management Event Detection Hypocenter Estimation

Machine-learning event detection . oo T
Waveform data No < ) Observed Phase arrivals |y Equal-Differential-Time
+  Seismic waveforms Step 1: Image Function Likelihood Function
+ Station information Use for

o Tools: Generalized Phase Detection in Qseek
calibration e e e = = ===
>

Step 2: Stacking and migration
Tools: Qseek

+ Events

Tools: Pyrocko (squir- |y

rel) Complete probabilistic

solution

Useas Template-matching event detection Hypocenter location
Yes | templates Tools: E and uncertainties
i el EEaEE Theoretical Phase
Arrival . .
Tor;:'a;ykonal Local Magnitude Estimation

Velocity model Travel time

=

Previous seismicity with waveforms?

retrieval Tools: Monte Carlo N
Tools: Preseis Sampling Peak amplitude extraction

Local-magnitude calculation
Station filtering

Figure 2.2: Workflow for seismic-event detection, location, and characterisation. The process is divided into four
main stages: Data management, Event Detection, Hypocenter Estimation, and Local Magnitude Estimation.

2.3.1. DATA MANAGEMENT

WAVEFORM DATA

Our workflow begins with preparing seismic waveform data and station metadata. We use
the Squirrel package from the Pyrocko toolbox (Heimann et al., 2017) to manage these
datasets. Its metadata caching allows quick inspection, helping us detect and resolve issues
such as gaps or timing errors.

VELOCITY-MODEL RETRIEVAL

As part of the data management stage, we also retrieve the velocity model required for
hypocentre inversion. In this study, we use Velmod (3.1), the Dutch regional seismic ve-
locity model (Pluymaekers et al., 2017). Velmod is a 3D velocity model that integrates
velocities measured in boreholes (sonic logs and check-shot data) with stacking velocities
derived from seismic surveys. It provides a 3D distribution of seismic velocities and in-
cludes estimates of their uncertainties. Further details regarding the parameterisation of
Velmod 3.1 are provided in Section 2.3.3. To retrieve the local velocity cube from Velmod,
we use PRESEIS (Kraaijpoel, 2025), which extracts the region of interest and outputs the

at only three stations, while their operational software required at least five stations for reliable event detection.
As aresult, the actual detection threshold was higher, likely above My = 1.5.
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model as a multidimensional array in Xarray format (Hoyer and Hamman, 2017). The
next stage of the workflow involves event detection and preliminary locations.

2.3.2. EVENT DETECTION

TEMPLATE-MATCHING DETECTION—EQCORRSCAN
As the waveforms of a previously detected seismic event are available, we use template
matching (TM) to identify additional events with similar waveform characteristics. In this
method, previously detected events serve as templates, which are cross-correlated with con-
tinuous waveform recordings from multiple seismic stations to find matching events. Events
identified through this process are known as repeating microearthquakes, as they exhibit
high waveform similarity across different stations (e.g., Menke, 1999; Ellsworth, 1995).
These events often originate from a concentrated volume of hypocentres and provide valu-
able insights for monitoring induced seismicity.

Template matching was performed using the open-source Python package EQcorrscan
(Chamberlain et al., 2017). The preprocessing parameters and threshold values for the
template-matching are presented in Section 2.5.1.

MACHINE-LEARNING EVENT DETECTION

Machine-learning event detection involves two steps. First, we identify the onset times of
seismic phases, such as P- and S-waves, by distinguishing their unique signal attributes
from background noise. Second, we associate these seismic phases across multiple stations
with a single seismic event. These steps are explained in detail below, and the preprocessing
parameters are introduced in Section 2.5.

STEP 1: WAVEFORM IMAGE FUNCTION

Deep-learning phase-picking models are trained on large datasets of manually labelled seis-
mic phases (Soto and Schurr, 2021; Mousavi et al., 2020). These models convert seismic
waveforms into time series known as image functions (or characteristic functions), which
quantify the probability of a P-phase, S-phase, or noise being present in the waveform (Zhu
and Beroza, 2019). An example image function generated from single-station waveforms
is shown in Figure 2.6 in Section 2.5.1. A phase detection is declared if the probability is
above a certain threshold.

We select the Generalised Phase Detection (GPD) model, which was trained to detect P-
and S-phases from events with magnitudes between —0.81 and 5.7 and epicentral distances
of less than 100 km (Ross et al., 2018). The model was trained using hand-labelled data
archives from the Southern California Seismic Network (California Institute of Technology
and United States Geological Survey Pasadena, 1926), which included 1.5 million P- and
S-wave seismograms and an equal number of 4-second noise windows.

STEP 2: STACKING AND MIGRATION—QSEEK

To associate the neural network’s phase annotations with a coherent seismic source, we ap-
ply the stacking and migration approach implemented in the Qseek software (Isken et al.,
2025). Figure 3 illustrates the stacking and migration approach, where the seismograms are
annotated with the first arrivals of the P- and S-phases using a pre-trained neural network.
The magnitude of each annotation represents the model’s certainty in the phase arrival.
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These annotations are backprojected onto a subsurface grid according to theoretical travel
times and stacked at each node. The node with the most constructive stack corresponds
to the maximum semblance (i.e., coherence of arrivals). If this value exceeds a predefined
threshold, the algorithm indicates a detection and assigns the corresponding node as the
most likely location of the seismic event.

We describe the selection of preprocessing parameters and detection thresholds in Sec-
tion 2.5.1.

Shifted Image Function

A1 C.1 Stack

s

Shift TT

A2 C.2

Shift TT

o
-

Depth

Semblance (normalized)

Distance

Figure 2.3: Conceptual 2D illustration of the stacking-and-migration procedure used in Qseek (Isken et al., 2025).
A.1 Positive image functions recorded at the receiver array (yellow triangles) after shifting each trace by the
predicted P-wave travel time from the blue candidate node shown in B. The pulses remain misaligned, and the
resulting stack (C.1) displays low coherence. A.2 Image functions shifted by the travel times from the red candidate
node in B. The shifts align the pulses coherently, producing a sharp, high-amplitude peak in the corresponding
stack (C.2). B. Two-dimensional search grid beneath the array. The colourmap denotes the maximum normalised
semblance obtained at each node. The blue and red squares indicate the two candidate nodes evaluated in panels
A.l and A.2.

2.3.3. HYPOCENTRE ESTIMATION

Hypocentre inversion aims to estimate the spatial location Xg (often-times together with
the origin time Tp) at which energy is released during a seismic event using the arrival
times of seismic phases at various seismic stations. It involves solving both the forward
and the inverse problem. In the forward problem, theoretical seismic-phase arrival times
are computed, simulating the travel times of seismic waves originating from a (potential)
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hypocentre to various receiver stations. The inverse problem seeks to identify the solution(s)
that minimise the differences between theoretical phase arrivals (#.4;c) and observed phase
arrivals (Z,ps). Note that different hypocentres may satisfy the fitting criterion, and small
perturbations in the input data (e.g., arrival times) can lead to significant changes in the
inferred hypocentre. Therefore, we are interested not only in the model parameters that
best fit the observed data but also in the overall volume of solutions and their associated
uncertainties.

OBSERVED PHASE ARRIVALS AND ASSOCIATED UNCERTAINTY

An observed phase arrival corresponds to the (picked) onset time of the first measurable
seismic energy recorded on a seismogram. Due to potential errors in picking the onset
time, it is more accurate to represent a phase arrival as a probability density function rather
than a scalar value. Following [Lomax et al. (2009), we use a normal distribution to describe
an observed phase arrival. The key parameters for the hypocentre estimation are the mean
of the distribution, #,5s, and the corresponding standard deviation, o ,ps. Figure 2.4 illus-
trates how these terms are derived from the picking process and the corresponding observed
phase-arrival distribution. We manually reviewed and selected the phase arrival times and
their associated uncertainty.

Station 001 - 2019-07-14T08:48:31.630000Z

—— Seismic Trace
0.050- | ~——- P-wave Arrival (tops)
—— pdf-P wave arrival (02, = 0.05)

0.025-

0.000-

—0.025-

—0.050-

—0.075-

Normalized Amplitude

—0.100-

-0.125- | . . . . . . . .
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40

Time (s)

Figure 2.4: Illustration of a p-phase arrival time and associated picking uncertainty. The blue line represents a
seismic trace, while the green line is a normal distribution that describes the uncertainty of the phase arrival time.
Note that the normal distribution is scaled for visual clarity, and its integral equals one. The label on the vertical
axis only applies to the seismic trace amplitude.

THEORETICAL PHASE ARRIVAL TIMES

Estimating the hypocentre requires a model to compute theoretical phase arrival times,
which are then compared with the observed phase arrival times. The theoretical phase
arrival, t.4;¢, results from the solution of the forward problem. To compute t.4;., We re-
quire the receiver’s location, a hypocentre location (our guess), and the forward function u
describing the propagation time from the hypocentre’s location to the receiver’s location.
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The theoretical phase arrival time is defined as
Leaic(Xs,Xr, t0, Vimodel) = 0 + U(Xs, Xy, Vmodel)- (2.1

In this study, we adopt an infinite frequency approximation (Lin and Ritzwoller, 201 1).
Specifically, u exploits the fast Marching Method (FMM) (Sethian and Popovici, 1999),
implemented in the PyKonal Python Package (White et al., 2020). Besides being contin-
gent on the validity of the infinite frequency approximation, the accuracy of the estimated
travel time depends strongly on the accuracy of the velocity model vipodel-

TRAVEL-TIME UNCERTAINTY
The accuracy of the velocity model vi,edel directly affects the accuracy of the theoretical
phase arrival times, which in turn impacts the reliability of the hypocentre inversion. The
velocity model should closely represent accurate velocities in the subsurface and, as such,
correctly account for the interaction of the phases with the different lithostratigraphic units
and their geometry. Variations in subsurface properties, such as layer thicknesses or velocity
gradients, can lead to deviations between the theoretical and observed phase arrivals. To
account for these variations, the velocity model must incorporate both mean velocity values
and measures of variability, such as standard deviations or probability distributions. These
can be used as inputs to estimate the uncertainties of the theoretical phase arrivals.

The following steps detail the procedure we use to estimate the standard deviation of
0O calc» Which is subsequently used in the likelihood function:

1. Retrieve the velocity profile: Select a 1D velocity profile with well-defined mean
velocity values and standard deviations for each geological unit (see Section 2.4.2).
For this study, the profile is taken from the surface location of Kwintsheul’s geother-
mal doublet.

2. Monte Carlo Sampling: Use the mean velocity values and their standard deviations
to generate multiple realisations of the velocity model, perturbing the mean velocities
by sampling from their respective distributions.

3. Recalculate theoretical phase arrivals: For each perturbed velocity model, recom-
pute the 7.4 at the maximum likelihood hypocentre.

4. Quantify variability: Compute the standard deviation of the recalculated 4. val-
ues across all realizations. This standard deviation represents o 4.

The resulting o4 quantifies the uncertainty in the theoretical phase arrival times
caused by variability in the velocity model. This value is subsequently used in the likelihood
function to account for travel-time uncertainties in hypocentre estimation. It is important to
note that we did not consider potential correlations of the calculated travel times between
different stations. Ideally, this would have been the case, but to limit the computational
burden, we chose not to do so.
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EQUAL-DIFFERENTIAL-TIME LIKELIHOOD FUNCTION

A likelihood function is used to quantify how likely it is that a specific hypocentre could
explain the observed phase arrival times. The Equal-Differential-Time formulation (Font
et al., 2004) is an approximation that allows removing the origin time from the unknown
parameters. It is also robust in case of outliers (Lomax et al., 2009). If a hypocentre X is
perfectly determined within the Earth model, and in the absence of noise, the time difference
between the calculated phase arrivals at two seismic stations a and b should be equal to the
difference between their corresponding observed phase arrivals, i.e.,

e —t? 2.2)

a b
t ! obs ~ “obs*

calc ™ ‘calc =

A reliable hypocentre estimation requires accounting for the uncertainties related to

the theoretical phase arrivals and observed phase arrivals. Accounting for these terms, the
likelihood of the hypocentre becomes

N
1 (g = o) = (16010 0%6) = 1,1, 6]
Lixs) = Z -exp(— obs __“obs zcalc 23 calc i 2.3)
a,b 0§+Ui Oat 0y

where L(xs) estimates the Gaussian likelihood of the hypocentre xs. The terms ¢, - and
tf)’bs are the observed arrival times at seismic stations a and b, while tfalc(xs) and tfalc(xs)
are the corresponding modelled arrival times. The variances of the observed and theoretical
phase arrivals of stations a and b are denoted by o2 and 02, respectively.

For stations a and b, the total uncertainty is expressed as

2 _ 2 2

0q= Uobs,a + Ucalc,a’

2 _ 2 2
Ub - Uobs,b + Ucalc,b’ (2'4)

where 02, and 02, , represent the uncertainties in the observed phase arrivals at stations

obs,a obs,b
a and b, respectively, and o2 and o2 correspond to the uncertainties in the theoretical
calc,a calc,b

phase arrivals. These combined uncertainties are used in calculating the likelihood function
L(xs), which measures the agreement between the observed and theoretical arrival times for
a given hypocentre xg.

L(xg) reaches its maximum value when the differentials of the observed and theoretical
phase arrivals are equal, hence the term Equal Differential Time (EDT). Since the summa-
tion over observations occurs outside the exponential, the EDT probability density function
(PDF) attains its highest values at locations where the most observation pairs are satisfied,
making it robust against outliers (Lomax et al., 2009). Additionally, the EDT PDF is inde-
pendent of the earthquake’s origin time.

COMPLETE PROBABILISTIC SOLUTION—POSTERIOR SAMPLING
Tarantola and Valette (1982) introduced a general methodology to obtain a complete prob-
abilistic solution of a seismic event’s hypocentre by computing the posterior probability
distribution (PPD)

(m) = xp(m)L(m). 2.5)
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Here, m is the model parameter vector, which includes the hypocentre’s spatial coor-
dinates (x,y,z). In this equation, x is a normalisation constant that ensures the posterior
integrates to one, p(m) is the prior PDF representing prior knowledge of the model param-
eters, and L(m) is the likelihood function representing how well the observed data fits a
given set of model parameters. In our case, the likelihood is estimated through equation
(2.3), which effectively removes the origin time from m (as explained in Section 2.3.3). It
should be understood that this likelihood is an approximation of the true Gaussian likeli-
hood function in the sense that the correlation between different arrival time differences is
ignored. In principle, these can be accounted for using a covariance matrix (Spetzler et al.,
2024). This, however, would require us to limit the number of arrival-time differences to
N -1 (where N is the number of stations for which a P-wave arrival-time pick is available).
In this study, we choose to adopt the likelihood proposed by Lomax et al. (2009), which is
based on all arrival-time differences (N(N —1)/2).

In principle, any set of model parameters can be arbitrarily chosen to calculate theoreti-
cal phase arrivals. However, prior information, often based on fundamental laws or physical
constraints, can indicate whether a set of parameters is feasible. Here, we use a uniform
prior probability density that assumes that any model parameter has an equal probability of
explaining the observed data:

p(m) = const. (2.6)

L.e., we assign equal a priori probabilities to equal volumes. Note that the prior is not
completely uninformative, as we still choose a search area.

The spatial domain must be discretised into a grid to perform numerical computa-
tions. Each grid cell represents a surrounding region (AxAyAz), which must be sufficiently
small to ensure the probability distribution remains approximately constant within the cell
(Mosegaard and Tarantola, 1995). Consequently, the probability associated with a point
in the grid denotes the probability that the hypocentre falls within the surrounding region
represented by the grid cell.

The marginal PDF of the hypocentre can be estimated by integrating over specific pa-
rameters in the model parameter space. The marginal PDF of the epicentral location can be
obtained by integrating over the depth parameter z as:

Zmax
Txy(x,y) = f p(m)L(m) dz, 2.7
Zmin

where the limits of integration represent the plausible range of hypocentral depths.

The marginal PDF for the depth, 7,(z), can be obtained by integrating over the epi-
central coordinates x and y from the full posterior distribution. This process effectively
reduces the three-dimensional posterior PDF to a one-dimensional distribution along the
depth axis, which allows us to understand the uncertainty specifically related to the depth
of the hypocentre. The depth PDF is computed as:

Xmax [*Vmax
m@= [ [ pmzom axay, 28)
Xmin

‘min

where the integration bounds represent the plausible spatial extent of the epicentre.
The spatial uncertainty of the seismic events is quantified by analysing the depth’s
marginal PDF n,. We define the uncertainty range as the interval where the likelihood
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values exceed 95% of the maximum likelihood, ensuring it encompasses the most probable
depth values. We refer to this range as the 95% confidence interval.
To estimate this range, we follow these steps:

1. Identify the maximum likelihood value, Lyax, from the 3D posterior distribution.

2. Define a threshold at 95% of Lpyax, above which depth solutions are considered sig-
nificant.

3. Calculate the mean likelihood over x and y. The depth uncertainty range is deter-
mined as the interval [Zmin, Zmax] Where the mean likelihood exceeds the threshold.

4. The depth uncertainty is given by Az = Zmax — Zmin-

The probabilistic hypocentre determination provides the spatial coordinates and depth
of each event, along with their associated uncertainties. These results serve as essential
inputs for the next step: estimating event magnitudes.

2.3.4. LoCcAL MAGNITUDE ESTIMATION
We estimate the local magnitude (M) of the events following the methodology described
by Dost et al. (2004). This approach uses the observed peak amplitudes from seismic wave-
forms, corrected for distance-dependent attenuation. The attenuation correction factor was
calibrated using a set of induced earthquakes at approximately 3 km depth in the Groningen
area (Dost et al., 2004).

The procedure for estimating the 1/ involves the following steps:

1. Waveform preparation: Seismic waveforms are detrended and preprocessed using
instrument-response corrections to obtain Wood-Anderson-equivalent amplitudes.
We use only horizontal components of the waveform, corresponding to S-wave ar-
rivals, for magnitude estimation.

2. Peak amplitude extraction: For each horizontal trace, the absolute peak amplitude
(Awa) is identified. Here, Ay 4 is the maximum averaged horizontal-displacement
amplitude of a simulated Wood-Anderson instrument, expressed in millimetres.

3. Local-magnitude calculation: The local magnitude for each station is computed as

My, =1og;o(Awa) +1.33log, o (R) +0.00139R +0.424 2.9)

(Dost et al., 2004), where Ay, is the observed peak amplitude of the simulated
Wood-Anderson displacement, and R is the hypocentral-distance correction term.

4. Station filtering: Magnitudes are calculated for all stations that recorded the event,

and the median magnitude is used as the event’s My. Stations with anomalous devi-
ations from the event-wise mean are excluded.
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2.4. DATA

2.4.1. WAVEFORM DATA

The temporary seismic network in Kwintsheul was operational from July 22, 2019, to
November 9, 2019 (Muntendam-Bos et al., 2022; Naranjo et al., 2022). The network con-
sisted of 30 three-component force-balance Seismotech geophone sensors, which recorded
at a bandwidth of 0.2 to 100 Hz at 250 sps. These were installed on the surface. . The
geometry of the network consisted of two intersecting lines, each composed of 13 stations,
covering an area of approximately 3.8 km?. These stations were installed with an average
in-line spacing of 150 meters. The layout was designed to record ambient seismic noise
for consecutive illumination analysis and application of body-wave seismic interferometry
(e.g., Panea et al., 2014). Additionally, an outer ring of four peripheral stations surrounded
the array, encompassing an 18 km? area around the injection point of the geothermal dou-
blet. The goal of the peripheral stations was to increase the azimuthal coverage for the
location of events and a more robust estimation of hypocentral depths. The network’s lay-
out and the location of the geothermal doublet are shown in the inset of Figure 2.1.

As explained in Section 2.3.1, we assess the completeness of the available seismic wave-
form data. Figure 2.5 provides an overview of the data, with vertical lines indicating gaps
in the data that directly affect the detection results and hypocentre estimations (see Section
2.5).

The most significant data gaps are observed at stations 027, 029, and 030. These stations
are part of the outer ring designed to improve azimuthal coverage and extend the array’s
reach (Figure 2.1). Specific details regarding these gaps include:

¢ Station 029 stopped recording on July 18, 2019.
¢ Station 027 stopped recording on August 16, 2019.

* Station 030 experienced intermittent gaps and stopped recording on September 29,
2019.

The effects of these gaps on detection capabilities and hypocentre estimations are further
detailed in Section 2.5.

2.4.2. SEISMIC-VELOCITY MODEL
We compute theoretical phase arrivals and travel-time uncertainties (Sections 2.3.3 and
2.3.3) using Velmod 3.1 (Pluymackers et al., 2017). Velmod provides both the mean ve-
locities and corresponding uncertainties for each geological unit. It is parameterised as
follows: . ‘ ‘

Vil (@) = N (Vg oM + k- 2, (2.10)
where Vl‘f{lit (z) is the P-wave velocity at depth z, VO"”” is the mean velocity at the top of
the unit, 0"/! is the standard deviation of the velocity, and « is the velocity gradient within

4
the unit. For additional details on retrieving the velocity model, refer to Section 2.3.1.
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Figure 2.5: Overview of seismic waveform data visualized using Snuffler (Heimann et al., 2017). Continuous
colours indicate sections without gaps, while colour changes highlight interruptions in the data.

2.5. RESULTS

2.5.1. EVENT DETECTIONS

The magnitude M ; 0.16 event reported in Muntendam-Bos et al. (2022) raised the ques-
tion of whether more seismicity occurred below Kwintsheul. We, therefore, applied the
template-matching detection routine (see Section 2.3.2) using the waveforms from the re-
ported event as templates. To enhance the signal, we apply a band-pass filter between 4 Hz
and 20 Hz and use templates with a length of 1 s following the P- and S-wave phase arrival
time. We use templates for each station channel (i.e., P-wave for vertical components and
S-wave for horizontal components). As a result, we identified five additional seismic events
with near-identical waveforms. Together with the event reported in Muntendam-Bos et al.
(2022), this gives six events.

Building on the six identified seismic events, we calibrate the machine-learning de-
tection routine. Among several deep-learning arrival-time picking models, we select the
Generalised Phase Detection (GPD) model (Ross et al., 2018), whose training dataset in-
cludes low-magnitude events (see Section 2.3.2 for details). To ensure consistency with the
features learned by the GPD model, we apply the same preprocessing: a high-pass filter
at 2 Hz and resampling to 100 Hz. Note that these processing parameters deviate from
those of the template-matching routine. We select P- and S-pick thresholds of 0.3 based
on the analysis of image functions for the identified events. Figure 2.6 shows an example
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image function generated using these threshold values. When the image function exceeds
the threshold, a phase arrival is annotated in the time series.
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Figure 2.6: Seismic waveforms of the A) East, B) North, and C) vertical components from station 001 of the
temporary seismic array installed in Kwintsheul. (D, E) Corresponding annotated image functions of P- and S-
waves using the GPD model with P- and S-pick thresholds of 0.3.

The annotated image functions are the input for the stacking and migration approach
explained in Section 2.3.2. To improve the accuracy of stacking and migration, we define
a 1D velocity model retrieved at the location of the injection well. This velocity model
is used by Qseek to estimate the travel-time shifts (see Figure 2.3.A). We select a maxi-
mum semblance threshold of 0.8, which enabled us to detect five of the six events used for
calibration.

In total, the machine-learning detection routine identified 65 events that exhibit co-
herent seismic signals across the seismic array. We classified these events based on their
waveform characteristics and spatial distribution. The detection statistics are summarised
in Figure 2.7, and further details on each category can be found in Section 2.5.2 below.

A limitation of the machine-learning detection routine is the disproportionately large
number of detections produced when fewer sensors are recording. After the association
step outlined in Section 2.3.2, the detection workflow yielded 17,108 detections. However,
16,812 occurred on just six specific dates when station coverage was particularly low (<
50%). These dates and the number of sensors operating at those times are summarised in
Table 2.1.
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Figure 2.7: Summary of machine-learning detection outcomes. The left chart categorises the trigger detections
based on station coverage. In blue, detections during periods of poor station coverage (<50%); in green, detections
during adequate station coverage (>50%). The middle chart highlights the filtered dataset (after discarding the
events on poor-station-coverage dates), displaying coherent events (green) versus false (incoherent) detections
(blue). The right chart classifies these coherent events by event characteristics (green = microseismic cluster at
2.3 km depth, blue = events to the east, grey = controlled explosion, and red = other events). These groups are
explained in Section 2.5.2.

Table 2.1: Summary of days with fewer than 16 operational stations and elevated detection numbers.

Date Number of available stations  False Detections
June 29, 2019 6 2786

July 9, 2019 15 36

July 18, 2019 13 119

July 19, 2019 4 4386

July 20, 2019 5 8409
November 8, 2019 7 1076

2.5.2. WAVEFORM CHARACTERIZATION

The 65 events detected in Kwintsheul can be categorised based on their waveform attributes
into i) microseismic cluster, ii) eastern events, iii) other events, and iv) a controlled explo-
sion.

1. Microseismicity cluster: corresponds to six events that exhibit clear, impulsive P-
and S-wave arrivals with frequencies between 5 and 50 Hz (see Figure 2.8) and P to
S-wave delays of approximately 1.8 seconds. The character of the phase arrivals is
impulsive, with a clear, sudden onset. P-waves are most prominent on the vertical
component recordings, whereas the S-waves are most pronounced on the horizontal
components.

2. Eastern Events: correspond to 55 coherent events coming from the East of the array.
These events exhibit frequencies from 1 to 25 Hz for P-waves and 1 to 12 Hz for the
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later arriving waves (delayed by approximately 4 seconds with respect to the impul-
sive P waves; see Figure 2.9.A and 2.9.B). In an attempt to estimate their hypocentres,
we found that they appear to originate at or close to the Earth’s surface. Since there is
no mechanical argument for having earthquakes originate at depths less than approx-
imately 200 m (unconsolidated sediments do not allow for seismic stress release), we
believe that they, in fact, originated at the Earth’s surface. The lack of a clear S-wave
arrival supports this conclusion. We did not include the hypocentre inversion results
because the high azimuthal gap (>250) renders the posterior very broad (although it
is clear that they come from the East).

3. Other Events: correspond to three events that exhibit three pulses of low-frequency
waves in the vertical component. The spectrogram analysis (Figure 2.9.C and 2.9.D)
reveals that the energy is predominantly concentrated along the vertical component,
with frequencies ranging between 5 and 10 Hz. The energy travels primarily verti-
cally as the signals arrive almost simultaneously at all stations. There is, furthermore,
no clear evidence of an S-wave associated with these events.

4. Controlled Explosion: corresponds to a controlled explosion in the North Sea on
2019-10-15 at 17:47:11, also reported in the International Seismological Centre’s
On-Line Bulletin (ISC, 2025) with Event ID 618929881.

2.5.3. HYPOCENTRES AND MAGNITUDES

To investigate the spatial distribution of the microseismicity cluster, we derived their
maximum-likelihood hypocentre solutions with 95% confidence intervals as error bars
shown in Figures 2.10.A, 2.10.B, and 2.10.C. The hypocentres of the microseismicity
cluster are located at approximately 2.3 km depth, with vertical uncertainties ranging from
267 to 735 m (Table 2.2).

Events on 2019-09-11, 2019-10-02 and 2019-10-06 have different depth hypocentre val-
ues ( 2.1 km), as shown in Table 2.2. These events lack an observed phase arrival recorded
at any peripheral station. This increased their azimuthal gap, resulting in a higher depth
uncertainty. The influence of peripheral stations on hypocentre confidence intervals is il-
lustrated in Appendix A.l (Figure A.1).

To contextualise the hypocentre solutions with the known faults in the Kwintsheul area,
we compare them in Figure 2.10.D against the mapped faults, the geothermal doublet, and
the seismic stations. The interpretation of these mapped faults is derived from a regional
3D seismic dataset reprocessed in 2012, covering approximately 1200 km? in the West
Netherlands Basin (Merrifield, 2012), and was provided by Peeters (2025). The six seismic
events lie close to a local fault as well as the injection well, as shown in Figure 2.10.D.
We estimated the minimum distance from each event to the nearest point on the closest
fault, finding values ranging from 265 m to 434 m. Since the uncertainties in the X, Y, and
Z coordinates are high, it is not possible to confirm whether the events originated on the
fault. However, their spatial proximity makes an origin on the fault plausible. Activation
of smaller fractures near the injection well is also feasible, although this is considered less
likely in permeable sandstones, where pre-existing fractures are less common than in more
brittle lithologies such as carbonates or granites. Nevertheless, thermally-induced stresses
could potentially trigger such minor fractures.
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Figure 2.8: Analysis of the seismic event on 2019-07-15T12:11:51. (A) Waveforms of the event band-pass filtered
between 4 and 20 Hz. (B, D) Map views and cross-sections showing the probability distribution of the event
location are displayed on the Viridis colour scale, with green indicating the maximum likelihood location. (C)
Spectrograms representative of other stations, exemplified here for station 023, show the vertical, north, and east
components. The colour scale represents the logarithm of the power spectral density, with red indicating higher
values.

The local magnitudes of the microseismicity cluster range from -1.60 to -2.52, com-
puted with the site-specific local-magnitude formula given in Equation 2.9. The deviation
of station-specific M;’s with respect to the median varies from 0.13 to 0.18 A, which
shows a relatively low variability among the different stations. This is not surprising, given
that the stations are relatively close to each other.
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Event UTC X [m] y [m] z[m] Az. gap My Var(Mp) ox[m] o,[m] o;[m]
2019-06-23 08:02:08 79483.25 447004.24 -2314.38 93 -2.04 0.13 602 363 267
2019-07-14 08:48:31  79483.30 446967.93 -2354.52 143 -1.60 0.21 662 399 294
2019-07-15 12:11:51  79543.51 446986.10 -2314.38 95 -1.79 0.18 632 381 280
2019-09-11 08:51:06  79212.04 446986.08 -2274.25 149 -2.00 0.13 1627 980 722
2019-10-02 11:46:50 79392.84 447004.24 -2100.33 150 -2.11 0.13 1446 871 642
2019-10-06 01:20:01 7939290 446986.08 -2153.85 170 -2.52 0.18 1657 998 735

Table 2.2: Characterization of the detected microseismic events. Origin times are given in Coordinated Universal Time (UTC). Hypocentre coordinates are reported in the
Dutch national reference system (EPSG: 28992). My, denotes the local magnitude, and Var(My) represents the variance of the local-magnitude estimates across multiple
stations. The parameters o, 0y, and oz correspond to the 95% confidence intervals of the hypocentre location in each coordinate direction. The last two events were not
recorded by station 030 or 028, significantly increasing their location uncertainties.
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Figure 2.9: Analysis of Eastern Events and Non-Seismic Events. A. Waveforms of one of the Eastern Events
recorded on 2019-08-03T04:54:18. B. Spectrogram of station 011 showing the vertical, north, and east compo-
nents of the Eastern Event. C. Waveforms of one of the non-seismic events recorded on 2019-10-16 at 21:26:40.
D. Spectrogram of station 023 showing the vertical, north, and east components of the non-seismic event.
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Figure 2.10: Hypocentres that belong to the microseismic cluster. (A, B, C) Map showing the spatial distribution
of event hypocentres with associated 95% confidence interval shown as error bars. The background image corre-
sponds to the 3D velocity model used for the inversion, and its corresponding colorscale is in the legend on the
right side. D. Projection in 2D showing the localised events, previously mapped faults (Peeters, 2025), and the
seismic stations. The colour scale indicates the depth at which the events and faults are located.
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2.6. DISCUSSION

A primary motivation for this study was to develop a workflow to monitor low-magnitude
seismic events in the Netherlands, particularly those around areas with geothermal opera-
tions. Although the nationwide KNMI network effectively detects events above the regional
and spatially varying magnitude of completeness (Ruigrok et al., 2023), lower magnitude
events will go unnoticed. Detecting and accurately locating these low-magnitude events
is crucial for understanding seismicity patterns, informing network designs, and ensuring
the safe expansion of geothermal operations. Our results confirm that such low-magnitude
seismic events occur in the study area.

We demonstrated that local dense seismic arrays are essential for microseismic-event
detectability. False detections increased sharply when the array was partially or poorly
configured, highlighting the importance of robust station coverage. Moreover, noisy urban
environments benefit from a multi-method approach that includes deep-learning pickers
and template matching (Diaferia et al., 2024; Sugan et al., 2023; Panebianco et al., 2023).
Using the multi-method approach introduced in Section 2.3.2, we identified 65 events that
exhibited coherent signals during the 4-month monitoring period.

We found that the seismic event, reported in Muntendam-Bos et al. (2022), was not
an isolated occurrence but part of a repetitive microseismic sequence. This follows from
applying the template-matching method, which identified five similar events. The nearly
identical waveform patterns indicate a common source region and mechanism. The six
seismic events occur at a depth of approximately 2.3 km near both a mapped fault system
and the injection well KW-GT-01. The spatial uncertainties, however, prevent a definitive
interpretation of whether these events are fault-related or induced by the injection. The
limited duration of the monitoring period further complicates this distinction. Longer-term
monitoring would help clarify whether these events are truly linked to seismic stress release
in the geothermal reservoir, activities at the well, or natural tectonic activity.

In addition, we detected seismicity originating to the east of the array, referred to as
Eastern Events (or cluster 2 events). These events exhibit impulsive P-wave arrivals, but
they lack an impulsive S-wave. The attenuation of high-frequency S-waves suggests a more
distant source for Cluster 2 events. The high azimuthal gap in the current array configura-
tion prevented us from properly estimating their hypocentres, but an origin at the Earth’s
surface is likely (though not confirmed). Clearly, low detection thresholds are needed to
identify low-magnitude seismicity. These low thresholds result in a higher number of false
detections, which requires manual inspection. In regions with high seismicity rates, such
manual inspection may be infeasible. Therefore, we recommend retraining the machine-
learning pickers on site-specific datasets to improve pick accuracy, enable lower thresholds,
and, thereby, reduce false detections. This strategy is particularly suitable where permanent
seismic stations and high seismicity rates are available.

Our findings highlight a critical limitation of the current array design: excessive reliance
on the outer ring of stations. Although the two lines of aligned sensors provide redundancy
in signal detection, they do little to improve azimuthal coverage or depth resolution. This
array design is, therefore, suboptimal for passive seismic studies that require accurate event
locations (at reservoir depths of two or three kilometres). An optimised network targeting
the already localised seismic events is recommended for future campaigns (Maurer et al.,
2010; Toledo et al., 2020; Esquivel-Mendiola et al., 2022, e.g.,). For large-scale operations,
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including borehole geophones would aid in estimating the depths of hypocentres.

Beyond the need for better station coverage, our study underscores the importance of
refining the velocity model used for event location. Although the publicly available P-wave
velocity model (Velmod 3.1) was instrumental for this study, an S-wave velocity model
is needed to enhance the depth resolution and reduce location uncertainties (e.g., Spetzler
et al., 2024).

Our analysis also highlights the challenges of magnitude estimation for low-magnitude
events. The Groningen-calibrated magnitude formula (Equation 2.9), used here as a first-
order approximation, may result in systematic under- or overestimation in South Holland,
where the subsurface properties are different. In addition, Equation 2.9 is calibrated using
recordings by borehole geophones at 200 m depth. It should, in principle, be used for
particle motions recorded at that (or close to that) depth. Establishing a specialised local
magnitude scale for this region would require a dedicated network design, knowledge of
site-specific attenuation properties, and additional data collected over a longer monitoring
period (i.e., more earthquakes).

Taken together, our findings address an important gap between large-scale seismic de-
tection frameworks and the finer resolution needed for local hazard assessment. Moving
forward, efforts to refine velocity models, improve monitoring networks, and establish re-
gional magnitude scales will enhance our ability to capture and interpret low-magnitude
seismicity.

2.7. CONCLUSIONS

We presented a comprehensive workflow for monitoring seismicity, specifically designed to
detect and characterise low-magnitude events in urban areas. By integrating data prepara-
tion, machine-learning-based event detection, and probabilistic hypocentre estimation, we
addressed key challenges in seismic monitoring. Applying this workflow to the Kwintsheul
area, we detected six seismic events near a local fault and near the bottom of injection well
KW-GT-01, although spatial uncertainties remain in the order of hundreds of meters. Ad-
ditionally, we detected 59 events with coherent signals, but inadequate azimuthal coverage
hindered their accurate characterisation. Our findings highlight the need for more spatially
distributed networks, refined local velocity models, and region-specific magnitude calibra-
tions to enhance the accuracy and reliability of seismic monitoring. Our workflow provides
a scalable and adaptable solution for improving seismic monitoring in urban environments.
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VELOCITY-MODEL VALIDATION
THROUGH BODY-WAVE SEISMIC
INTERFEROMETRY

The medium is the message.

Marshall McLuhan

Seismic velocity models determine the accuracy of hypocentre estimations and remain a
significant source of uncertainty. Developing a new seismic velocity model requires a sig-
nificant investment. The geothermal-heat-production industry continuously seeks innova-
tive and cost-effective approaches to support such decisions. In this chapter, we present a
methodology to validate a seismic velocity model using Seismic Interferometry (SI) applied
to six microseismic events recorded during geothermal operations in Kwintsheul. Some
of these events exhibit near-vertical-incidence angles at specific stations, enabling the re-
trieval of zero-offset virtual reflection responses beneath the stations. We compare these
Sl-derived reflections with synthetic responses generated from the available P- and S-wave
velocity models. While the P-wave model agrees well with the observed responses, neither
of the tested S-wave models matches the data. Based on this discrepancy, we excluded the
S-wave model from the hypocentre inversion presented in the previous chapter. The work-
flow demonstrates that SI can provide independent, reflection-based validation of velocity
models under favourable conditions, offering a cost-effective method.

3.1. INTRODUCTION

Accurate estimation of hypocentre locations is essential for characterising microseismicity
and understanding subsurface processes in geothermal reservoirs. These estimations rely
heavily on the quality of the seismic velocity model, which is used to determine the travel
times of seismic waves through the subsurface. However, it is challenging to decide whether
to improve an existing velocity model. Direct methods, such as active-source surveys, are
costly. This issue raises a central question: can we use local passive seismicity to validate
the velocity model in a cost-effective manner?
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In Chapter 2, we identified six microseismic events recorded during a temporary seismic
monitoring campaign in 2019 in Kwintsheul, South Holland. Four stations in the local net-
work were positioned close to the epicentres, which means that the seismic energy from the
events arrives with near-vertical incidence. The wavefield includes not only direct arrivals
but also multiple-order reflections between the free surface and subsurface seismic discon-
tinuities, among others. These reflected signals arrive after the direct wave and contribute
to the coda. As a result, the coda waves carry information about the reflection response and
the seismic velocities beneath the recording stations.

This geometry presents an opportunity to assess the existing velocity model. We ap-
ply body-wave Seismic Interferometry (SI) to the coda waves of the recorded microseis-
mic events. SI enables us to retrieve zero-offset virtual reflection responses (Z0O-VRR)
beneath the stations, which approximate the reflection wavefield that would be recorded
if an impulsive source, co-located with the receiver, were placed at the surface. Similar
approaches have been successfully used in various settings, such as mineral exploration
(Polychronopoulou et al., 2019), for imaging the reinjection of CO, (Hassing et al., 2024),
and crustal-scale imaging (Nishitsuji et al., 2016). We adopt the body-wave approach, fo-
cusing on the vertical-incidence geometry of the recorded events to extract local reflection
responses. We then compare the retrieved responses with synthetic ones generated from the
available P- and S-wave velocity models to evaluate their validity.

3.2. THEORY

3.2.1. BODY-WAVE SEISMIC INTERFEROMETRY

Initially derived by Claerbout (1968) for 1D media, SI relies on the principle that cross-
correlation, or autocorrelation, of a transmission response approximates a reflection re-
sponse. This principle has been demonstrated in various seismological contexts (Scherbaum,
1987; Daneshvar et al., 1995; Rickett and Claerbout, 1999; Van IJsseldijk et al., 2019) and
has been mathematically formalised by Wapenaar (2003) and Wapenaar and Fokkema
(2006) for 3D media. Here, we focus on the application of body-wave SI using local
microseismic sources.

A \V4 B 4
Al j
v

e
j2aM

Figure 3.1: Schematic illustration of seismic interferometry by autocorrelation. A. Seismic sources located
within the stationary-phase zone, generating direct arrivals and multiple reflections from subsurface interfaces.
B. Schematic of a virtual source co-located with a receiver after estimating the ZO-VRR from the configuration in
A. The direct path is removed, and the multiple-order reflections are captured in the ZO-VRR.
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Body-wave SI can be used to retrieve ZO-VRR traces by calculating the autocorrelation
of the wavefield recorded at receivers with seismic energy arriving with vertical incidence.
These ZO-VRR traces approximate the wavefield that would be recorded if an impulsive
source had been placed at the free surface, illuminating the medium from above with ver-
tically downward emitted energy (Galetti and Curtis, 2012), as shown in Figure 3.1. In
a horizontally layered subsurface, the global reflection response (including all orders of
internal multiples) of a vertically propagating plane wave below a seismic station can be
expressed as

RO +R(-0)=60)-T(®) = T(-1), 3.1

where R(t) and R(—t) are the global reflection response and its time-reversed version, re-
spectively, T(¢) is the global transmission response, and §(¢) is a delta function that can
be interpreted as an impulsive source illuminating the subsurface from above (Wapenaar
et al., 2010; Claerbout, 1968). Equation 3.1 shows that the global reflection response can
be obtained from the autocorrelation of the transmission response.

For the application to field data, the autocorrelation function retrieves the (near-)vertical
reflection response of the medium from non-plane-wave subsurface sources like the lo-
cal microseismicity if I) the medium is lossless, ii) the medium enclosing the propagation
path between source and receiver does not scatter energy back to the receivers, and iii)
the medium parameters (velocity and density) change smoothly along the source boundary.
Additionally, a high-frequency assumption is considered (Wapenaar and Fokkema, 2006).

The retrieved reflection response, obtained from the autocorrelation function, originates
from sources located in the stationary phase along the source boundary. For those sources,
the wave energy propagates from the source to a receiver, reflects at the Earth’s surface,
and after reflecting from a target reflector, is recorded again at the receiver position. The
autocorrelation effectively removes the propagation path from source to receiver, leaving
only the reflection path from the Earth’s surface to the different reflectors.

However, when applied to field data, the autocorrelation function may yield non-
physical events due to energy scattered back from inhomogeneities outside (below) the
source boundary. The effect of spurious signals in the autocorrelation function may be
reduced by using responses from sources at different (random) depth levels and stacking
their results (Draganov et al., 2004). The stacking process increases the signal of physical
events, such as reflections, while cancelling spurious events. Following Polychronopoulou
et al. (2019), the reflection response below receiver i can be expressed as

RI(O+R (-0 =8"(-). TL(OxTL(-0), (3.2)
n

where the term Y, ! (1) x T (— ) represents the stacking of the autocorrelations from dif-
ferent vertically propagating plane waves of n seismic sources.

In an elastic medium, the autocorrelation function may retrieve cross-component arte-
facts from the conversion between P- and S-waves (Polychronopoulou et al., 2019). Fig-
ure 3.2 illustrates a simplified example of phase conversions at the free surface of a solid
half-space. The cross-component interference effect can be reduced by selecting receivers
where the body-wave energy arrives with near-vertical incidence. We provide details in
Section 3.3.
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Figure 3.2: Schematic illustration of wavefield conversions at the free surface of a solid half-space, adapted from
Aki and Richards (1980). A. An incident P-wave generates reflected P and converted SV phases. B. An incident
SV-wave generates reflected SV and converted P phases. These conversions can affect the retrieval of ZO-VRR
traces and must be minimised in SI applications.

In summary, the following conditions are required for the application of body-wave
interferometry for 1-D velocity model validation:

1. The wavefield is composed of vertically propagating body waves from sources that
lie within the stationary-phase zone.

2. Mode-conversion effects are negligible for the contributing paths. This condition
can be met by selecting receivers located directly above the microseismic sources,
thereby reducing P—S conversions along the propagation path.

3. The waveforms contain sufficiently high-frequency energy to justify the high-
frequency approximation.

4. The medium enclosing the propagation path between source and receiver does not
scatter energy back to the receiver. Because this cannot be directly verified, we must
stack different ZO-VRR traces from multiple sources to enhance reflections and sup-
press non-physical events in the autocorrelation function.

3.3. WORKFLOW

The goal of this workflow is to validate seismic velocity models using ZO-VRR traces
retrieved from seismic event recordings. These traces represent the wavefield recorded by
a receiver co-located at the surface with a source, and their reflections correspond to two-
way travel times from such a configuration. We compare these travel times with synthetic
ones generated using candidate velocity models. The difference in arrival times between
observed and synthetic data indicates the model’s accuracy. Based on this approach, we
implement the workflow described in this section.

1. Source-receiver selection

We analyse all available receiver—source pairs and select those for which the source
lies within the stationary-phase region. To do this, we select pairs where the wave ar-
rives with an incidence angle below 10°. We also select pairs where phase conversion
(P-to-S and S-to-P) is minimal. To quantify the converted energy, we use scattering
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matrices from Aki and Richards (1980), which are implemented in the Pyrocko tool-
box (Heimann et al., 2019). These matrices provide analytical expressions for the
fraction of energy that is transmitted, reflected, or converted at interfaces.

2. Signal extraction

For retrieving ZO-VRR traces, we need to identify the P- and S-wave signals and
their corresponding coda-wave signal. We manually pick the P-phase arrival time
(Tp) and S-phase arrival times (T5) of each source-receiver pair. We use the vertical
component (EHZ) for P-waves and the horizontal components (EHN and EHE) for
S-waves.

We compute a correlation window of 3 s starting from the phase-onset time. However,
the interpretation is limited to the coda-wave time window. We select a P-wave coda
time window with a length of T, — Ty = 1.56s following Polychronopoulou et al.
(2019). Although the S-wave coda time window can be estimated by including a
term related to the source duration, for events of M < 5 this term can be neglected.
While Polychronopoulou et al. (2019) suggested the same duration for the S-wave
coda, we extend it to 3 s to include deeper reflected phases. We choose this longer
window despite the expected attenuation and proceed with careful interpretation.

3. Pick correction

We apply the cross-correlation pick correction method of Deichmann and Garcia-
Fernandez (1992) to correct bias in the manual picks and to verify waveform align-
ment within the selected windows. An example of the waveform alignment before
and after correction is shown in Appendix A.2.

4. Preprocessing

We apply detrending, tapering, and band-pass filtering to the recorded three-component
waveforms to suppress ambient noise while preserving body-wave energy. The se-
lected frequency band is discussed in Section 3.5.

5. Autocorrelation

We normalise each extracted window to ensure consistent amplitude levels across all
windows. We autocorrelate the normalised traces for each event and each component
separately.

6. Stacking per receiver component

We compute the ZO-VRR by stacking normalised autocorrelation traces for each
receiver and component separately. Normalisation ensures that each input trace con-
tributes equally, regardless of its absolute amplitude. The resulting stacked autocor-
relation traces represent the ZO-VRR for that specific receiver and component. We
then compare the ZO-VRRs with expected reflection arrivals based on the seismic
velocity model.
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3.4. DATA

3.4.1. SEISMIC VELOCITY MODEL AND EXPECTED TWO-WAY TRAVEL
TIMES

We evaluate the following three 1D seismic velocity profiles at the location of the Kwintsheul

geothermal doublet (see Figure 3.3):

1. We use a P-wave velocity model from Velmod 3.2, the regional model for the Nether-
lands (Pluymaekers et al., 2017). We extract a 1D profile at the average epicentral
location of the six microseismic events introduced in Chapter 2.

2. We use an S-wave velocity model derived from Vp/Vs ratios obtained from well data
in the Zeerijp and Borgsweer areas of the northeastern Groningen gas field, where
such data are available (J. Spetzler, personal communication, January 24, 2022).

3. We use an S-wave velocity model obtained by inverting three-component beamform-
ing and cross-correlation dispersion curves at the Kwintsheul site (Simonet, 2024).
This profile covers the upper 500 m. For the deeper layers, we use the same Vp/Vs
ratios as those in Model 2.

0 | surface
\ \ -NU

1 | | NLNM

VN

Depth [km]

1.5 —

B T

T T T
0 1 2 3 4 5 6

S-wave and P-wave velocity [km/s]

Figure 3.3: Available seismic velocity models. The P-wave velocity model is shown in black. Two S-wave velocity
models are available: the first (blue) is derived from Vp/Vs ratios from the northern Netherlands, and the second
(orange, dashed), down to 500 m, is based on surface-wave dispersion inversion at Kwintsheul (Simonet, 2024).

From these models, we calculate the expected two-way travel times (TWTTs) for re-
flected body waves, assuming a source co-located with the receiver at the surface (Fig-
ure 3.1.B). Table 3.1 summarises the calculated TWTTs and corresponding lithostrati-
graphic layers.
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Strat. layer Depth [m] P TWTT [s] S! TWTT [s] S2 TWTT [s]

NU 383 0.440 1.552 1.732

484 0.526 1.902 2.075
CK 797 0.775 2.360 2.533
KN 2030 1.564 3.816 3.989
S 2910 1.985 4.573 4.747

Table 3.1: Two-way travel times (TWTT) of a signal from a source at the surface reflected at the different lithos-
tratigraphic units. TWTTs are computed using the P-wave and two S-wave velocity models introduced in Sec-
tion 3.4.1. The lithostratigraphic units correspond to Upper North Sea Group (NU), Lower and Middle North Sea
Groups (NLNM), Chalk Group (CK), Rijnland Group (KN), and Scruff Groups (S). Depth, two-way travel times,
and corresponding lithostratigraphic layers from Velmod-3.2 (Pluymaekers et al., 2017).

3.4.2. WAVEFORM DATA

Chapter 2 provides details of the seismic network and the microseismic events we use as
input. We estimate incidence angles and phase-conversion percentages to identify suitable
source—receiver pairs for the SI analysis. Figure 3.4 shows their spatial distribution and
associated waveforms. Appendix A.3 provides a complete overview of the selected pairs
and their corresponding parameters. Among all receivers, 026 and 025 exhibit the lowest
expected pS conversion, with average values below 0.02%.

After manually picking the events, we select the waveforms shown in Figures 3.5-3.7
for further processing. Each trace includes 1 s before and 3 s after the P-wave onset time.
The vertical-component recordings (Figure 3.5) exhibit a clear, impulsive P-wave signal.
Receivers 002 and 003 show prominent long-period noise, visible as broad red and blue
lobes in the noise window (0-1 s) and continue in the P-wave coda.

The horizontal-component recordings, shown in Figures 3.7 and 3.6, cover the same
time window as Figure 3.5. The S-wave onset is around 1.56 s after the P-wave arrival
time. The event on 2019-07-14 is well recorded by most receivers in both horizontal com-
ponents. Receiver 001 shows a clear S-wave arrival on the North—South component across
five microseismic events. In the remaining receivers, S-wave amplitudes are comparable to
those in the noise window (0-15s).
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Figure 3.4: Map view of the selected sources and receivers. Each vertical-component waveform is plotted at its
corresponding receiver location, showing the P-wave arrival. Each inset shows the superposition of waveforms
from all detected microseismic events, after detrending and normalisation.
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Figure 3.5: Vertical-component waveforms selected for further processing. The traces are detrended, normalised,
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arrival. Blue and red fills indicate positive and negative polarities, respectively.
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Figure 3.6: North-South-component waveforms selected for further processing. The traces are detrended, nor-
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Figure 3.7: East-West-component waveforms selected for further processing. The traces are detrended, nor-
malised, band-pass filtered between 4 and 30 Hz, pick-corrected, and trimmed from 1.0 s before to 3.0 s after

the P-wave arrival (same time window as in Figure 3.5). Blue and red fills indicate positive and negative polarities,

respectively.
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3.5. NOISE ANALYSIS AND APPLIED FILTERING

We analyse the frequency content of the microseismic events recorded by receiver 001 in
Figure 3.8. The spectrograms of the vertical component (left column) reveal that the P-
wave arrival has most of its energy concentrated between 8 and 25 Hz. Low-frequency
noise (below 4 Hz) is visible before and after the arrival. Other receiver recordings exhibit
low-frequency noise up to 10 Hz (see Appendix A.4).
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Figure 3.8: Seismic waveforms (top panels) and spectrograms (bottom panels) for three events recorded at receiver
001 on the vertical (EHZ), North—South (EHN), and East-West (EHE) components. Each column corresponds to a
component, and each row to a different event (2019-07-14, 2019-07-15, and 2019-10-02). The traces are detrended
and normalised. In the spectrograms, brighter colours represent higher amplitudes at each frequency.

The horizontal components exhibit stronger low-frequency noise, as shown in the sec-
ond and third columns of Figure 3.8. We apply a band-pass filter between 4 and 45 Hz to
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isolate the P- and S-wave signals and suppress low- and high-frequency noise that domi-
nates the raw waveforms. The event shown in the first row of Figure 3.8 displays a clear
S-wave arrival with energy between 8 and 15 Hz. In contrast, the second and third events
exhibit noise contamination in this frequency range, which is already visible in the pre-
arrival noise window (0-2 s). The relatively stronger low-frequency content of the S waves
compared to the P waves is likely due to the greater attenuation of high-frequency S-wave
energy, which commonly occurs in the near-surface.

Based on these observations, we apply a band-pass filter between 4 and 30 Hz to the
traces before estimating their autocorrelation functions.

3.6. WAVEFORM ANALYSIS

As a diagnostic step before the autocorrelation, we analyse the raw traces of the strongest
event and the expected reflection signals. In Figure 3.9A, we analyse the P-wave signal and
its coda at the station with the highest signal-to-noise ratio. The coda contains three distinct
events, labelled el, €2, and e3. The first event, el, appears to consist of two interfering
wavelets. The second event, €2, shows the highest amplitude and appears at 0.75 s. After
event e3, the signal becomes highly attenuated.
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Figure 3.9: P-wave coda analysis for the event on 2019-07-14 at 08:48:31 recorded on station 001. A. Vertical-
component trace with the P-wave signal marked by a red box. B. P-wave signal scaled to 15 % of its original
amplitude. C. Scaled P-wave signal shifted by the predicted two-way travel times of reflectors from the velocity
model. D. Summed shifted traces in red compared to the raw signal in black. E. Example with manually adjusted
travel times. F. Summed trace using the adjusted shifts, showing improved alignment with coda reflections.

We then evaluate the P-wave signal after scaling it to 10% of its original amplitude (Fig-
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ure 3.9B). We shift this scaled P-wave signal by the expected two-way travel times from
a source and receiver co-located at the surface, which reflects at the different lithostrati-
graphic units of the velocity model. The shifted signals, colour-coded by lithostratigraphic
unit, are shown in Figure 3.9C, while the summed trace is shown in red in Figure 3.9D.

We identify two expected reflectors with nearly overlapping arrivals: NU at 0.44 s and
NLNM at 0.52 s. When we plot the shifted signals (Figure 3.9C), these reflectors interfere
with each other, creating a tuning effect, as seen in the red summed trace in Figure 3.9D.
This signal arrives almost simultaneously with the event we previously labelled as el. Shift-
ing the P-wave signal by the two-way travel time of reflector CK (0.77 s) matches the event
labelled e2 in the P-wave coda. Event e3 does not match any of the arrivals from the reflec-
tions.

3.7. RESULTS

Among all receivers, only station 001 recorded more than three microseismic events with
a sufficiently high signal-to-noise ratio (SNR). The other receivers showed either strong
ambient noise or weak arrivals, which prevented the retrieval of reliable autocorrelations.
For this reason, we focus the analysis of both P- and S-wave reflections on receiver 001.

3.7.1. VERTICAL ZO-VRR TRACE ANALYSIS
In Figure 3.10.A, we show the filtered traces of the vertical component of station 001 before
estimating their autocorrelation. The P-wave coda shows alignment of the three clear events
highlighted as el, e2, and e3. After computing the individual autocorrelation functions, we
observe clear alignments of the expected reflection events, as shown in Figure 3.10B. The
Z0-VRR trace highlights these events more clearly.

The expected two-way travel times of the NU and NLLNM reflectors are 0.44 s and 0.52
s, respectively. A distinct event is observed at this time in the ZO-VRR trace shown in
Figure 3.10D. The event appears as a tuned wavelet.

Having validated at least some reflectors at depth, the next step is to analyse the ZO-
VRR traces from the horizontal components to determine whether the empirical S-wave
velocity relation, derived for the northern Netherlands, also holds in this region.

3.7.2. HORIZONTAL ZO-VRR TRACE ANALYSIS

Figure 3.11 shows the horizontal ZO-VRR traces at receiver 001, with the N-S component
(EHN) displayed on the left and the E-W component (EHE) on the right. The horizontal
70-VRR traces show several coherent arrivals that align with the expected two-way travel
times from the S-wave models (Figure 3.11). On both components, we observe a clear
energy packet between 1.5 and 1.7 s. Stacking enhances the visibility of this packet, as
shown in Figure 3.11.C and 3.11.F, where it appears between the predicted arrival times of
the two S-wave models for the NU reflector. In Figure 3.11.F, we see two retrieved signals
that coincide with each of the estimated arrival times of the NLNM reflection (orange)
predicted by V¢ and V2.
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Figure 3.10: Analysis of ZO-VRR retrieved from the vertical component of receiver 001. A. Filtered traces
showing the time window that is autocorrelated. B. Causal part of the autocorrelation function of each seismic
event at station 001 overlaid on each other. C. Causal part of the ZO-VRR trace after stacking. D. Trimmed
Z0O-VRR trace window highlighting the first three expected reflection arrivals. Vertical lines denote predicted
two-way travel times to the top of NU (blue), NLNM (orange), CK (green), and KN (red) for a source and receiver
co-located on the surface.
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Figure 3.11: Analysis of ZO-VRR retrieved at receiver 001. The left column shows the N—S component (EHN),
and the right column shows the E-W component (EHE). A. EHN-component filtered traces showing the time
window that is autocorrelated. B. EHN-component causal part of the autocorrelation function of each seismic
event overlaid on each other. C. EHN-component causal part of the ZO-VRR trace after stacking. D. EHE-
component filtered traces showing the time window that is autocorrelated. E. EHE-component causal part of the
autocorrelation function of each seismic event overlaid on each other. F. EHE-component causal part of the ZO-
VRR trace after stacking. Vertical lines denote predicted two-way travel times to the top of NU (blue), NLNM
(orange), and CK (green) for a source and receiver co-located on the surface.
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3.8. DISCUSSION

Validating seismic velocity models is essential for reliable hypocentre estimation, yet direct
approaches such as active-source surveys are often too costly for monitoring geothermal-
heat-production projects. In this chapter, we demonstrate how body-wave seismic interfer-
ometry (SI) applied to local microseismic events can provide an independent measurement
for assessing seismic-velocity models. Using six low-magnitude seismic events recorded
during geothermal-heat production in Kwintsheul, we retrieve zero-offset virtual reflection
responses (ZO-VRRs), which are then compared with the predicted times of the available
seismic-velocity models. Our results show that the retrieved reflections strongly support the
validity of the P-wave velocity model for the shallow subsurface. In contrast, both S-wave
models fail to reproduce the observed arrivals.

Despite the limited number of seismic events, the vertical ZO-VRR trace shows clear
reflections at the expected P-wave arrival times of the NU and NLNM reflectors. These
reflections appear as a tuned wavelet, which is consistent with the slight depth separation
between the two units. The CK reflector also coincides with a distinct retrieved arrival.
Note that these arrivals appear to form part of a longer energy package. These arrivals might
be a result of the SI retrieval process, i.e., due to insufficient constructive and destructive
interference to form a separate event with a high SNR. On the other hand, if we trust the
retrieved result, it means that there are more reflectors in the subsurface, which are not
present in the velocity model. We see a weak retrieved event at the expected arrival time
of the KN reflector, which may be due to attenuation, limited energy at depth, or a weak
impedance contrast. The good match between retrieved and predicted arrivals confirms that
the P-wave velocity model is reasonably reliable for the shallow subsurface. However, the
number of available events is very limited, and longer monitoring periods are required to
obtain more stable results. Deeper reflectors remain unconstrained, but with more events,
this method could provide a cost-effective way to improve the P-wave velocity model at
depth.

The horizontal-component ZO-VRR traces show a retrieved S-wave arrival for the NU
reflector that falls between the predicted arrival times of the two S-wave velocity models.
This suggests that neither model accurately captures the true arrival time. For the NLNM
and CK reflectors, each model predicts an arrival time that coincides with a different re-
trieved event on both horizontal components. These observations suggest that neither the
S-wave velocity model consistently matches the data, and are likely unreliable.

A longer monitoring period, with more detected seismic events, would allow improved
stacking, reduce uncertainties, and provide more reliable constraints on the velocity struc-
ture. To complement the longer monitoring period, the sensors should be deployed at depth,
as instrument burial significantly reduces surface-related noise. For example, Ruigrok and
Dost (2019) showed that installing a sensor at 200 m depth reduced noise power by 27 dB.
Such a setup could improve the signal-to-noise ratio and enhance the reliability of the re-
trieved P- and S-wave ZO-VRR traces.

3.9. CONCLUSIONS

We demonstrated the potential for validating seismic-velocity models using seismic inter-
ferometry in geothermal-heat production projects where microseismic events have been
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recorded with near-vertical source-receiver ray paths. Using six microseismic events that
were detected at the Kwintsheul geothermal project, we retrieved zero-offset virtual reflec-
tion responses separately for recordings on the vertical and two horizontal components. The
vertical-component recordings correspond to the retrieved P-wave reflections, while the re-
sults from the horizontal-component recordings correspond to retrieved S-wave reflections.
The retrieved P-wave reflections show good agreement with several predicted arrivals, con-
firming that the P-wave velocity model is more or less reliable for the shallow subsurface.
However, deeper reflectors remain unconstrained, as only a limited number of events were
available.

The predicted arrival times from the two available S-wave velocity models coincide with
different retrieved S-wave reflections. This showed that the S-wave velocity models are not
sufficiently reliable, as both could be valid. On the other hand, the comparison means that
the S-wave results have also retrieved reflections. The limited number of events prevents
sufficient stacking to suppress noise and non-physical arrivals, making robust S-wave model
validation challenging.

A longer monitoring period is needed to detect more microseismic events. More events
would improve the stability of the interferometric results, reduce uncertainties, and provide
a stronger basis for refining both P- and S-wave velocity models. A future study based
on a larger dataset could also explore the potential to assess anisotropy. Finally, the qual-
ity of the retrieved reflections was strongly influenced by high noise levels at the surface.
Future monitoring campaigns should consider burying receivers to reduce ambient noise
and improve the signal-to-noise ratio. Overall, we showed that seismic interferometry with
microseismic events is a cost-effective and promising approach for local velocity-model
validation and structural imaging, but its full potential requires longer-term monitoring,
higher event counts, and the detection of local microseismicity.
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SEISMIC NETWORK DESIGN
FOR MONITORING OFFSHORE

Information is the resolution of uncertainty.

Claude Shannon

The design of seismic networks is critical for monitoring geothermal energy as it determines
the detectability of seismic events and the accuracy of their hypocentre estimations. To im-
prove monitoring performance, we use Experimental Design (ED) to optimise the number,
type, and placement of receivers for effective monitoring. Compared to onshore operations,
offshore network design demands particular attention due to higher deployment costs, lo-
gistical constraints, and limited accessibility. To address these challenges, we explore a
non-linear ED approach for monitoring offshore geothermal energy. We apply the network
design approach to the K14-FA Carbon Capture and Storage site, an analogous injection
operation offshore with similar monitoring goals as for geothermal energy. We first present
the theoretical foundations of ED, followed by a description of the optimisation approach.
Next, we describe the open-access data we use for designing the monitoring network. We
then outline the workflow for network optimisation, along with the assumptions made about
the expected data. Finally, we present the results of the optimised network design, discuss
the limitations of the method, and outline future considerations for its application as more
observational data become available.
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4.1. INTRODUCTION

Passive seismic networks are installed around geothermal energy operations to characterise
the seismic activity in the areas where they operate. The seismic activity indicates features
such as stress changes, the presence of faults, or the opening of cracks caused by the injec-
tion of cold water into the subsurface (e.g., Okamoto et al., 2018). The hypocentre locations
of the microseismic events help identify such features in the subsurface (Guo et al., 2025;
Yu et al., 2023).

The accuracy of hypocentre estimations depends on several factors, including the distri-
bution of seismic receivers, the accuracy of picking the onset of the phase arrivals, and the
velocity model used to predict seismic phase arrivals. While velocity models can often be
refined after data acquisition, poor azimuthal coverage of an event cannot be corrected post
hoc. Therefore, it is important to optimise the attributes of the seismic network, including
the number, type, and location of receivers, cost-effectively.

Experimental design (ED) aims to select network geometries that maximise the infor-
mation about specific model parameters while accounting for practical constraints such as
site accessibility, ambient-noise conditions, and deployment logistics (e.g., Kijko, 1977;
Steinberg et al., 1995). The main advantage of ED is that it allows for optimising the ex-
perimental setup before any data are collected to answer specific scientific questions. For
instance, can we distinguish between injection-related seismicity? Or: is the seismicity
located on the fault plane?

There are two main approaches for ED. The first approach assumes linear relationships
between the observed data and model parameters (e.g., Toledo et al., 2020; Curtis et al.,
2004). The second approach is to assume the relationships between the observed data and
model parameters are fully non-linear (e.g., Coles and Curtis, 201 1; Callahan et al., 2025).
Non-linear approaches are particularly appealing because they account for the full com-
plexity of the relationship between observed data and model parameters. Coles and Curtis
(2011) introduced a non-linear ED called the D n-optimisation for geophysical problems.
Bloem et al. (2020) compared the D n-optimisation to other linear and non-linear design
approaches. Their findings showed that while linear approaches offer predictable com-
putation times per added receiver, they result in less effective configurations and require
substantially more total computation time. In a recent paper, Strutz and Curtis (2025) intro-
duced a D y-optimisation method for designing seismic networks for monitoring volcanoes.
Their method is ideal for scenarios where scarce prior data about hypocentre locations is
available.

In this chapter, we extend the Dy-optimisation method for monitoring geothermal en-
ergy offshore. Specifically, we account for travel-time uncertainties from velocity models,
magnitude-dependent detectability based on ground-motion prediction equations, and geo-
logical priors reflecting injection wells and mapped faults. We apply this workflow to the
Dutch offshore K14-FA CCS site, used here as an analogue for offshore geothermal oper-
ations. Our workflow uses open-access geophysical data from the Netherlands. By doing
so, we demonstrate how Experimental Design can produce operationally feasible network
designs that improve the resolution of low-magnitude seismicity.
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4.2. THEORY

4.2.1. NON-LINEAR DN-OPTIMISATION

Independent of prior knowledge, the design of an experiment determines how much infor-
mation can be extracted from the observations. Lindley (1956) introduced a measure of the
information provided by an experiment based on Shannon entropy'. The key idea behind
this is that if the model parameters m are finite, the amount of information contained in the
prior distribution can be measured by how much information would be needed before the
value of m becomes known.

The expected information gain (EIG) from collecting data at specific locations is defined
as the expected reduction in uncertainty, measured by the average difference in information
content between the posterior and prior distributions (Lindley, 1956). Following Strutz and
Curtis (2025), the EIG is expressed as:

EIG:[Ep(d|§){I[p(m|d,§)]—I[p(m)]}, 4.1

where I is Shannon’s information content (Shannon, 1948), and Epqj¢) is the expectation
over all possible data that is likely to be observed following the prior information. This
measure allows us to compare the state of knowledge before and after an experiment, and
to quantify the information gained from the data.

Evaluating experimental designs based on posterior distributions enables direct quantifi-
cation of uncertainty in the inferred hypocentre locations. However, this approach is com-
putationally expensive, as it requires repeated forward modelling and inversion for many
candidate network designs and possible source locations. This limitation motivates the use
of surrogate objective functions that capture the information content of a design without
explicitly computing posterior distributions.

One such approach is to evaluate the separation of predicted observations in data space.
Informative measurement configurations produce predicted data that are well separated for
different source locations, thereby increasing the ability to distinguish between competing
models. This can be quantified by maximising the entropy of the predicted data (Coles and
Curtis, 2011). Shewry and Wynn (1987) showed that maximising the entropy of predicted
data is mathematically equivalent to minimising the entropy of the posterior model distri-
bution. As a result, optimising data-space entropy provides an efficient proxy for reducing
posterior uncertainty in hypocentre inversions.

Figure 4.1 illustrates the principle underlying entropy-based network design using a
simplified hypocentre example. Each row corresponds to a different receiver geometry,
indicated by the white triangles in the left column. The blue and orange density contours
show the prior distribution of possible hypocentre locations, which defines the region where
seismicity may occur. From this prior, a subset of four representative hypocentres (black
symbols) is selected to illustrate how information propagates through the predicted arrival
times (second column) and the posterior (third column).

In the second column of Figure 4.1, we plot the predicted arrival times at receiver 1
(x-axis) and receiver 2 (y-axis), assuming a homogeneous seismic-velocity model. Black

IShannon quantified the average surprise of a discrete random variable X as its entropy, given by H(X) =
- pilog, p; (Shannon, 1948, Eq. 9). In short, frequent events carry little information and inject redundancy,

1
while rare events are highly informative.
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Figure 4.1: Conceptual illustration of the relationship between entropy in modelled data and in the posterior model.
The left column shows the prior distribution of hypocentres. Each column shows a different network design where
white triangles represent the receiver locations. From the prior distribution, a subset of candidate hypocentres
(shown in black) is evaluated. The middle column shows the predicted arrival times (centre of each marker) and
their corresponding uncertainty (black ellipse) of the subset of candidate hypocentres. The right column shows the
resulting posterior distribution of the subset of candidate hypocentres. A location is erroneous when the marker is
not inside its coloured posterior distribution. Modified after Strutz and Curtis (2025).

markers indicate the arrival times associated with the sampled hypocentre locations. Black
ellipses represent the corresponding measurement uncertainty. The coloured density back-
ground shows the distribution of predicted data obtained by propagating all samples from
the prior through the forward model. The first receiver geometry produces a broader spread
of predicted data, corresponding to higher entropy in data space. This indicates a larger
separation between the travel-time observations of different candidate source locations. In
contrast, the second receiver geometry yields overlapping predicted arrival times, which
reduces the separation between observed arrival times and limits the ability to distinguish
between competing hypocentres.

In the third column of Figure 4.1, we show the posterior distributions, which represent
the estimated hypocentre locations after accounting for uncertainty in the travel-time mea-
surements. The receiver geometry in the first row produces a compact and well-constrained
posterior distribution. Consistent with this behaviour, the same geometry also yields high
entropy in the predicted data. By contrast, the low-entropy geometry produces elongated
and overlapping posterior regions, indicating poorer constraint on the hypocentre location.
This relationship demonstrates that maximising the entropy of the predicted data directly
reduces posterior model uncertainty and motivates the network-design optimisation strategy
adopted in this study.
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Following Strutz and Curtis (2025), we rearrange the expression for the EIG to depend
explicitly on the likelihood and the evidence p(d | &), rather than on the posterior distri-
bution. This reformulation shifts the optimisation into data space, avoiding the need for
repeated posterior evaluations. The derivation from Strutz and Curtis (2025) is reproduced
below for clarity:

EIG(&) =Epa [I(pm[d,&))—1(p(m))] (4.2)
=Epamip |log % (4.3)
=Ep@amg |10 % “4)
=Epd,mlé) log % “.5)

EIG() = Epam [I(p(d I m, )~ I(p(d] §)] (4.6)

The optimal network design &* is the configuration that maximises the EIG. This opti-
misation problem can be expressed mathematically as

&* = argmaxEIG(§), 4.7
EeE
D n-optimisation was introduced for hypocentre-location problems by Coles and Curtis
(2011). This optimisation is inspired by the determinant-based D-optimality criterion from
linear design theory and extended to fully non-linear problems (Mitchell, 2000). The Dy
approach approximates the evidence term by a multivariate Gaussian distribution and results
in the following expression:

1 X 3 1
EIGpy = ~ Y log[p(d; | m;,&)] - 5(1 +log(2m)) + ElogICdl, (4.8)
i=1

where N is the number of models of the prior distribution that are sampled, and the evidence
term becomes

k 1
I[pd;19)] = E(1+10g(2n))+ 5log|cd|, 4.9)

where Cy is the covariance matrix of the data samples and k is the dimension of the data
space (Strutz and Curtis, 2025).

4.3. WORKFLOW

Seismic experiments are designed to answer specific questions about the state of the subsur-
face. For injection-related operations, we aim to design a seismic network that can detect
and characterise seismicity with sufficient resolution to (i) identify active faults, (ii) track
fluid migration pathways, and (iii) monitor reservoir seismicity to ensure safe and sustain-
able operations. Therefore, this workflow has the following goals:
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1) increase the detectability of seismic events within the reservoir or from faults near
the reservoir, and ii) reduce the hypocentre uncertainties of such events.

While delineating fluid migration pathways is not addressed explicitly as a separate
goal, it is inherently accounted for by increasing the hypocentre resolution within the reser-
voir bounds and near the injection wells. In this way, our workflow indirectly supports
the detection of migration pathways through microseismicity patterns associated with fluid
movement.

ED provides a framework to accomplish these goals with the optimal placement of
seismic receivers by combining prior information and expected data to maximise the value
of monitoring (Arnold and Curtis, 2018). In the following subsections, we introduce the
steps of the workflow.

4.3.1. STEP 1: PRIOR DISTRIBUTION OF SEISMICITY

The workflow begins by defining a synthetic earthquake catalogue, which serves as our
prior knowledge of expected seismicity. This step identifies the areas where monitoring
must be most sensitive: (i) regions with a higher risk of induced seismicity, (ii) potential
escape pathways where fluids could migrate to unwanted formations, (iii) critically stressed
faults, and (iv) the reservoir itself.

Prior information can be derived from historical seismicity, mapped geological struc-
tures, or fault databases. In synthetic studies, priors are often constructed from reservoir
geometry or anticipated injection zones, assuming either a uniform distribution within the
target volume or weighted probabilities along faults or other critical features.

Here we define two types of prior using the fault and reservoir data described in Sections
4.4.1 and 4.4.2.

* Prior 1—Microseismic cloud around the injection well: We assume that induced
events cluster around the planned injection point (see Section 4.4.1). Their synthetic
hypocentres follow a Gaussian distribution centred on the injection point of the well,
with a one standard-deviation uncertainty of approximately 100 m in the x, y, and z
directions.

* Prior 2—seismicity along a fault plane: We create a synthetic earthquake cata-
logue by placing hypocentres along mapped faults (data described in Section 4.4.2).
To represent the spatial uncertainty, we discretise each fault into N points { i}ﬁ\i , in
3-D space. Around each point, earthquakes are distributed using anisotropic Gaus-
sian kernels that spread more within the fault plane than perpendicular to it. This
anisotropy is encoded in the diagonal covariance matrix

C= diag(aiy, aiy, a?), (4.10)

where o, controls the in-plane uncertainty and o, the off-plane uncertainty.

The synthetic hypocentres x are then generated using a Gaussian-mixture model
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(GMM) with uniform weights,

1 N
px =—3 Nx|p;C) (4.11)
NS

which concentrates probability along the fault while admitting realistic spatial uncer-
tainty. Figure 4.2.A shows a schematic of the GMM and the synthetic hypocentres in
a 3D plane. The final distribution is shown in Figure 4.2.B.
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Figure 4.2: Synthetic seismicity used as prior information. A. Example of a Gaussian-mixture representation of a
mapped fault where the fault is shown in grey with synthetic hypocentres colored by depth. B. Final catalogue of
synthetic events coloured by depth. Faults are shown in red and the reservoir outline in blue.

4.3.2. STEP 2: DESIGN SPACE

The next step defines the design space, that is, the set of plausible locations where seismic
receivers can be deployed. We define it by first selecting the smallest rectangle that could fit
all the events in the prior distribution. Then we add 10 km distance away from the rectangle
in all directions. Inside the buffered rectangle we place 400 trial sites with a Sobol low-
discrepancy sequence. A Sobol pattern gives an even spread without the rigid look of a
grid. All candidates are set at the surface level (z = 0).

The receiver grid can be seen in Figure 4.3.

4.3.3. STEP 3: TRAVEL-TIME ESTIMATION
After defining the design space and prior seismicity, the next step is to calculate the theo-
retical phase arrivals (tcale) from the synthetic hypocentres (xg) to the candidate receivers
(&). tealc is expressed as

teale (Xs, §) = uXs, &) +€(S). (4.12)

The forward function u estimates the propagation time of a seismic phase from a hypocentre
to a receiver, or in this case, to an array of receivers {. €(¢) is the noise affecting the
observed data.
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Figure 4.3: Design space showing candidate receiver locations generated with a Sobol-scrambled sequence (blue
triangles) and the prior seismicity distribution coloured by depth.

As done in Chapter 2, we calculate tcq using the fast Marching Method (FMM)
(Sethian and Popovici, 1999) implemented in the PyKonal Python Package (White et al.,
2020). All possible tcqic are precomputed and stored in a travel time table. The velocity
model is described in Section 4.4.3.

4.3.4. STEP 4: TRAVEL TIME UNCERTAINTY

After estimating the theoretical phase arrivals, we need a measurement of their uncertainty.
The covariance matrix of the travel-time observations accounts for two sources of uncer-
tainty: the picking uncertainty and the uncertainty associated with the velocity model. Fol-
lowing Strutz and Curtis (2025), the combined variance 0:(£)? for each travel-time obser-
vation is expressed as

o(0)? =0+ 105, (4.13)

where 0,55 represents the picking uncertainty and o, is the relative uncertainty in the
velocity model.

The picking uncertainty is presented in Section 4.4.4, which depends on the distance
between each hypocentre-receiver pair.

The velocity-model uncertainty scales with travel time, following the approach of Strutz
and Curtis (2025), who described this behaviour as analogous to a Gaussian random walk,
where the mean-squared error increases with distance.
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4.3.5. STEP 5: EVENT DETECTABILITY
We provide two different detectability thresholds for the study. The first case has no limita-
tion, meaning the events signal would always reach the receivers within the array.

For the second case, we focus on the detectability of low-magnitude events with a target
local magnitude My = 2.0. To estimate the distance range within which such events can be
reliably detected, we use the ground motion prediction equation (GMPE) for P-wave peak
ground velocity presented in 4.4.5.

We incorporate the detectability by making 0,55 large when the detectability threshold
is passed. Therefore, each receiver has a different pick uncertainty and blows up when the
event is not detectable.

4.3.6. STEP 6: LIKELIHOOD ESTIMATION

The likelihood quantifies the probability of observing the recorded data given the model
parameter values and a specific network design . In our case, the likelihood is the prob-
ability of observing the arrival times of seismic phases from a given source and network
configuration.

To account for measurement uncertainty, we model the observed arrival times as per-
turbed with random Gaussian errors. Consequently, the likelihood is represented as a mul-
tivariate Gaussian distribution centred on the predicted data, with a covariance matrix re-
flecting the expected measurement uncertainties.

Following Strutz and Curtis (2025), the likelihood of a source (sampled from the prior)
using a specific network design is estimated following these steps:

1. Calculate the predicted arrival times f.,;. of seismic phases that propagate from the
source to each receiver using a forward model explained in Section 4.3.3.

2. Compute the covariance matrix, where each diagonal term o; combines picking un-
certainty and travel-time-dependent velocity-model uncertainty (see Section 4.3.3).

3. Simulate observational noise by adding Gaussian random noise to the predicted ar-
rival times, where the corresponding entry of the covariance matrix gives the variance
for each observation.

4. Compute the likelihood over a network design ¢ with i receivers as

1 .noisy _ tgalc)z
logp(d|m, &)=~ Y |log2no?) + ————|. (4.14)
i

o
i

Note that we diverge from the likelihood term introduced in Chapter 2, which used the

EDT formulation. Although this formulation is effective in reducing the effects of outlier
data, it is computationally expensive.

4.3.7. STEP 7: OPTIMISATION

DN CRITERIA

At this point, the priors, design space, velocity-model uncertainties, and detectability con-
straints have already been defined. The objective is to select the configuration of M re-
ceivers that maximises the EIG. A detailed derivation of the Dp-optimisation criterion was
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given in Section 4.2.1. For clarity, we reintroduce here the expression used in the optimisa-
tion:

1 XN 3 1
EIGpy = v Y log[p(d; | m;,&)] - 5(1 +log(2m)) + 51og|cd|, (4.15)
i=1

where N is the number of prior samples, p(d; | m;,&) is the likelihood of the travel-time
data for model m; and design ¢, and Cy is the covariance matrix of the predicted data.

To solve this optimisation problem, we use a discrete variant of the Differential Evolu-
tion (DE) algorithm implemented in the Scipy library. DE is a global, population-based
search method that evaluates many network designs simultaneously, making it well-suited
for stochastic objective functions with multiple local optima. Each iteration proposes trial
receiver sets, evaluates their EIGpy, and retains the best-performing candidates until con-
vergence.

We constrain the search to select M = 13 receivers from the design space for two de-
tectability scenarios: (i) unlimited detection, where all events are observable by all re-
ceivers, and (ii) magnitude-limited detection, where we simulate a catalogue of events with
a local magnitude (M) value of 2.0. The resulting network designs are presented in Sec-
tion 4.5.

NMC CRITERIA

After convergence, we validate the final design with the unbiased but more expensive nested
Monte Carlo (NMC) estimator,

N

1 N
EIGnmc(§) = N > {logp(di lm;, &) —log[ﬁ Y pd; |mjrf)] } (4.16)
i=1 i=1

to confirm robustness to the Gaussian-evidence approximation (Strutz and Curtis, 2025).
The optimization is performed in the same way as in Section 4.3.7, but using the NMC
estimator.

4.3.8. STEP 8: VALIDATION—POSTERIOR DISTRIBUTION

The posterior distribution p(m | d, ¢) combines the prior information and the likelihood
of the observed data to update our understanding of the model parameters m. The poste-
rior fully characterises the uncertainties, correlations, and most likely values of the model
parameters given the observed data and network design. Additionally, it can be used to
describe higher-order properties, such as the mean, spread, shape, skewness, and potential
multimodality of the parameter distributions.

To assess whether the optimised network delivers the expected precision, we ran a
synthetic mislocation experiment that mirrors the standard EDT processing introduced in
Chapter 2. Each hypocentre is treated as a “true" origin; its theoretical P—arrival times at
the selected receivers are extracted from the heterogeneous velocity cube, perturbed with
zero-mean Gaussian noise (o = 0.015s), and re-inverted on the same 3D grid with the EDT
likelihood normalised over the full volume. Every inversion returned (i) the maximum-
likelihood grid node, (ii) its 3D mislocation error, (iii) marginal 1o uncertainties in x, y,
and z, and (iv) the azimuthal gap at the estimated epicentre.
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4.4. DATA

In this section, we introduce the open-access geological and geophysical datasets from the
Netherlands to design and test seismic networks for seismic monitoring.

4.4.1. SITE INFORMATION—ARAMIS CCS FIELD

As a case study, we consider the K14-FA field, part of the Aramis CCS project in the Dutch
North Sea (Fig. 4.4). In this field, the goal is to inject up to 2.5 million tonnes of CO,
annually, with operations expected to commence in 2028 and continue for approximately
15 years (Ministerie van Economische Zaken en Klimaat, 2024).

The field lies approximately 90 km northwest of Den Helder. The target reservoir is
located in the Upper Rotliegend Group at a depth of approximately 2.8 km, with a gas-
water contact at 3.1 km. The reservoir is overlain by claystone and rock-salt units of the
Zechstein Group, which provide an effective seal.
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Figure 4.4: Location of the K14-FA CO> sequestration site. A. Regional map showing the location of all CCS
licenses (yellow), natural seismicity (blue), and induced seismicity (red). B. Geometry of the K-14 field in blue
and local faults in orange.

4.4.2. FAULT GEOMETRIES

Our network design strategy focuses on monitoring seismic activity related to faults in
the vicinity of the fluid injection points. We simulate seismicity along faults that could
lead to the leakage of CO; into the atmosphere or that could trigger unwanted seismic
activity. Here we use mapped faults in the Dutch offshore from the European Fault Database
(v. Gessel et al., 2021). In section 4.3.1, we explain how we construct the prior distribution
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of seismicity along the fault planes. These data delineate regions of elevated seismic hazard
where enhanced monitoring sensitivity is most desirable.

4.4.3. SEISMIC-VELOCITY MODEL

We use Velmod 3.1 (Pluymaekers et al., 2017) as the reference seismic velocity model. This
model provides P- and S-wave velocities, together with their uncertainties, for each strati-
graphic layer across the Dutch subsurface. It serves as the basis for travel-time calculations
in our workflow.

4.4.4. OBSERVED TRAVEL-TIME UNCERTAINTIES

Observed P- and S-wave travel-time uncertainties are taken from Ruigrok et al. (2022).
These values were determined from Dutch seismic recordings for distances up to 160 km
and are used to parametrise the covariance matrix of the predicted arrivals. Standard de-
viations are provided for local (0—20 km), regional (20—60 km), and national (60-160 km)
ranges (Table 4.1).

Naming  Distance range [km] op[s] o5 [s]

Local 0-20 0.115 0.186
Regional 20 - 60 0.162 0.322
National 60 - 160 0.295 0.568
All 0-160 0.137 0.248

Table 4.1: Travel-time uncertainties o p and o g as a function of distance range, adapted from Ruigrok et al. (2022).

4.4.5. GROUND-MOTION PREDICTION EQUATION

We use the GMPE of Ruigrok et al. (2022) to determine the maximum epicentral distance
at which a receiver can detect a seismic event. This GMPE describes the attenuation of
P-wave ground-motion amplitudes with distance and was calibrated using induced earth-
quakes from the Groningen region. It provides magnitude-dependent estimates of amplitude
decay with distance and allows us to define realistic detection thresholds. Figure 4.5 shows
the predicted decay of peak ground velocity with epicentral distance for low-magnitude
events (M = 2.0). The red line indicates the minimum epicentral distance at which an
event is expected to be detectable.

The GMPE is given by:

In(Ynoq) = €1 + oM + g(R™), 4.17)
where Ynoq is the modelled modelled peak ground velocity (in mm/s), M is the local magni-

tude, and g(R*) accounts for the geometric spreading and attenuation effects. The effective
distance R* is defined as

R* = \/R2 + D2 + (e Mrez)?, (4.18)
where R is the epicentral distance, D is the event depth, and the last term accounts for
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magnitude-dependent saturation. The function g(R*) takes a piecewise form:

ciIn(R* if R* <d,
* {4 (") 4.19)

RY) = :
S e +craln (%) iR >4,

with d representing a transition distance beyond which the decay rate changes. The numer-
ical values of the GMPE coefficients are listed in Table 4.2.
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Figure 4.5: Predicted peak-ground-velocity decay with epicentral distance based on the adopted GMPE. The red
line marks the detection threshold for M; = 2.0 events.

Coefficient | Value
C1 -0.20
Co 1.96
Cy -3.44
Caq -1.62
e 0.45
e -0.80
d [km] 8.0

Table 4.2: GMPE coefficients from Ruigrok et al. (2022) used in this study.

4.5. RESULTS

The resulting network designs are shown in Figure 4.6. The top and middle rows show the
optimisation without setting a magnitude-detection threshold, which assumes that all of the
receivers can detect any of the seismic phases from the events in the prior. The top row
shows the optimization using the Dp-optimization criteria. We can see that most of the
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selected receivers are distributed following the orientation of the mapped faults. A similar
pattern, but with receivers closer to the centre of the field, can be seen in the middle row,
which corresponds to the design that is optimized using the NMC-criteria. The bottom row
of Figure 4.6 shows the DN-EIG optimisation results obtained when assuming a uniform
event magnitude of My = 2. As expected, networks optimized for detecting events with
M} =2 are concentrated closer to the centre of the array, because signal amplitudes attenu-
ate more rapidly with distance. Consequently, configurations with larger apertures are less
effective at detecting such low-magnitude events.

The validation of the network hypocentre resolution is shown in Figure 4.7. The net-
work design optimised using the EIG-Dy criterion (left column) yields hypocentral depth
uncertainties ranging from approximately 200 m to 1.2 km. Most events located at reser-
voir depth exhibit depth uncertainties of around 800 m. Depth uncertainties are estimated
using the 95% confidence interval (see Section 2). The corresponding azimuthal gaps (mid-
dle row) range between 80° and 110°, with a small number of events reaching values up
to approximately 130°. The average Euclidean distance between the true and recovered
hypocentre locations is approximately 120 m, as shown in the bottom row.

The network design optimised using the EIG-NMC criterion (right column) shows
overall improved performance. Hypocentral depth uncertainties are reduced to values be-
tween approximately 200 m and 900 m, while most reservoir-level events remain resolved
with uncertainties close to 800 m. Azimuthal gaps are generally smaller, ranging between
50° and 110°. This improvement is also reflected in the reduced average Euclidean mislo-
cation error of approximately 100 m.
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Figure 4.6: Results of the expected-information-gain (EIG) optimization. Left: evolution of the objective function
over iterations, with the moving average shown in red. Right: resulting receiver layouts with blue circles marking
all candidate receiver sites, red triangles marking the selected receivers, and grey points marking the simulated
sources. The first row shows the design using the EIG — Dy criteria. The middle row shows the design using
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4.6. DISCUSSION

We have presented a seismic-network-design workflow for monitoring geothermal-energy
or CCS operations. We applied the workflow to design a network in the K-14 offshore
field for monitoring a CCS operation that is in the implementation phase. The workflow
integrates open-access subsurface information from the Netherlands (e.g., fault structures,
seismic-velocity models, reservoir geometry, and borehole locations). We used this in-
formation to define the monitoring targets and simulate a prior distribution of expected
seismicity. For the design process, we incorporated two non-linear design strategies that
are rooted in well-established linearised design strategies, namely, the Dy- and NMC-
optimisation. We also carried out the optimisation using a global search based on a se-
quential evolution algorithm to find approximately globally-optimal network designs. We
included a validation of the designs based on the synthetic estimation of hypocentres from
events in the prior.

Applying this approach to the K14-FA field, we found that the optimal D n-optimised
configuration yielded hypocentral depth uncertainties ranging from approximately 200 m
to 1.2 km and mean 3-D mislocation errors of about 120 m. The N MC-optimised configu-
ration showed improved performance, with depth uncertainties between 200 m and 900 m,
and a lower mean 3-D mislocation error of about 100 m. The similar spatial receiver dis-
tributions obtained from both optimisation strategies indicate a stable network solution.
These uncertainty levels define the expected monitoring performance of the proposed net-
work design using 12 receivers placed on the sea bottom. Additional instrumentation, such
as borehole stations (geophones or distributed acoustic sensing placed along a borehole),
should be considered when lower spatial uncertainties are required.

The array optimised for detecting events with M} < 2 places more stations closer to the
expected epicentres. While this configuration improves the detectability of low-magnitude
events, the smaller array aperture limits its ability to improve hypocentral resolution. Com-
bining both design strategies—the unconstrained in magnitude for resolution and the con-
strained for detectability—can enhance overall network performance.

The proposed workflow requires extension in specific scenarios. First, we optimized
and validated our workflow for areas defined as high-risk or high-importance. This ap-
proach overlooks the sensitivity of the network in other areas of the subsurface. If the
sensitivity in other areas of the subsurface needs to be evaluated, we recommend imple-
menting the simulated magnitude of completeness approach of (Ruigrok et al., 2022). Sec-
ond, if the projects are located around seismically-active zones, the prior-seismicity should
simulate magnitudes according to the Gutenberg-Richter magnitude—frequency distribution
(Gutenberg and Richter, 1944) as done in Kraft et al. (2013). Third, travel-time errors can
be correlated between receivers when their inter-station separation is short or if ambient
noise is correlated. The influence of travel-time-correlated errors can be modelled using
ensembles of velocity models, as demonstrated by Callahan et al. (2025). Lastly, ambient-
seismic-noise conditions influence the detectability of seismic events. Noise constraints
can be incorporated using offshore hydrophone-based noise models from the JOMOPANS
database (MacGillivray and De Jong, 2021) and onshore noise power spectral density esti-
mates derived from existing monitoring stations.
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4.7. CONCLUSIONS

Seismic-network design optimizes the placement of sensors to improve the resolution re-
quired to monitor seismicity associated with geothermal or carbon-capture-and-storage op-
erations. We presented a network-design workflow that uses public information about the
Dutch subsurface. The workflow is based on well-established experimental design ap-
proaches. We demonstrated the workflow by designing the network for a carbon-capture-
and-storage project in the North Sea. We validated the resulting designs to locate microseis-
micity down to My, = 2 in the zones defined as high-risk or high-interest. The validation step
in our workflow provides the limitations of the hypocentre resolution. If a higher hypocen-
tre resolution is required, the addition of borehole seismic stations should be considered.
Our workflow can be extended to incorporate updated velocity, noise, and attenuation mod-
els. We hope that our workflow will reduce the cost barrier associated with monitoring
geothermal operations and provide optimised networks to meet specific monitoring goals.
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CLOCK ERROR CORRECTION
WITH AMBIENT SEISMIC NOISE:
APPLICATION TO REYKJANES
GEOTHERMAL FIELD

Hypocentre estimation relies on the arrival times of seismic waves measured by a network
of receivers. The receivers need to be correctly synchronised in time to avoid erroneous
hypocentre locations and misinterpretation of the underlying seismic processes. It is com-
mon to synchronise the receivers with the absolute time provided by a Global Navigation
Satellite System (GNSS). When the receivers are Ocean-Bottom Seismometers (OBS), syn-
chronisation is not possible as GNSS signals are not accessible from the ocean bottom. As
a result, OBS experiences clock drift, which introduces receiver-specific timing errors. In
this chapter, we introduce a new method that identifies and corrects clock errors in OBS.
Our method leverages the theoretical time symmetry of time-averaged cross-correlations
of ambient seismic noise; broken time symmetry is attributed to clock drift. We apply our
method to the IMAGE seismic network, a two-year seismological experiment that monitored
geothermal areas and seismic activity in the Reykjanes Peninsula (Iceland). Our results in-
dicate that all IMAGE OBS experienced clock drift, and a significant number of them were
subject to an initial clock error at the time of deployment. Based on these results, we release
OC1oC, an open-source Python package of our method. With our method and package, we
expect to facilitate the monitoring of offshore geothermal energy projects.

5.1. INTRODUCTION

Over the past few decades, the use of ocean-bottom seismometers (OBS) has increased sig-
nificantly. OBS readings enable the identification of remarkable features, such as undersea

This chapter has been published as a journal paper in the Seismica Journal (Naranjo et al., 2024). Note that minor
changes have been introduced to make the text consistent with the other chapters of this thesis.
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volcanic eruptions (Matsumoto et al., 2019) or seismic activity linked to tectonic strain and
gas emissions through fault conduits (Tary et al., 2011). In particular, OBS readings are
frequently used for imaging of the crust and/or mantle (e.g., Dongmo Wamba et al., 2023).
Despite these successes, a key challenge in using OBS remains the accurate (time) synchro-
nisation of the instruments’ recordings. In fact, most OBS clocks drift, meaning they do
not run at the same rate as a reference clock. This issue might be overcome by using atomic
clocks instead of the traditional microprocessor-compensated crystal oscillator clocks that
most OBS have (Gardner and Collins, 2012). This, however, would increase the inventory
costs and power consumption, implying fewer instruments and less monitoring time, re-
spectively. If the network is not properly synchronised, the incorrectly timed recordings
may result in biased earthquake locations and Earth structure models.

One simple approach to identify clock drift is to measure the time difference between
the instrument’s internal clock and a GNSS signal before deployment and after recovery.
This time difference is commonly referred to as the instrument’s ‘skew’. Assuming the in-
strument’s clock drifted at a linear rate, a time correction can then be applied (e.g., Geissler
et al.,, 2010). The skew, however, is not always possible to retrieve (e.g., when the in-
strument’s battery dies before recovery). For this reason, several authors have proposed
alternative methods for correcting clock errors; many of these exploit the presumed tem-
poral stability of time-averaged cross-correlations of ambient seismic noise (e.g., Sens-
Schonfelder, 2008; Loviknes et al., 2020; Hannemann et al., 2014; Jousset et al., 2013).
These approaches, however, ignore errors that could arise if the initial synchronisation with
a GNSS signal is either lacking or erroneous, or if there is an “initial" clock error resulting
from the temperature shock during deployment (Zhang et al., 2023).

In theory, time-averaged cross-correlations of recordings of ambient seismic noise
(henceforth ‘noise cross-correlations’) result in a signal that is symmetric around ¢ = 0
(e.g., Stehly et al., 2006). In fact, under favourable conditions, the signals at positive and
negative time lag coincide with the medium’s Green’s function (between the positions of
the two seismic stations) and its time reverse, respectively. As such, it is referred to as
‘seismic interferometry’ (SI) (Wapenaar and Fokkema, 2006). In practice, these conditions
are often not entirely fulfilled. Notwithstanding, provided the illumination is sufficiently
uniform, the operation of averaging noise cross-correlations over time still yields two inter-
ferometric surface wave responses: one at the positive and one at the negative time lag(s).
Violation of the noise cross-correlations’ time symmetry may indicate the presence of clock
errors (e.g., Hannemann et al., 2014).

Currently, two distinct approaches use noise cross-correlations to detect and correct
clock errors (Gouédard et al., 2014). The first approach is based on the presumed tem-
poral stability of the noise cross-correlations (Hable et al., 2018; Loviknes et al., 2020).
In this approach, cross-correlation functions of ambient noise are calculated over different
periods. The drift is then estimated as the time shift that maximises the Pearson correla-
tion coefficient between each cross-correlation function and a reference correlation func-
tion (Hable et al., 2018). However, this method ignores the possibility of an initial clock
error at the time of deployment due to a temperature shock during the OBS’ descent to
the ocean floor (Gardner and Collins, 2012; Zhang et al., 2023). The second approach ex-
ploits the above-mentioned time symmetry between the retrieved interferometric responses
(Sens-Schonfelder, 2008; Weemstra et al., 2021). Contrary to the first approach, both direct
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surface wave arrivals (i.e., at positive and negative time lag(s) need to be retrieved success-
fully in this case. Low signal-to-noise ratios or stations that are too close to each other (in
terms of wavelength) prohibit this.

Although existing approaches for correcting clock errors have proven successful, a few
challenges remain. First, the symmetry of ambient noise cross-correlation, while a valuable
theoretical concept, is rarely realised in practice. A non-uniform illumination pattern may
cause shifts in the arrival time of the interferometric responses with respect to the true
arrival time (a challenge that is often overlooked). Second, current methods ignore the
possibility of the aforementioned initial clock error during deployment. This clock error,
introduced during the OBS’ descent, is not expected given the mechanism causing clock
drift (e.g., Shariat-Panahi et al., 2009), but it would nonetheless be good to rule out; in
particular because the first approach mentioned above (Hable et al., 2018; Loviknes et al.,
2020), does not allow such initial clock error to be detected. Finally, many of the current
methods rely on land seismometers that are considered to be devoid of clock errors, ideally
in the vicinity of the OBS deployment. This, however, will not be the case when the OBS
network is located in oceanic regions far from the coast.

In this chapter, we present a versatile method that addresses all these challenges. Our
approach (i) uses a weighted least-squares inversion to minimise the detrimental effect of
non-uniform illumination patterns, (ii) allows for a potential initial clock error at deploy-
ment time, and (iii) does not require land stations to be included in the network to syn-
chronise the recordings. Regarding the third claim, although our approach allows the OBS
network’s recordings to be synchronised, the combined set of recordings cannot be syn-
chronised with Coordinated Universal Time (UTC). To achieve that, a land station (with
a UTC-synchronised clock) needs to be included in the network. The presented method
is implemented in an open-source Python package named OCloC (OBS Clock Correc-
tion), which accompanies this chapter. It combines the two aforementioned techniques for
clock error detection (i.e., the one relying on the presumed temporal stability of noise cross-
correlations and the one relying on their presumed time symmetry). Our method (and hence
the package) is particularly useful in application to large-N seismic arrays.

To show the validity of our method, we use data from a seismic network deployed
on and around the Reykjanes peninsula, SW Iceland (Jousset et al., 2020a). This seismic
network was deployed in the context of the geothermal project IMAGE (Integrated Methods
for Advanced Geothermal Exploration, see also Jousset et al., 2020b; Blanck et al., 2020).
The data set used consists of recordings by 30 on-land stations and 17 OBS (this is a subset
of the stations used in Weemstra et al.,, 2021). In the following sections, we detail the
theory underlying our approach (Section 5.2), discuss and exemplify the implementation of
this theory (Section 5.3), present and discuss our findings (Section 5.4), and list the most
important conclusions (Section 5.6). A more detailed description of the data is included
in Section 5.3 (Section 5.3.1). In addition, a brief description of OC1oC is given in this
section (Section 5.3.3).

5.2. THEORY

In this section, the theory is introduced step-wise. First, we briefly highlight the most im-
portant theoretical aspects of Seismic Interferometry (SI). Second, we introduce a model
adequate for determining clock drift, which is an extension of the model introduced by
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Weemstra et al. (2021). Third, we introduce potential additional time shifts (i.e., in addi-
tion to clock drift) affecting the arrival times of the interferometric responses. Fourth, we
describe how a single noise cross-correlation’s drift, and deviation from symmetry, can be
retrieved. Fifth, we present the matrix notation of the introduced model. Finally, we briefly
describe two different inversion approaches.

5.2.1. SEISMIC INTERFEROMETRY

Early types of seismic interferometry (SI) were introduced to the geophysics community by
Aki (1957) and Claerbout (1968). Over the last two decades, the theory underlying SI has
been established (Lobkis and Weaver, 2001; Wapenaar and Fokkema, 2006; Snieder, 2004;
Shapiro and Campillo, 2004), and the method has been exploited in numerous applications.
Examples include subsurface characterisation (Draganov et al., 2007; Jousset et al., 2016),
reservoir monitoring (Sanchez-Pastor et al., 2019), and glaciology (Lindner et al., 2018). In
this chapter, SI is used as an independent method to recover clock errors without needing
skew measurements.

Applying SI to recordings of ambient seismic noise allows one to retrieve new seismic
responses between pairs of stations by means of simple cross-correlations (Wapenaar and
Fokkema, 2006; Stehly et al., 2006). Under specific conditions, the time-averaged cross-
correlation contains the response to two ‘virtual sources’: one at negative lag times (usually
referred to as the ‘acausal part’) and another at positive lag times (referred to as the ‘causal
part’), and with the virtual sources coinciding with the receiver locations. Time averaging
is required to suppress spurious travel time delays that arise from constructive interference
of signals coming from different sources. The time-averaged noise cross-correlation is
proportional to the medium’s Green’s function if: (i) the noise sources illuminate the station
pairs uniformly from all angles, (ii) the noise sources are uncorrelated, (iii) the medium
is lossless, and (iv) sources have coinciding amplitude spectra (Wapenaar and Fokkema,
2006). Under these assumptions, the time-averaged cross-correlation of noise recorded by
stations at x; and X;, which we denote by C; j(f), is proportional to the Green’s function
G (xj,x;, 1) and its time-reversed version, convolved with the autocorrelation of the signal
emitted by the (noise) sources, i.e.,

Cij(t) x [G(xj,xi, 1) + G(xj,x;,—1)] * P(1), 5.1

where P(¢) denotes the signal’s autocorrelation generated by noise sources. In this chapter,
we focus on the direct surface wave part of the Green’s functions, ignoring the scattered
signal. We refer to Wapenaar and Fokkema (2006) and Halliday and Curtis (2008) for a
more detailed discussion of the assumptions underlying SI.

5.2.2. A MODEL TO ACCOUNT FOR CLOCK DRIFT

When it comes to the recovery of clock errors, an essential feature of the noise cross-
correlation is its presumed time symmetry: under the assumptions listed in the previous sec-
tion, the direct surface waves in C; () arrive at time lags of equal magnitude but opposite
signs (Figure 5.1a). A violation of this time symmetry, such as the one in Figure 5.1b, indi-
cates the presence of clock errors. To infer these clock errors from noise cross-correlations,
Weemstra et al. (2021, Section 4) recently introduced an appropriate model. These authors,
however, did not include clock drift in their model as they assumed the instrumental clock
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errors to be time-independent (or constant). We extend the model introduced by Weemstra
et al. (2021) to account for time-dependent clock errors such as clock drift.
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Figure 5.1: Schematic illustration of SI for the detection of clock errors. a. Noise cross-correlations computed
using two stations without clock errors. The noise cross-correlation is almost symmetric in this case (for a rela-
tively uniform illumination), and t%’app) = _tlgjj.app). b. Noise cross-correlations computed when one of the two
stations is subject to clock errors (e.g., due to clock drift of one or both instruments). The noise cross-correlation
is asymmetric (even for a relatively uniform illumination), and tlgfj’app) # _tlg‘—j,app). In b, station j is subject to a

clock error of § tj(.ms), which causes the noise cross-correlation to shift to negative time by that amount.

Here we assume the (potential) OBS clock drift to be linear. This is based on the fact that
(i) the drift rate should be steady at constant temperature and (ii) the ambient temperature
tends to be rather stable in deep water (note that the drift rate at a certain temperature is
dictated by the frequency of the quartz oscillators in seismic clocks; Shariat-Panahi et al.,
2009). The validity of this assumption has been demonstrated for OBS at larger depths in
previous studies (Hable et al., 2018; Loviknes et al., 2020).

To estimate clock drift, we compute time-lapse cross-correlations Cj, ; (t, t1P9) where
tUPs) is the timing of the time-lapse cross-correlation. We refer to C;,; (¢, tP¥) as the ‘lapse
cross-correlation’. Note that t%P¥ is the average time of all time windows contributing to the
lapse cross-correlation. Therefore, tP%) is not necessarily the time exactly in between the
time of the first and last time window contributing to C; ;(f, t1P%): in case the recordings by
one of the two stations (or both) contain gaps, t!P¥ may be skewed towards the beginning
or end of the entire period over which individual cross-correlations are averaged.

For the considered linear parametrisation, the time-dependent clock error of station i,
denoted by & t;ms) , is written as

5t§in5) (t(lps)) _ ait(lps) +b;, 5.2)
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where 8™ s the clock error of station i at t%%, £0P%) is the average time of the time-lapse
cross-correlation, a; is the clock drift rate of station i, and b; is the incurred clock error of
station i at tUPS) = 0.

Note that t'P9 is a continuous variable and that it is conveniently (but arbitrarily) set
to 0 at the 215" of August 2014. This is the approximate time of deployment of the OBS
considered in this study (the OBS have been deployed over the course of a number of days
around that date). Furthermore, § tl{ms) is defined such that negative values imply that the
recordings by station i are subject to a time delay. The rate at which the clock of station
i is drifting is given by a;, whereas b; represents a possible clock error of station i at
tUPS) = 0. These are the two unknown parameters that we want to recover in this study (for
all the OBS). A different parametrisation of tlgms) in terms of, for example, cubic splines
or trigonometric basis functions (i.e., Fourier series) is relatively straightforward.

A deviation from time symmetry can result from clock errors in either one or both sta-
tions involved in the noise cross-correlation. Similar to Weemstra et al. (2021), we denote

the arrival time of the causal direct surface wave in C; j(, t“ps)) by t(+ APP) and the arrival
time of the acausal direct surface wave by i ]’ app) . Accounting for the time-dependent clock
errors above, we obtain the following expression for the apparent arrival time of the causal
direct surface wave:

tl@}»app) (t(lps)) _ tng}) + 6tl§ins) (t(lps)) _ 6[’;.1118) (t(lps)) . (5.3)

Similarly, the apparent arrival time of the acausal direct surface wave is given by

tz(; ,app) (t(lps)) _ t( VLS t(lns) ( t(lps)) 5 tj(ins) ( t(lps)). (5.4)

Here, tng}) and tlg_j) are the true arrival times of the direct surface waves, i.e., the direct

surface waves in G (x;,x;,t) and G(x;,x;,—t), respectively. Consequently, by definition,

) = —tlg_].). It is useful to note that a temporal change in the medium (e.g. Lindner et al.,

2018) does not affect the equality between tlg;.) and — tlg’_j), as it merely modifies the Green’s
function.

Summing the left-hand and right-hand sides of equations (5.3) and (5.4), and subse-
quently substituting the linear parametrisation defined in Equation (5.2), we find

( fapp) t( .app)) ( t(lps))
ij

=26 tlglns) (t(lps)) —28 t](ins) (t(lps])
=2a; £ps) | 2b; —2a; £ps) _ 2b;.

The variables here are shown schematically in Figure 5.1. In the ideal case that (i) the
station couple is illuminated uniformly from all angles, (ii) spurious energy has effectively
been stacked out in the time-averaging process, and (iii) the recordings are not subject to
clock errors and/or drift, the right-hand side of Equation (5.5) evaluates to zero. If this is

(+ ap) _ t( ]’app) t( ) = t(+) If, however, the measured t(Jr APP) and

are such that the left-hand side of Equatlon (5.5) does not coincide with zero (and

the case, then t

t( ,app)
i,j
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the aforementioned conditions are fulfilled), this indicates a clock error at either one or both
stations. The associated broken time symmetry is illustrated in Figure 5.1b.

Assuming the number of lapse cross-correlations NP to coincide for all cross-
correlation pairs, t4PS) can be discretised as tﬂps) where k =1,2,..., NS In that case,
Equation (5.5) can be written as

(+,app) (-,app) _ (lps) (]ps) )
ti'j'k +ti'j'k =2a;t, +2b; — 2a;t, -2b;. 5.5)

(+.app)

L

associated with lapse time ;.

t; j’e;cp P) is based on the study by Weemstra et al. (2021), and detailed in Section 5.2.4. The
associated practical implementation is explained in Section 5.3.2. Finally, it is useful to note
that we merely assume the number of lapse cross-correlations per station couple to coincide

for notational convenience. In practice, both the number of lapse cross-correlations and

indicate that the arrival times of the direct surface waves are
(Ips)

where the indices k in >

. The procedure involving the determination of the t(+ APP)

their timing (i.e., the values of the t,(clps)) may (and will) vary from one station couple to
another.

5.2.3. ADDITIONAL ARRIVAL TIME SHIFTS

Differences in amplitude between the causal and acausal arrivals occur if the noise intensity
is larger in one stationary-phase direction than in the other (Stehly et al., 2006). Impor-
tantly, a non-uniform illumination pattern may also introduce (small) deviations, or time
shifts, from the correct arrival time of the causal and acausal surface waves. We denote
these additional time shifts by 6 t(src) (the superscript ‘src’ implies that the time shift is as-

sociated with the source distributlon). This time shift depends on all three indices since
the (noise) illumination pattern usually varies as a function of both time (hence the index
k) and station couple (hence the indices i and j). The time dependence of this term is re-
lated to the illumination pattern, which is usually non-stationary (e.g., Yang and Ritzwoller,
2008; Weemstra et al., 2013). The i, j dependence of this term is explained by the fact that
the retrieved causal and acausal direct surface wave responses are associated with oppo-
site stationary-phase regions (e.g., Snieder, 2004; Boschi and Weemstra, 2015). Azimuthal
variations of the noise intensity in the two directions along the line connecting a station pair
i and j, determine the magnitude of this arrival time shift. We therefore distinguish between
1) tl(J; Skrc) and & t( Sm) , which represent (illumination related) arrival time shifts of the direct
waves at posmve (causal) and negative (acausal) time lag(s), respectively. In other words,
the illumination-induced (additional) arrival time shifts of the causal and acausal direct sur-
face waves can be expected to differ from each other (Weaver et al., 2009; Froment et al.,
2010). We parenthetically note that the medium appears to be slower for a positive § tl(J;irC)

,SIC)
Jk

In addition to the 111uminati0n-related arrival time shifts, we account for the presence of

spurious energy by defining the additional time shifts & t(+ spun and 6t; ]’Skp un)

whereas a positive § t( makes the medium appear to be faster than the actual medium.

, which, similar

to & tl(J; Skm) and & tE j’skrc), represent shifts in the arrival tlmes of the causal and acausal direct

'

surface waves, respectively (for details we refer to Weemstra et al., 2021). Including these
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time shifts in our model, Equation (5.5) reads:

(+,app) (—,app)
Lk Thjk

=2a; 1" +2b; ~ 241" —2b;

+5t(+ ,SIC) +5t( ,SIC)

i,j,k i,j,k
(+,spur) (—,spur)
+6t ik +6t”k . (5.6)
5.2.4. DETERMINATION OF Z “pp) 4 ¢app)

i,7,k
As explained in Section 5.2.2, clock errors ma{ﬁfest themselves by breaking the time-
symmetry of the lapse cross-correlations. In order to solve for a large number of a; and
b; (i.e., to determine clock drift for large OBS arrays), time shifts of individual lapse cross-
correlations need to be extracted in an automated fashion.

The t&2PP) 4 t( 'app) (for all i, j, and k) are the entries of the data vector t@PP), Qur

i,j,k

(; z]icpp) + t(,] %Ilcpp)
is based on the assumption that, for an individual station couple i, j, the drift accumulated
over the interval from t(lp 9 to t(lr(’ls)s) is the combined result of a; and a; (i.e., that it is
linear). Based on the presumed stability of both the medium and the noise illumination,

the accumulated drift is estimated by cross-correlating the earliest lapse cross-correlation

with the latest lapse cross-correlations: (C; (¢, t(lp )) is cross-correlated with Cj ; (t, tl(\%z)s))).
(Ips)

= 0 then results

procedure starts by computmg a priori estimates of these ¢ This estimate

Assuming the drift to be linear and clock errors to coincide with zero at 7,

in the sought-after a priori estimates of t(;j‘cpp Vi ]'app ), which we denote by t(fijf) ;lon) Note
that, as such, the a priori estimate of 2b; —2b; is assumed to be zero (see Equation 5.5).
Clearly, this is a rather strong assumption. If an initial screening reveals that this assumption
is not justified, it may be necessary to combine the procedure here with the procedure
described in Section 5 of Weemstra et al. (2021). Finally, it is useful to note that instead
of station-couple-specific a priori estimates, Weemstra et al. (2021) use station-specific a
priori estimates to obtain t(apnon) (without an index k because the analysis by Weemstra
et al. (2021) does not account for clock drift, but merely allows one to determine time-
independent clock errors).

The t(a p]:wn) are used to fill an initial estimate of the data vector t@PP)_ By solving the
inverse prcblcm (explained below in Section 5.2.6), we recover a priori estimates of the
a; and b;. As soon as these estimates are obtained, we apply the procedure described in
Section 5 of Weemstra et al. (2021). In summary, this involves determining the time win-
dows in which the causal and acausal direct surface waves are expected using (i) a reference
surface wave velocity (which can be station-couple specific), (ii) the station-to-station dis-
tance, and (iii) a priori estimates of a; and b;. Knowing the approximate time windows
in which the direct causal and acausal surface waves can be expected, the envelopes of
the lapse cross-correlations are subsequently computed. The envelopes are used to deter-
mine the arrival time of the direct surface wave (either causal or acausal) with the largest
amplitude difference between the top and bottom envelope (denoted by #°t in Weemstra
et al.,, 2021). Finally, after interpolating the lapse cross-correlation for a time window

86



5.2. THEORY

1. Retrieve the crosscorrelations of each stationpair with the earliest and latest average date.
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Figure 5.2: Processing steps for calculating an a priori estimate of the combined clock drift of a given station pair.

(+,app)
ijk

tlg_].’?,lcp P ), and cross-correlating the signals in these two-time windows, the desired measure-
ment ¢; " + tg}’?cp P) can be obtained. For a detailed description of the entire process, we

refer to Weemstra et al. (2021, Section 5).

(with a length of about one period) centered around the a priori estimates of ¢ and

(+,app)

5.2.5. MATRIX FORMULATION

Assuming we possess synchronous noise recordings by a total of N seismic stations and
we compute a total of NUPS) Japse cross-correlations between each station pair, a maximum
of NS times N(N —1)/2 lapse cross-correlations can be obtained. The set of equations

(+:app) | 4(=8PP) (o i that case be written as

governing the t ik ik

AL 4 519 | (SPUD — ¢(@pP), (5.7)

where the vector t@9) contains the sought-for clock drift rates a; and initial clock errors b;.
This vector has a length of 2N. The rows of A relate to different station pairs and lapse times

tl(clps)’ i.e., they are associated with different C; ; (t, t}gPS)), Each column of A is associated

with either an a; or a b;. Consequently, A has dimension N Ups) (N (N —1)/2) x 2N. The
length of the vectors t@PP) 1) apd pspun obviously coincides with the number of rows of
A. The vector t@PP) contains the measurements and is often referred to as the ‘data vector’.
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For the sake of clarity, we have detailed these vectors and matrices in Appendix A.5. Note
that throughout this work, both matrices and vectors are indicated in bold; matrices are also
capitalised, vectors not.

5.2.6. INVERTING FOR CLOCK DRIFT

In the model introduced above, we considered the number of lapse cross-correlations N (ps)
to coincide for all station pairs. In addition, we assumed these lapse cross-correlations to
exist for all possible combinations of stations, i.e., N(NN —1)/2. In application to field data,
however, t(3PP) and/or t(~@PP) often cannot be determined for all lapse cross-correlations
(i.e., all combinations of i, j and k). This implies that the number of rows M of the matrix
A (and hence the number of elements of t@P) n®™ and nPU)) will in practice often be
smaller than NP9 N(N —1)/2.

The inability to accurately determine ¢-3P) and/or t~3P) can be due to a number of
reasons. First, if two stations are too close to each other with respect to the wavelengths
considered, the direct surface-wave response at a positive time will overlap with the direct
surface-wave response at a negative time. Second, the absence of sources in one of the two
stationary phase directions will prevent the retrieval of the corresponding direct surface-
wave response (e.g., Snieder, 2004). Clearly, this also prevents determining the associated
arrival time. Third, gaps in the recordings by one or more stations may lead to fewer lapse
cross-correlations.

Before we explain the two inversion approaches, we clarify the relation between matrix
A and the ability to obtain a unique (least-squares) estimate of t'9. Because, as defined
in Appendix A.5, the rank of A is two lower than the number of unknowns 2N (having a
matrix with a rank that is lower than the number of unknowns is often referred to as ‘rank
deficient’). This indicates that the system of equations is effectively underdetermined. In
other words, a unique estimate of i does not exist for the system of equations defined in
Equation (5.7). We distinguish between two cases: a land station is included in the network,
or no land station is included in the network. In the first case, a unique estimate of ¢lins)
exists if a number of conditions are fulfilled. We will detail these in the paragraph below.
If the network consists solely of OBS, a unique estimate of ti™ does not exist. We discuss
that further below. Finally, an intuitive explanation of the rank deficiency is provided.
Consider 10 lapse cross-correlations, each associated with a different t,(clps) but with the
same two OBS. The matrix A would be a 10 x 4 matrix in that case (see Equation 5.5).
Clearly, an infinite number of (least-squares) solutions exist for b; and b, since adding any
(arbitrary) value to both by and b, would result in the same left-hand side. In other words,
a unique solution for b; and by does not exist. The same applies to a; and ay.

In case a station with a UTC-synchronised clock is included in the network (i.e., a land
station), the entries of that station can be eliminated from tins) and the associated columns
eliminated from A (see also the discussion in Section 6 and Appendix A in Weemstra et al.,
2021). Subsequently, a number of conditions need to be fulfilled for a unique estimate of
@9 o exist. First, the system of equations (as defined in Equation 5.7) needs to contain
at least two lines associated with lapse cross-correlations involving that station. These two
lapse cross-correlations should be associated with a different lapse time tl(clps). The land
station in the first of the (at least) two lapse cross-correlations may, in fact, be a different
land station from the land station associated with the second lapse cross-correlation, as long
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as the two lapse cross-correlations are associated with different t,(clpS) . Second, each of the

OBS needs to be part of at least two lapse cross-correlations: there need to be two rows
in A for which the entries associated with that OBS are non-zero. And again, these entries
should be associated with different tl(clps). In case these two conditions are fulfilled, the rank
of A coincides with the number of unknowns (2N), and a unique least-squares estimate of
the a; and b; in ti" exists. Finally, the larger the difference in time between the various
lapse cross-correlations of an OBS, the more accurate the estimates of its a; and b;.

If the network consists solely of OBS, a unique estimate of t‘™ does not exist. In
that case, that least-squares estimate of tin9 g chosen that has the lowest norm, i.e., that
minimizes |[€9)]|, where t1™ is any least-squares solution (or least-squares estimator)
of the underdetermined system of equations. This solution is usually referred to as the
minimum norm solution. The second condition above, which needed to be fulfilled to obtain
a unique estimate of t/"S) still applies in this case. That is, each of the OBS still needs
to be “part of" at least two lapse cross-correlations. The minimum-norm solution yields
an estimator of ti that allows the OBS recordings to be synchronised with respect to
each other, but not with respect to UTC. This is, of course, still useful as it would enable
tomographic studies using only the OBS or the localisation of seismic events (earthquake
hypocentres) below the OBS array.

We consider two estimators of t(. These are the ordinary-least-squares estimator
119 and the weighted-least-squares estimator f(if]‘lss). We refer to Weemstra et al. (2021)
for a detailed description (and derivation) of these estimators and will only provide a brief
explanation of these two estimators here. The ordinary least-squares estimator minimizes
the misfit function |[t@PP) — At(™)|| and hence does not account for (potential) variations in
the 6 tl(sjrcli and/or t;,s;)’zr) for different i, j, k. The weighted least-squares estimator, instead,
exploits the inverse proportionality of the illumination-related arrival time shifts (i.e., the
inverse proportionality of 6 tl(sjmli) to the true station-to-station travel time ;, ; (as derived by
Weaver et al., 2009). But since this travel time is usually not known, it uses the station-to-
station distances |x; —X;| as a proxy for the #; ;. Measurements (i.e., individual tg;:ipp) +
t;,_j’jcpp)) associated with lapse cross-correlations between stations (i and j) that are further
apart are hence assigned larger weights in the inversion.

5.3. IMPLEMENTATION & APPLICATION TO DATA

In this section, we describe the workflow that allows the estimators of i to be computed
(Section 5.3.2). Although predominantly methodological aspects of the workflow are dis-
cussed (results are presented in Section 5.4), some examples with field data are shown. We
therefore start by introducing the IMAGE’s seismic network and its lapse cross-correlations
(Section 5.3.1). After describing the workflow, we dedicate one subsection to our pack-
age OCloC (Section 5.3.3). We finish this section with a description of a bootstrapping
procedure that allows the stability of the recovered clock drift values to be assessed (Sec-
tion 5.3.4).
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5.3.1. THE IMAGE DATA SET

For heuristic purposes, the explanation of some processing steps of our workflow includes
these steps’ application to a set of lapse cross-correlations. These lapse cross-correlations
are retrieved from recordings of ambient seismic noise acquired on and around the Reyk-
janes peninsula, SW Iceland (Jousset et al., 2020a). It concerns lapse cross-correlations
between a subset of the stations considered by Weemstra et al. (2021). Specifically, about
one year of noise recorded by 30 land stations and 17 OBS is used (see Figure 5.3 for the sta-
tion locations). The OBS in this experiment are equipped with Seascan clocks (SEASCAN
microcomputer compensated crystal oscillators), which are temperature-compensated.

IMAGE's seismic network
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Figure 5.3: On- and off-shore stations of IMAGE’s seismic network, SW Iceland, whose lapse cross-correlations
were used in this chapter. Note that the numbering of the OBS runs up to 23. In contrast, only 17 OBS are included
in our set of lapse cross-correlations (some stations did not sample the ambient seismic field sufficiently long and
were hence excluded from our analysis; see also Figure S1 in Weemstra et al. (2021)). Only the land stations
‘HAH’ and ‘RET’, which are analysed in Sections 5.3.2 and 5.4, are labelled due to space constraints.

The lapse cross-correlations are computed by averaging individual station-to-station
cross-correlations over a 100-day period. These individual cross-correlations are computed
per hour with a 50% overlap. We refer to Weemstra et al. (2021) for a detailed description
of the computation of the hourly cross-correlations. Averaging individual (hourly) cross-
correlations is performed in a two-step process. First, daily cross-correlations are computed
based on a maximum of 47 hourly cross-correlations (24 x 2 —1). Subsequently, these daily
cross-correlations are averaged. Importantly, gaps in the recordings by one or both stations
are accounted for in the sense that the timing of a lapse cross-correlation, i.e., its t](clps),
is defined as the average time of the individual cross-correlations. Gaps in the data can

cause the average time of the correlations (t,(clp s)) to deviate from the centre of the 100-day

period. Note that the ¢'P¥

. are allowed to differ between different station couples, as they
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are explicitly included in A (see also Appendix A.5). In case the number of individual cross-
correlations contributing to a lapse cross-correlation does not exceed 75% of the maximum
number of individual cross-correlations (which is 100 x 47), that lapse cross-correlation is
discarded. An overview of the data availability is given in Figure S1 of Weemstra et al.
(2021).

5.3.2. WORKFLOW

To determine and correct clock drift using lapse cross-correlations of ambient seismic noise,
we adopt the processing sequence in Figure 5.4. It is this workflow that is implemented in
OClocC. The workflow comprises five steps. We now dedicate one subsection to explain
and discuss each of these steps.

( Clock error correction ]

Processing step Methods

~
1. Initial screening Bandpass filtering
2. Selecting eligible Selection of SNR and
cross-correlations distance thresholds
3. Determination of the Filtering out stations without
(+,3pB) | 4(=app) enough station-connections /
1,4,k 1,4,k periods
4. Solving the inverse Computation ofthg desired
problem least-squares estimator
~
Improving the estimation of
5. An iterative approach tgj]?,’,‘:pp) + tgg”,‘:pp)
by performing iterative inversions
~
6. Qualitative u.ncertalnty Bootstrap re-sampling
analysis )

Figure 5.4: Workflow for the determination of OBS clock drift using lapse cross-correlations of ambient seismic
noise between a large number of OBS (computed from large-N ocean-bottom seismometer deployments).
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INITIAL SCREENING

In Figure 5.5a, all stations and ray paths associated with the available lapse cross-correlations
are shown. To get a first impression of whether or not the OBS recordings are subject to
clock drift, one can plot the different lapse cross-correlations in a single plot (i.e., time-
averaged cross-correlations associated with different t,(clps) ). In Figure 5.5b, we depict
lapse cross-correlations between stations 020 and HAH (land station) for 5 different lapse
times. Potential clock drift of an OBS manifests itself as a shift in time of the lapse cross-
correlations: for this specific station couple, the lapse cross-correlations associated with

larger t](clps) are shifted to a later time.

b
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Figure 5.5: a. All seismic stations and ray paths; blue and orange circles correspond to OBS and land seismome-
ters, respectively. Only the station names of the OBS are indicated. Below each station name, the number of
available lapse cross-correlations involving that specific station is depicted. b. All lapse cross-correlations for a
(Ips.

k )) of the lapse cross-correlation.

given station pair. The colours indicate the average timing (¢

Prior to the determination of clock drift, it is important to choose an adequate bandpass
filter. For the IMAGE data, the surface waves in the retrieved interferometric responses
have the highest signal-to-noise ratio (SNR) between 0.1 and 0.4 Hz. In general, however,
the pass band depends on parameters such as the nominal station-to-station distance, the
amplitude of the noise sources, the illumination pattern, and the geographical location of
the OBS array (e.g., Yang and Ritzwoller, 2008). Note that, due to surface-wave dispersion,
lower frequency bands usually result in smaller separations in time of the causal and acausal
surface wave peaks. Importantly, the choice of frequency band also strongly affects the

capability to determine the tf}’?cpp) + tlf}'*]‘cpp) of individual lapse cross-correlations.
SELECTING ELIGIBLE LAPSE CROSS-CORRELATIONS

There are two parameters that determine a lapse cross-correlation’s eligibility to be included
in the clock error estimation process: the SNR threshold and the station-to-station distance
threshold. Together, these parameters determine which lapse cross-correlations are included

in the inversion and which are not (i.e., whether their t;:.’?cpp ) 4 ¢ app)

ik will be determined
and added to data vector t@P or not).
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(+ app) (= ,app)

In general, the quality of the measurements (i.e., the ¢, +1; ) strongly depends
on the signal-to-noise ratio (SNR). If the SNR is too low, the algorlthm experiences difficul-
ties determining the arrival times of the interferometric responses. Low SNRs are mainly
due to low-intensity illumination from (one of) the stationary-phase regions (Snieder, 2004;
Weaver et al., 2009). Consequently, the measurements may be inaccurate, or even subject
to cycle skipping (Weemstra et al., 2021). Obviously, inaccurate entries in the data vector
H app) +1 ]’app)) adversely affect the inversion results. A clear exam-
ple is shown in Figure 5 6a whefé the causal peaks of the lapse cross-correlations between
stations O08 and O21 have low SNR. In this case, the determination of the arrival time of
the causal peak is not straightforward and hence may result in inaccurate tHJ e;cpp) + tl( ]'ipp).
Both SNR, of the causal and acausal interferometric direct surface waves, ,need to exceed
the SNR threshold for the lapse cross-correlations to be included in the inversion. For de-

tails regarding the computation of the SNR, we refer to Weemstra et al. (2021).

t@P) (i.e., inaccurate 2

a. Correlations of station pair: 008_021 b. Correlations of station pair: 014_019
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Figure 5.6: a. Lapse cross-correlations between OBS O08 and O21: the signal-to-noise ratio of the causal wave

(+,app) , .(—,app)

is rather low, complicating the determination of 2 ik +1; ijk . b. Lapse cross-correlations between stations

014 and O19: The station-to-station distance of these stations is so small (10.6 km) that the causal and acausal
surface waves overlap (note that for surface waves with a period of 5 seconds that propagate at 3000 m/s, 10.6 km
corresponds to only 2/3 of a wavelength).

The second important parameter when it comes to the accuracy of the tlH] ?Cpp) + t(,] a]lcpp)
the station-to-station distance. If two stations are too close to each other, the direct surface-
wave response at a positive time (i.e., the causal arrival) will overlap with the direct surface-
wave response at a negative time (i.e., the acausal arrival). Consequently, our algorithm will
not be able to correctly determine the t( Za;cpp )+ t( 'app ) for those station couples. To prevent
the inclusion of such measurements in the system of equations, the user must set a station-
to-station distance threshold. This threshold is expressed in terms of wavelengths since
the ability to distinguish the causal from the acausal arrival does not merely depend on
the surface wave travel time, but on the ratio between the travel time and the (dominant)
period of the interferometric surface waves. This threshold needs to be set at the start of
the workflow (for further details regarding the station-to-station distance threshold we refer
to Weemstra et al., 2021). A lapse cross-correlation’s station-to-station distance needs to
exceed the distance threshold for that lapse cross-correlation to be included in the inversion
(i.e., for the tl(J; P )+ tl( ]'?Cpp ) to be determined and added to data vector t@PP)).

Using the IMAGE lapse cross-correlations, we investigate how different thresholds af-
fect the number of eligible lapse cross-correlations. If the thresholds are set too high, there
will not be sufficient lapse cross-correlations to (accurately) determine the clock drift of all

18
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OBS (i.e., the vector t@P) will be relatively short). Conversely, if the thresholds are too
low, we add too many inaccurate data points to the data vector, in turn leading to less accu-
rate a; and b; (and hence less accurate clock drift estimates). Figure 5.7 depicts the number
of eligible station pairs exceeding a specific combination of thresholds. Obviously, lower
thresholds result in a higher number of eligible lapse cross-correlations. Although a higher
number of lapse cross-correlations implies a larger number of measurements, it has been
shown that station-to-station distance thresholds in the range of 2 to 4 wavelengths and SNR
thresholds of about 15 yield the most accurate clock errors (Weemstra et al., 2021). The lat-
ter values, however, are based on synthetic data. Here, we therefore choose a slightly more
conservative SNR threshold of 30, while setting the station-to-station distance threshold to
2.5. The lapse cross-correlations fulfilling these criteria (i.e., exceeding these thresholds)
are added to t@PP) and hence enter the inversion.
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= 1000

Distance threshold
Eligible cross-correlations
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Figure 5.7: Number of eligible lapse cross-correlations for different station-to-station distances and SNR thresh-
olds.

DETERMINATION OF THE tlf‘*j’f;cpp) + tﬁfj'f;cpp) FOR ALL SELECTED COMBINATIONS i, j, k

The algorithm computes the a priori clock-drift estimate only for lapse cross-correlations
that exceed the SNR and station-to-station distance thresholds. This results in some sta-
tions having fewer connections with other stations. To avoid including stations without
enough lapse cross-correlations, we set a minimum-number-of-connections threshold and a
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minimum-number-of-total-lapse-cross-correlations threshold. We also remove the remain-
ing lapse cross-correlations that are associated with a station that does not exceed these
thresholds (i.e., the data vector t@PP) will be shortened, and the number of rows and columns
of the matrix A decreases).

To recover a unique clock drift estimate (a;), the station needs to be associated with
lapse cross-correlations at various lapse times t](clps) (recall the discussion in Section 5.2.6).
By defining (i) a minimum number of correlation periods, (ii) the number of different lapse
times required, and (iii) the minimum separation in days between an OBS’ lapse cross-
correlations, a unique solution can be guaranteed, provided a land station is present in the
system of equations, which will then not be rank deficient.

The accuracy of clock-drift inversion is affected by cycle skipping (Weemstra et al.,
2021). That is, a measurement deviates from the true t(; e P4 tl( ﬁ{p P) by approximately
one period. Needless to say, the inclusion of these measurements in the inversion leads to
incorrect a; and b;. In Appendix A.6, we describe a procedure allowing one to detect such
outliers and discard them.

SOLVING THE INVERSE PROBLEM

. . . . . . . (ins)
We implement two inversion approaches using i) the ordinary least squares estimator t(g;:)
and ii) the weighted least-squares estimator tg:,llss))

The ordinary least-squares estimator can be used if noise sources uniformly illuminate
the stations from all directions. In that case, the vector n®™® in Equation (5.7) coincides
with 0 and the only source of noise is nPY). Assuming that the entries of the latter vec-

tor have coinciding variance, the ordinary least-squares estimator tﬁ)‘}:)) will give the most

accurate estimate of ti™) (in a least-squares sense).

When the surface-wave illumination pattern is not uniform (as is often the case in prac-
tice; Yang and Ritzwoller, 2008; Stehly et al., 2006), n®™ does not coincide with ZEero.
In this case, it is more appropriate to compute the weighted least-squares estimator igmls)
where the station-to-station distances [x; —x;| act as weights (see Section 5.2.6, and, for
further details, Weemstra et al., 2021). In Section 5.5.1, we demonstrate the superiority
of the weighted least-squares estimator, which was previously shown using synthetic noise
cross-correlations. Finally, in the absence of lapse cross-correlations with recordings by a
land station, the minimum-norm solution is computed. In this case, the recovered b; differs
from the true (unknown) b; by a common time shift.

AN ITERATIVE APPROACH

Upon solving the inverse problem using the a priori estimates t(ajpnon)

we obtain an initial
estimate of the a; and b; values of each station. The latter can subsequently be used to
improve the estimation of t(+ APP) t( app) as they can be used to predict the arrival time
of the interferometric surfac'eywave résbonses (see also Weemstra et al., 2021). It is rec-
ommended to perform several inversions, each iteration using the previously obtained a;
and b; to guide the estimation of the tl(J; ?Cpp) + tl( j?cpp) resulting in an updated data vector
t@P) yntil the recovered a; and b; do not change. By simply plotting the evolution of the
recovered a; and b, it is possible to determine when this is the case.
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By plotting all lapse cross-correlations associated with a single station couple in one
frame, and doing this separately for the corrected (using the obtained a; and b;) and un-
corrected set of lapse cross-correlations, a (qualitative) impression of the result is obtained.
If the lapse cross-correlations associated with different lapse times align, then the clock
drift is successfully removed. An example of a successful clock drift removal is shown
in Figure 5.8. It is clear that the lapse cross-correlations of OBS 020 had a clock drift
(Figure 5.8a). Once the clock drift is removed, the lapse cross-correlations associated with
different lapse times align, as shown in Figure 5.8b.

a. Before correction HAH_020

—— 2014-10-17
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——— 2015-01-25 \

—— 2015-03-16
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b. After correction HAH_020
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Figure 5.8: Lapse cross-correlations between land station HAH and OBS 020 for different lapse times. a. Cross-
correlations before applying time corrections b. Lapse cross-correlations after correcting the clock drift of 020
using the a; and b; recovered by means of the iterative weighted least-squares inversion.

5.3.3. 0CrocC
The methodology presented in this chapter has been implemented in OC1oC. In particular,
OClocC allows the workflow detailed in the previous subsection to be executed. OC1oC is
an open-source Python package that has been tested for the operating systems Linux and
macOS. We chose Python as OC1oC’s main programming language for its open-source,
versatile, and cross-platform compatible nature, which is widely used in the Earth sciences
(e.g., Werthmiiller et al., 2021; Riicker et al., 2017). In the case of OC1oC, the portability
of Python enabled us to outsource specific computational aspects to a pre-compiled Fortran
module.

Through the application of seismic interferometry, the proposed correction of clock er-
rors is contingent on the availability of synchronous noise recordings. The computation
of the lapse cross-correlations, however, is deliberately left out of OC1oC. The reason is
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that it will be nearly impossible to account for the plethora of different (pre-)processing ap-
proaches (Seats et al., 2012; Groos et al., 2012; Weemstra et al., 2014; Fichtner, 2014). This
implies that users of the package have complete freedom regarding pre-processing (e.g.,
one-bit normalisation, spectral whitening, etc.) and potential filter settings while comput-
ing the lapse cross-correlations, and that they are expected to do this themselves prior to
the application of OC1oC. The lapse cross-correlations can subsequently be imported as
OCloC objects.

OCloC’s functionality includes loading lapse cross-correlation files, storing and ac-
cessing station metadata, and solving the linear systems of equations in Section 5.2.5 in a
(weighted) least-squares sense. It also has some other supporting functions. To keep the
use of OC1oC simple, a hierarchical object-oriented design has been adopted. This kind of
architecture breaks down the whole process of determining and correcting clock errors into
solvable chunks while letting the user know when an error occurred and how to prevent it.

Clock_drift - ——— — Correlation —|= - average_date
(obspy.UTCDateTime)

|
|
Type I
|
Object
iec L — . file_path
station1_code
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Figure 5.9: Object hierarchy of OCloC.

The main object types of OC1loC are: ClockDrift, ProcessingParameters,
Correlation, and Station. Figure 5.9 depicts, schematically, the algorithm’s object
hierarchy. These objects need some clarification:

1. ClockDrift: The outermost layer of the hierarchical structure. The user deals with
this object for the main processing steps described in Section 5.3.2. This object stores

97




5. OCLOC (OBS CLOCK CORRECTION)

the different Station and Correlation objects in the form of lists. This object
also stores the system of equations, described in Section 5.2, in the form of a Pandas
dataframe (Wes McKinney, 2010a). The different methods of ClockDrift provide
access to correlation files, station metadata, plotting functions, and different process-
ing tools required for the algorithm’s usage.

2. ProcessingParameters: The recovery of clock errors depends on the adequate
selection of some pre-processing steps. ProcessingParameters object stores
the value of these parameters. These parameters are the band-pass filter’s corner
frequencies, the SNR threshold, and the station-to-station distance threshold. These
parameters are detailed in Section 5.3.2.

3. Correlation: Stores the metadata of each cross-correlation file such as the sta-

tion names, the lapse time t,(clp S), and station-to-station distance, among others. Ad-
ditionally, this object has functions to compute tlf;’e;cpp) + tlg_j’?cpp), together with the

signal-to-noise ratios of the causal and acausal surface wave arrivals.

4. Station: Contains metadata such as location, code, and timestamp when the sta-
tion started recording. Moreover, after solving the linear system of equations, the
recovered clock errors, i.e., the a; and b;, can be retrieved through these objects.

In addition to the core module, OC1oC incorporates third-party dependencies that yield
advanced functionality, namely, the Numpy programming library (Harris et al., 2020), sev-
eral signal processing functions from Obspy (Krischer et al., 2015), and the data visu-
alisation tools of Pandas (Wes McKinney, 2010b) and Matplotlib (Hunter, 2007).
For specific details regarding the package installation and usage, please refer to the online
documentation available at ht tps://ocloc.readthedocs. io.

5.3.4. BOOTSTRAP RE-SAMPLING

To verify the robustness of the obtained results, we repeat the inversion several times using
different sets of measurements tl(J;?Cp Py t;}:?cpp). By repeating the inversion multiple times,
mean values and confidence intervals of the sought-after parameters are obtained. One way
to artificially generate different sets of measurements is using bootstrap resampling (Efron,
1982). Bootstrapping is a statistical method that falls under the broader class of resampling
methods. It allows one to estimate statistical properties of interest, such as sample averages
and variances (Schnaidt and Heinson, 2015). Effectively, it gives an indication of which
results are likely and which are less likely without computing new lapse cross-correlations.
Here, we seek to obtain an estimate of the variance of the estimated a; and b;. Instead of
using all the measured data points, we sample with replacement (Efron, 1982, 1992). In
practice, we generate a large number of data vectors t@PP) (usually referred to as ‘realisa-
tions’), each with the same length as the original data vector, but with values that are drawn
from the original data vector, allowing duplicates. Specifically, we perform the following
steps:

I. An initial estimate of clock drift is obtained following steps one to five of Figure 5.4.
A SNR threshold of 30 and a station-to-station distance threshold of 2.5 wavelengths
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are applied. It is necessary to check that the recovered a; and b; values are no longer

changing after several iterations. This results in the data vector t@PP) that serves as the
input of our bootstrapping procedure.

II. Allow sampling with replacement by randomly selecting measurements of fHaep)

L]

tlg’—j,app) (bootstrapped samples).
III. Once having re-sampled the measurements, perform the inversion and store the recov-

ered a;‘ and b:f values of each station.

IV. Repeat steps II and III one thousand times. By doing so, we store 1000 possible
realisations of the recovered a; and b} values.

V. Based on all the a;‘ and b;.* realisations, compute a statistical measure, such as 95%
confidence intervals, for each of the stations.

To identify stations with relatively uncertain a and b values (either due to a limited
number of data points, or due to a lot of noise on the lapse cross-correlations associated
with that specific station), we estimate the standard deviation and 95% confidence intervals
(CI) from the 1000 realisations. The CI represents the range in which 95% of the a; and
b; values lie.

The bootstrap approach allows one to identify OBS with narrow or large confidence in-
tervals. Narrower confidence intervals suggest the recovered a and b are well-determined,
whereas stations with larger confidence intervals point to larger uncertainties in the recov-
ered clock errors. In the absence of noise, i.e., n™ and n®P"? both coinciding with 0, all
a; and b; of a given station should coincide and hence the 95% confidence interval would
be zero.

5.4. RESULTS

5.4.1. CLOCK DRIFT RATES

We computed the weighted least-squares estimator of ti for the OBS in the IMAGE’s
network. Our findings indicate that all OBS stations experienced clock drift. Compared to
the other OBS, the clock drift of OBS 020 was particularly large. Table 5.1 summarises the
estimated clock drift rates (i.e., the a;) and incurred clock errors at the time of deployment.
The latter may deviate slightly from the b; because the b; represents the clock errors on
August 21, 2014 (£IP9 = 0), whereas most stations were not deployed exactly on that date.
In addition, we list the measured skews in the last column. To compare these skew values,
we provide in the fifth column the clock error at the time of recovery computed using the
estimated a; and b;. Note that most OBS recordings end prior to that date due to full disks.
We also obtained a drift estimate for OBS O21, which had no skew value documented due
to a dead battery at the time of recovery. The incurred initial clock errors at the time of
deployment ranged from a minimum of —0.404 s to a maximum of 0.037 s.

The bootstrap re-sampling introduced in Section 5.3.4 allows us to estimate the vari-
ance of the recovered a; and b;. By generating 1000 different data vectors (realisations)
and subsequently performing a separate inversion for each of the generated data vectors,
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Table 5.1: Estimated clock drift rates (a;) of the OBS (2nd column), and their corresponding standard deviation
(3rd column). The clock drift rates in column four are based on the measured skew values, assuming a linear drift
and no clock errors at t4PS) = 0. The estimated clock errors at deployment and recovery time in the fifth and sixth
columns, respectively, are computed by substituting the estimated a; and b; in Equation (5.2) with £IPs) set to
each OBS’ day of deployment and recovery. OBS O21 had no skew value reported, as the battery died before
recovery. Station 023 has no standard deviation because it was associated with too few data points in t@PP) to be
successfully included in the bootstrapping procedure. This is probably due to the relatively low SNR of the lapse
cross-correlations involving this station.

Station Clock drift o Clock drift Clock error Clockerrorat Measured
name rate  based [s/year] rate based on at  deploy- recoverytime skew [s]
on OCloC skew values ment time [s]
[s/year] [s/year] (0C1oC) [s]
001 -0.734739 0.042760 -1.011740 -0.312892 -1.055899 -
1.023125
002 -1.055136 0.097011 -0.782087 -0.115908 -1.182942 -
0.790906
003 -0.401807 0.251438 -0.136396 -0.109015 -0.515270 -
0.137906
004 -0.770560 0.153252  -0.765888 -0.189565 -0.968726 -
0.774437
006 -0.172589 0.152249 -0.126476 -0.167177 -0.343849 -
0.129468
008 -0.104288 0.245437 -0.096861 -0.326683 -0.433947 -
0.099625
010 -1.095582 0.073045 -0.789557 -0.225825 -1.354066 -
0.813093
Ol11 -0.667440 0.179920 -0.457559 -0.404513 -1.089599 -
0.469656
014 -0.304885 0.147440 -0.326255 -0.211671 -0.462262 -
0.268156
015 -1.465134 0.340357 -1.633493 -0.342048 -1.839114 -
1.669093
016 -0.712585 0.131879 -0.635126 -0.216183 -0.944088 -
0.648781
017 -0.547051 0.034074 -0.350884 -0.161655 -0.720530 -
0.358468
019 -0.985476 0.115891 -1.119642 -0.378849 -1.388873 -
1.147531
020 -4.652023 0.176057 -4.324439 0.038416 -4.744142 -
4.445781
021 -1.234367 0.141809 N/A -0.185787 -1.456213 N/A
022 -0.415065 0.077167 -0.643822 -0.315925 -0.743071 -
0.662562
023 -0.312865 N/A -0.289709 -0.300249 -0.620852 -
0.296875

1000 weighted least-squares estimators of ti"9)) are obtained. The standard deviation of
the recovered a} from the a; (recovered using the original t@P)) is listed in column 3 of
Table 5.1. In Figure 5.10, we visualise the recovered a; and b;, including the bootstrap-
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derived uncertainties.
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Figure 5.10: Comparison between clock drifts obtained in this study, and the measured skews. a. Comparison of
clock drift rates estimated based on the skew values and the total recording time (red dots) and the a; obtained from
our weighted least-squares inversion (black crosses). The error bars correspond to the 95% confidence intervals
resulting from the bootstrap re-sampling. Note that no skew value was reported for OBS O21 as this instrument’s
battery died before recovery. b. Comparison of the initial clock error at the OBS’ deployment time. In both a and
b, OBS 023 has no error bars as this OBS was associated with too few data points in t@PP) to be successfully
included in the bootstrapping procedure.

For all station pairs, we evaluate the waveform (mis)alignment of the lapse cross-
correlations to verify the removal of clock errors. Figure 5.11 shows the time-lapse cross-
correlations between OBS OO01 and land station RET (which is devoid of clock errors)
in three states: a) uncorrected clock errors, b) corrected using skew-derived drift rates,
and c) corrected using the weighted-least-squares inversion (accounting for clock drift and
an initial clock error). In Figure 5.11a, before clock correction, the later lapse cross-
correlations shift monotonically to an earlier time, which can be explained by clock drift.
In Figure 5.11b, after applying the skew-derived clock corrections, the later lapse cross-
correlations shift monotonically to a later time. In contrast, after correcting the drift us-
ing the weighted least-squares inversion, the waveforms align properly as shown in Fig-
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ure 5.11c.
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Figure 5.11: Lapse cross-correlations between OBS O01 and land-station RET in the frequency range of 0.2 to
0.4 Hz. Colours indicate the average time of all time windows that contribute to the lapse cross-correlation, and
this colour scheme is consistent across all three sub-figures (legend provided in the upper right corner of figure a).
a. Original lapse cross-correlations prior to any corrections. b. Lapse cross-correlations after clock drift correction
using skew values. c. Lapse cross-correlations after clock drift correction using the (OC1loC-derived) drift rates
(a;) and initial clock errors (the b;) estimated in this study.

In Figure 5.12, a more systematic and quantitative comparison of the linear drift based
on our code (‘OC1loC-drift’) and the skew values (‘skew-drift’) is presented for three OBS.
The drifts of all the other OBS are shown in Appendix A.7. Figure 5.12 also shows the time
offsets between the lapse cross-correlations and a reference lapse cross-correlation. We
only use the cross-correlations between the OBS and land stations. For each station pair, the
highest signal-to-noise ratio cross-correlation is selected as the reference cross-correlation.
The time offsets correspond to the time shift that maximises the Pearson correlation coeffi-
cient between the reference cross-correlation and each cross-correlation. The skew-derived
drift in the top figures assumes that there is no initial clock error at the onset of deployment
(i.e., b=0), and all subsequent time offsets are linearly interpolated based on this assump-
tion. For the bottom figures, the time offset at deployment time corresponds to the OBS’ b
value (or initial clock error) estimated from the weighted least-squares inversion (again, all
subsequent offset times are interpolated accordingly).

The OCloC-drift corrections of OBSO1 and OBS02 (Figures 5.12a and 5.12b) seem
to align better with the time offset between the cross-correlations and the reference cross-
correlation. This is not the case for OBS10 (Figure 5.12c), where the skew-based clock drift
aligns better with the time offsets. Station O10, however, is also one of the stations with the
shortest recording time, which results in fewer time-lapses. This highlights one limitation of
our approach: the need for longer monitoring time to include more lapse cross-correlations.
In Section 5.5.3, we further discuss the implications of the OBS not monitoring for a full
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Figure 5.12: Comparison between (i) the skew-derived linear clock drift and (ii) the linear clock drift recovered
using the weighted least-squares inversion for three selected OBS. Top: Time offsets between cross-correlations
and a reference cross-correlation assuming no initial clock error at the onset of deployment. Bottom: Time offsets
considering the initial clock error (b value) at deployment time. The drift based on our code (weighted least-
squares inversion) and the confidence intervals are dubbed ‘OC1oC-drift’, while the drift based on the skew values
is termed ‘skew-drift’. The highest signal-to-noise ratio cross-correlation for each station pair is chosen as the
reference cross-correlation. The depicted time offsets result from maximising the Pearson correlation coefficient
between the reference cross-correlation and the other lapse cross-correlations, plus a correction based on the b
value to the skew correction.
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5.4.2. COMPARING INVERSION STRATEGIES

The fact that a non-uniform illumination pattern can break the time symmetry of the re-
trieved surface-wave responses is detrimental to the method presented in this chapter.
Weemstra et al. (2021) showed that applying a weighted least-squares inversion based on
station-to-station distances decreases the adverse effects of a non-uniform surface-wave-
illumination pattern. Using synthetic recordings of ambient seismic noise, these authors
demonstrated the advantage of the weighted least-squares estimate over the ordinary least-
squares estimate. To evaluate the accuracy of the weighted least-squares estimator fg;’lss))
in the presence of a non-uniform surface wave illumination, we compare it to the ordinary
least-squares estimator fﬁﬁ:}) . To do so, we used the bootstrap re-sampling approach intro-
duced in Section 5.3.4. Figure 5.13 shows the histogram and cumulative distribution of
1000 bootstrap realisations of the a* values of both inverse strategies. We used the same
starting parameters and data vectors in both cases. The weighted inversions are shown in
red, whereas the ordinary least-squares inversions are shown in blue. Figure 5.13a shows
the distribution of the bootstrap realisations for all stations centred around O (mean values
have been subtracted for each OBS individually). Figure 5.13b shows the cumulative dis-
tribution of the bootstrap realisations, with the 5th and 95th quantiles marked as vertical
lines. The weighted least-squares distribution has narrower confidence intervals than the
ordinary least-squares distribution.

a values of all stations b. Cumulative distribution of a values
SNR: 30 dist_thr: 1.5 SNR: 30 dist_thr: 1.5

1750 1.01
0 weighted —— lstsq
5% and 95% quantiles
—e— weighted Istsq
5% and 95% quantiles
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a,
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Figure 5.13: Bootstrap analysis of a* values for all stations showing the 1000 realisations stacked for all stations.
The mean values have been removed. The results of the weighted least-squares inversion are shown in red, and
the results of the ordinary least-squares inversion are depicted in blue. a. Frequency histogram of the recovered
values for all stations, with the probability density function overlaid. b. Cumulative distribution of the bootstrap
realisations, with the 5th and 95th quantiles marked.

For data vectors associated with large station-to-station distance thresholds, we do not
find significant differences between the two inversion strategies. This is expected because
the threshold removes measurements associated with station couples that are closer to each
other, which hence removes those lapse cross-correlations that are susceptible to larger
illumination-related noise errors. For data vectors resulting from decreasing station-to-
station distance thresholds, however, we find that the weighted inversion results in narrower
bootstrap confidence intervals.
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5.5. DISCUSSION

5.5.1. THE EFFECT OF THE SURFACE WAVE (NOISE) [LLUMINATION PAT-
TERN

A limitation of the presented method is the fact that a non-uniform illumination pattern
can lead to deviations of the retrieved surface-wave responses from the true surface-wave
responses (e.g., Tsai, 2009; Weaver et al., 2009). As such, timing errors due to a non-
uniform illumination pattern (captured in n®™) lead to deviations of the recovered drift
from the true clock drift. Consequently, bootstrap confidence intervals can be expected to be
larger for more pronounced non-uniform illumination patterns. The bootstrapping results
presented in Section 5.4.2 show that the distance-based weighted least-squares inversion
results in both a lower spread of the distribution of the a* values (Figure 5.13a) and a
narrower range between the 5th and 95th quantiles (Figure 5.13b).

The bootstrapping results presented in Section 5.4.2 confirm the earlier, synthetic-data-
based findings by Weemstra et al. (2021). Compared to the ordinary least-squares inversion,
the weighted least-squares inversion decreases the adverse effects of a non-uniform illumi-
nation pattern. Note that the reasoning above can also be turned around: the fact that the
weighted least-squares inversion results in more accurate clock drift estimates strongly sug-
gests a (time-varying) non-uniform surface wave illumination. Given the available literature
(Stehly et al., 2006; Mulargia, 2012; Weemstra et al., 2013) in general, and the large differ-
ences in SNR between (some of) the causal and acausal direct surface waves in particular,
this can hardly be surprising.

5.5.2. VALIDATION USING ONLY LAND STATIONS

We run a separate test using only the lapse cross-correlations between the land stations.
Lapse cross-correlations involving OBS are discarded. Apart from two stations, we pretend
these land stations to be suffering from clock errors and hence neither eliminate the columns
associated with any of them from A (in reality, those stations’ a and b coincide with zero of
course) nor any of its two entries from ti"). We subsequently compute the weighted least-
squares estimator of ti™¥. The inversion yields drift rates (i.e., a;) of maximum 0.1 s/year,
which demonstrates that (i) noise on the data (i.e., non-zero n®® and nP") prevents the
recovery of drift rates of O s/day and (ii) that drift rates lower than 10™* s/day cannot be
recovered unambiguously (for our specific station configuration, noise illumination, and
frequency band). The maximum b; that is recovered has a value of 0.12 s, but this is an
outlier in the sense that for most of the stations, the estimated initial clock error at #1PS) =0
does not exceed 0.05 s. Although the recovered a; and b; do not coincide with zero, we
know that, in practice, the land stations do not suffer from clock drift and/or initial clock
errors. Effectively, this experiment tells us that our approach allows us to successfully
recover a seismic station’s clock drift with an uncertainty of approximately 0.1 s/year.

5.5.3. ON THE VALIDITY OF THE ASSUMPTION OF LINEAR CLOCK DRIFT

AND AN INITIAL CLOCK ERROR
While introducing our model (Section 5.2.2), we assumed the clqck drift rates to be con-
stant. Specifically, we formulated a time-dependent clock error & t?ns) (t'P9) which drifts at

a constant rate a;, while allowing for a possible clock error b; at P = 0. The latter is in-
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troduced to allow for an initial clock error at deployment time. This could, for example, be
invoked by the temperature shock while the OBS is sunk (Zhang et al., 2023). We discuss in
this section (i) the differences between the skew-derived drift rates and the recovered drift
rates (i.e., the a;), (ii) the fact that the b; are non-zero, and (iii) the relation between these
two observations.

The maximum difference between clock-error estimates obtained from the skew-derived
drift rates and the weighted least-squares parameters is 0.62 s (Table 5.1), with most values
being considerably smaller. Upon comparison with the time offsets between the individ-
ual lapse cross-correlations and the reference cross-correlation, the clock errors estimated
using the weighted least-squares inversion align better than the skew-derived clock errors
for most OBS. The weighted least-squares inversion considers an initial clock error at the
deployment time. Figure 5.11 shows the better waveform alignment with an initial clock
error (b) of —0.31 s. The estimated clock error at the time of recovery coincides with the
skew for this station (see Table 5.1). However, if we would ignore the initial clock error, the
skew-based corrections overcompensate the observed clock drift. This is evident from the
shift of later lapse cross-correlations to positive times in Figure 5.11b. In contrast, OC1oC-
based corrections do not yield any (visible) residual drift (Figure 5.11c). This implies that
an initial clock error at the time of deployment (i.e., a non-zero b) is indeed needed to ex-
plain the observed clock errors. Note that OBS OO0l is used as an example because this
station has one of the largest initial clock errors at deployment time, whereas its estimated
clock error at recovery time almost coincides with the measured skew.

The fact that the OC1oC-corrected lapse cross-correlations align better than the skew-
corrected lapse cross-correlations can hardly be surprising. The drift rate estimates and
the initial clock errors at the time of deployment are based on these very lapse cross-
correlations. Therefore, it can be misleading to conclude from this observation that our
approach yields more accurate drift rates than the skew-derived drift rates. This is be-
cause, although the weighted least-squares inversion mitigates the effect of arrival time
shifts resulting from a non-uniform surface wave illumination, it will not undo it entirely.
Ilumination-related arrival time shifts (i.e., non-zero 51?%’}2”) may still have some effect.
However, given the fact that (i) we averaged hourly cross-correlations over a period of
100 days, (ii) an SNR-threshold of 30 was imposed, and (iii) a station-to-station sepa-
ration threshold of 2.5 wavelengths needed to be exceeded, we do not expect that these
illumination-related arrival time shifts to be the cause of b; as high as 0.3 or 0.4 s. The
experiment discussed in Section 5.5.2 supports this claim.

Considering the above, we identify two possible explanations for the fact that the initial
clock errors at the time of deployment are found to be non-zero and have values as high as
(minus) 0.4 s. One explanation is that they result from the temperature shock during the
OBS’ descent to the ocean floor (see e.g., Zhang et al., 2023). In other words, they are real.
This would not be surprising considering the experimental results by Gardner and Collins
(2012), who find that the drift rates of the SEASCAN clocks may change significantly in
the weeks after a temperature shock (in practice: after deployment). A second possible
explanation for their deviation from zero stems from the fact that the OBS experience sea-
sonal temperature variations during their deployment at (relatively) shallow depths. The
study by Jochumsen et al. (2016), for example, reports on seasonal seawater-temperature
variations on the order of five degrees centigrade at those depths. This is consistent with
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the temperature variations within the data logger, which reveal annual temperature varia-
tions of about four degrees centigrade (these temperature sensors have a resolution of one
degree only). In general, an OBS’ drift rate is temperature dependent (Shariat-Panahi et al.,
2009). However, we do not expect the drift rate of the SEASCAN clocks to suffer from
such temperature variations: the SEASCAN clocks are temperature compensated (Gardner
and Collins, 2012). Nonetheless, if such a seasonally varying drift would exist, it may be
more appropriate to have our drift model (Equation 5.2) include a sinusoid with a period of
one year. This may be the topic of future work.

Of all recovered drift rates, the drift rate by OBS O20 stands out (see Figure 5.10).
This may well be explained by the fact that, compared to the other OBS, the logger and
hence SEASCAN crystal oscillator of OBS 020 was newer. It was only two years old at
the time of deployment, whereas the loggers (and hence clocks) of the other OBS were
approximately 8 years old (Alfred Wegener Institute, personal communication, 2023). This
matters because of a natural process in the crystal oscillator, which is referred to as ageing.
Ageing implies that the drift rate of an oscillator slowly changes with time. Essentially, it is
the time derivative of the drift rate (Gardner and Collins, 2012). The ageing of the crystal
is a very important factor when it comes to the drift rate of the SEASCAN clocks, with
younger crystals usually ageing faster. And even though ageing can be mitigated by regular
recalibration of the SEASCAN clocks, it could well have been the cause of the larger drift
rate of the SEASCAN clock of OBS 020.

5.5.4. PERFORMANCE IN THE ABSENCE OF LAND STATIONS?

OBS arrays in remote oceanic regions will not have the benefit of land stations in their near
vicinity. In that case, lapse cross-correlations between the OBS and a station with a correct
UTC reference time do not contribute to the data vector t@P). The system of equations will,
in that case, be underdetermined (the rank of A being lower than the number of unknowns)

and that weighted least-squares estimator igﬁss)) is chosen that has the lowest norm (see

Section 5.2.6). The minimum-norm solution yields an estimator of ti") that allows the
OBS recordings to be synchronised with respect to each other, but not with respect to UTC.
In other words, the recovered b; differs from the true (unknown) b; by a common time shift,
but the drift rates (i.e., the a;) can still be recovered (with some uncertainty, of course). This
is still useful as it would enable tomographic studies using only the OBS, or the localisation
of seismic events (earthquake hypocentres) below the OBS array.

The accuracy of the recovered clock drift parameters depends linearly on the wave fre-
quency. That is, lapse cross-correlations at higher frequencies will hence result in more
accurate estimates of clock drift than lapse cross-correlations at lower frequencies, pro-
vided the illumination pattern and the SNR at both frequencies coincide. In practice, the
latter is often not the case: lapse cross-correlations at lower frequencies usually benefit
from more uniform noise illumination patterns (e.g., Yang and Ritzwoller, 2008). It may
therefore be beneficial to include measurements associated with different frequency bands
in t@P)_ Tt is beyond the scope of this work to investigate this here.

5.5.5. WHICH PROJECTS CAN BENEFIT FROM OCLoC?
Several methods can be used for correcting OBS clock errors. The fastest to implement is
simply using the recovered skew values and assuming a linear drift rate. Here, however, we
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show that this method may not be reliable. Moreover, it may not be possible because the
battery has died before recovery. Other methods require correcting each OBS one by one by
simply evaluating cross-correlations of ambient seismic noise in a non-automated manner.
This requires a level of inspection that is not attractive (time-wise) for large-N OBS arrays.
OClocC is suitable for such a type of deployment as it automatically and simultaneously
computes clock drift rates of all OBS. Other cases where a GPS clock is lost, particularly
with only on-land-station deployments, can significantly benefit from OClocC.

Projects that do not benefit from our approach are those with a limited deployment
time. The reason is that OC1oC requires the retrieval of interferometric surface wave re-
sponses at positive and negative times. In addition, lapse cross-correlations need to be
computed at different lapse times t](clp 9 (at least two). To retrieve both responses, noise
cross-correlations need to be averaged over a sufficiently long time. Here “sufficiently
long" is location, processing, and frequency dependent (e.g., Yang and Ritzwoller, 2008;
Seats et al., 2012; Snieder, 2004). In our case (Reykjanes peninsula, spectral whiting prior
to cross-correlation, and 0.2-0.4 Hz frequency band), individual noise cross-correlations
were averaged over 100 days to obtain surface waves with sufficiently high SNR at both
positive (causal peak) and negative (acausal peak) time.

For projects that might not be suitable for OC1oC, alternative solutions exist, such as the
methodologies proposed by Sens-Schonfelder (2008); Hable et al. (2018); Loviknes et al.
(2020); Jousset et al. (2013); Gouédard et al. (2014), among others.

5.6. CONCLUSIONS

To address the timing errors commonly affecting ocean-bottom seismometers (OBS), we
introduce a new method that simultaneously estimates clock drift rates for large OBS net-
works. Our method relies predominantly on the time symmetry of retrieved interferometric
surface-wave responses to estimate clock drift. Unlike existing approaches, our method
enables recovery of the initial clock error at the time of deployment alongside the drift rate.
Our method supports two deployment scenarios: i) OBS deployments including stations
devoid of clock errors, such as land stations with constant access to a GNSS signal, and ii)
OBS deployments without such stations. In both cases, drift rates can be recovered. How-
ever, when no stations devoid of clock errors are available, the absolute timing cannot be
recovered because the network lacks an external time reference to anchor the clock correc-
tions. We implement the proposed method in OC10C, an open-source Python package, and
validate it using ambient seismic-noise data acquired during IMAGE’s seismic campaign
for monitoring geothermal energy in and around the Reykjanes Peninsula (Iceland). Our
results show that all OBS in the network had clock drift. Furthermore, we find that skew-
based correction methods, which are commonly applied for clock-error estimation, fail to
accurately recover OBS drift rates. Finally, we demonstrate that a weighted least-squares
inversion, in which receiver pairs are weighted by inter-station distance, significantly re-
duces errors arising from non-uniform noise illumination.

CODE AVAILABILITY

Name of the package: 0OC1oC (OBS Clock Correction)
Contact: d.f.naranjohernandez @tudelft.nl
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Program language: Python

The documentation can be found at: https://ocloc.readthedocs.io

The source codes are available for download at: https://github.com/davidnl82/
ocloc
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CONCLUSIONS

In this thesis, we set out to advance seismic techniques for monitoring geothermal-heat-
production projects in the Netherlands, supporting the safe expansion of the geothermal-
energy sector in accordance with the Dutch Climate Agreement. This chapter summarises
the main conclusions and outlines their relevance for seismic monitoring of geothermal
operations.

6.1. MAIN CONCLUSIONS AND NOVEL CONTRIBUTIONS

In Chapter 2, we introduce a complete workflow for identifying, characterising, and inter-
preting seismicity related to geothermal-heat-production projects in urban environments.
We apply our workflow to a temporary seismic array deployed to monitor a geothermal
operation in South Holland province, where a low-magnitude seismic event had previously
been identified. Despite high ambient-noise levels, we detected five additional microseismic
events. These results indicate that low-magnitude seismicity may remain undetected when
relying solely on sparse regional seismic networks. Our workflow shows that machine-
learning phase pickers and stacking-and-migration techniques, combined with knowledge
of the seismic-velocity model, can help detect seismic events that would otherwise be
missed. We also demonstrate that applying template-matching detection is essential for
identifying additional events that share similar waveform characteristics. Our detection re-
sults, which include the only seismic events recorded to date in South Holland, demonstrate
the potential for monitoring microseismicity below traffic-light-system thresholds. These
findings highlight the need for detection strategies tailored to improve the resolution of
seismic monitoring of geothermal-heat-production projects in urban areas.

An important challenge that follows seismic-event detection is the estimation of
hypocentres, along with a quantification of their associated uncertainties. In Chapter 2, we
introduce a method that explicitly accounts for velocity-model uncertainties for hypocen-
tre estimations. This approach is well-suited for analysing seismicity in the Netherlands,
as it directly incorporates the uncertainties provided in the open-access Dutch regional
seismic-velocity model. Using this method, we estimate the hypocentres and associated
uncertainties of the six detected seismic events. The hypocentres occur near a local fault
and close to the injection well. However, the hypocentre uncertainties prevented us from
interpreting the geomechanical processes that triggered the seismicity. Both an origin on
the mapped fault and activation of minor fractures near the injection well are plausible
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within the uncertainty bounds.

Uncertainty in seismic-velocity models is one of the factors limiting the accuracy of
hypocentre estimations. In Chapter 3, we demonstrate that microseismic events recorded
during geothermal operations can be used to validate seismic-velocity models through
body-wave seismic interferometry. By leveraging near-vertical incidence angles, we re-
trieved zero-offset virtual reflection responses (ZO-VRRs) beneath selected stations. We
compared them to the estimated two-way travel times from existing P- and S-wave veloc-
ity models. The P-wave model showed strong agreement with the retrieved reflections,
while the two available S-wave models failed to reproduce the observed arrival times. Our
findings showed that under favourable conditions, such as dense receiver arrays and ap-
propriate source-receiver geometries, body-wave seismic interferometry provides a cost-
effective and independent method for velocity-model validation. This approach can sup-
port improved event characterization in geothermal monitoring workflows and is particu-
larly valuable in urban environments, where conventional active-source surveys are often
impractical.

Hypocentre resolution is limited by the design of the seismic network used for its
detection. In Chapter 4, we implement a seismic-network-design workflow tailored for
offshore monitoring of microseismicity associated with geothermal-energy and carbon-
capture-and-storage operations. Using the Dutch K14-FA Carbon Capture and Storage field
as a case study, we applied well-established Bayesian experimental design principles to
identify receiver configurations that maximize the expected information gain about earth-
quake hypocentres. Our approach incorporates realistic subsurface information, travel-time
uncertainties, and detectability constraints for low-magnitude events. We demonstrated
that both optimisation strategies can produce cost-effective network designs capable of re-
solving microseismicity down to My = 2.0 in regions of interest, such as near faults and
prospective injection wells. However, we did not test the addition of borehole stations
(such as fibre-optic sensing or geophones in a borehole), which could potentially improve
the hypocentre-depth resolution. Overall, our workflow optimizes receiver placement costs
by optimizing station number and placement, while providing a quantitative estimate of the
achievable hypocentre resolution of a given network design.

A major technical challenge for offshore seismic monitoring is the synchronisation of
ocean-bottom seismometers, which lack access to an absolute-time reference such as the
Global Navigation Satellite System. In Chapter 5, we introduced a method to correct clock
errors in offshore seismic networks. Our method accounts for initial clock errors at deploy-
ment time and for the effect of non-uniform noise-illumination patterns when synchroniz-
ing OBS recordings. We applied it to the IMAGE network on the Reykjanes Peninsula, a
network designed to monitor offshore geothermal energy. We show that all OBSs experi-
enced clock drift and that some had initial time offsets at deployment. To support offshore
geothermal monitoring, we released the open-source Python package OC1oC to automate
time corrections for large-N arrays.

6.2. LIMITATIONS AND FUTURE WORK

We identified the first indications of microseismicity in South Holland, but uncertainties
in the hypocentre estimations limited our ability to confidently interpret what caused the
events. These uncertainties can be reduced by conducting active-source surveys, which
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would improve seismic-velocity models and hypocentre-estimation accuracy. Additionally,
permanent stations could help identify additional events.

Although body-wave interferometry has the potential to improve the seismic-velocity
model itself, its success is restricted by the availability of seismic events located within
the stationary phase recorded at near-vertical incidence. The short monitoring period in
Kwintsheul limited the number of such events. We recommend longer monitoring cam-
paigns, ideally with permanent stations close to the epicentres of the events we reported.
This method should be used in combination with other available geophysical or well data.
This could enable a cost-effective way to validate and improve the seismic-velocity models
for monitoring geothermal energy.

The network-design workflow that we proposed relies on available open data from the
K14-FA field. This dataset did not include key details such as the precise reservoir bound-
aries, injection-well locations, or a high-resolution fault characterization. The absence of
these inputs limited our network design. We therefore recommend extending the workflow
with more detailed geological and operational information as it becomes available.

There is an urgent need to establish a reliable pre-injection seismicity baseline for
geothermal-energy and carbon-capture-and-storage operations. Without a reliable seis-
micity baseline, it is not possible to differentiate between natural and injection-triggered
seismicity. We recommend deploying seismic networks designed to increase the detectabil-
ity and resolution of microseismic events in areas where geothermal-energy and carbon-
capture-and-storage operations are planned.
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APPENDIX

A.l. INFLUENCE OF STATION 030 ON HYPOCENTRE UNCER-
TAINTY

The influence of Station 030 on hypocentre location accuracy is illustrated in Figure A.1,
which compares two inversions: one excluding data from Station 030 (Panels A and C)
and one including it (Panels B and D). The likelihood probability density function (PDF) is
visualised using a Viridis colour scale, where higher values indicate greater likelihood.

In the inversion without Station 030 (Figure A.1.A and C), the maximum likelihood
location is estimated at x = 79,355.37, y = 446,982.12, and z = -2,084.03 m. The uncer-
tainties for this estimate are: azimuthal gap of 168.68 °, depth uncertainty of 470.59 m, x
uncertainty of 1,060.01 m, and y uncertainty of 638.47 m.

Including Station 030 in the inversion (Figure A.1.B and D) significantly reduces uncer-
tainties and shifts the maximum likelihood location. The new estimate is at x = 79,506.80,
y =446,936.51, and z = -2,386.55 m. The uncertainties for this solution are: azimuthal gap
of 146.07°, depth uncertainty of 201.68 m, x uncertainty of 454.29 m, and y uncertainty of
273.63 m.
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Probability density function (PDF) projections for two seismic events. A and C show the map view

and cross-section of the event on July 14, 2019, while B and D show the event on October 6, 2019. Red and blue
lines represent the geothermal wells KW-GTO1 and KW-GTO02. Dark red triangles indicate seismic stations, and
dotted lines mark the cross-section positions. PDF contours (Viridis scale) are overlaid on the velocity model used
for the inversion.

A.2. EXAMPLE OF CROSS-CORRELATION PICK CORRECTION
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A.3. SUMMARY OF SOURCE-RECEIVER PAIRS SELECTED FOR BODY-WAVE SEISMIC
INTERFEROMETRY
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Figure A.2: Waveform alignment before (A) and after (B) applying the cross-correlation pick correction method
of Deichmann et al., (1992). We use this method to correct bias from manual picks and to ensure consistent
alignment across waveforms.

A.3. SUMMARY OF SOURCE-RECEIVER PAIRS SELECTED
FOR BODY-WAVE SEISMIC INTERFEROMETRY

Table A.1: Incidence angles and conversion efficiencies by source and station

Source Date  Station Pinc.(°) Sinc.(°) pSconv. (%) sP conv. (%)

2019-06-23 001 35 1.4 0.1 0.2
2019-07-15 001 2.8 1.2 0.0 0.1
2019-10-02 001 54 23 0.1 04
2019-10-06 001 54 22 0.1 04
2019-07-14 001 3.6 1.5 0.1 0.2
2019-09-11 001 7.6 3.1 0.2 0.8
2019-06-23 002 3.0 1.2 0.0 0.1
2019-07-15 002 3.0 1.2 0.0 0.1
2019-10-02 002 4.4 1.8 0.1 0.3
2019-10-06 002 4.4 1.9 0.1 0.3
2019-07-14 002 34 14 0.0 0.2
2019-09-11 002 6.3 2.6 0.2 0.5
2019-06-23 003 4.0 1.6 0.1 0.2
2019-07-15 003 4.4 1.8 0.1 0.3

Continued on next page
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Source Date  Station Pinc.(°) Sinc.(°) pSconv. (%) sP conv. (%)

2019-10-02 003 4.6 1.9 0.1 0.3
2019-10-06 003 4.8 2.0 0.1 0.3
2019-07-14 003 44 1.8 0.1 0.3
2019-09-11 003 5.7 24 0.1 0.5
2019-06-23 004 5.7 24 0.1 0.4
2019-07-15 004 6.3 2.6 0.2 0.6
2019-10-02 004 6.1 2.6 0.2 0.5
2019-10-06 004 6.2 2.6 0.2 0.5
2019-07-14 004 6.1 2.5 0.2 0.5
2019-09-11 004 59 24 0.1 0.5
2019-06-23 005 7.7 32 0.2 0.8
2019-07-15 005 8.4 34 0.3 0.9
2019-10-02 005 8.1 34 0.3 0.9
2019-10-06 005 8.1 34 0.3 0.9
2019-07-14 005 7.9 33 0.3 0.8
2019-09-11 005 6.9 29 0.2 0.7
2019-09-11 006 8.4 3.5 0.3 0.9
2019-06-23 025 1.3 0.6 0.0 0.0
2019-07-15 025 0.5 0.2 0.0 0.0
2019-10-02 025 3.1 1.3 0.0 0.1
2019-10-06 025 3.0 1.3 0.0 0.1
2019-07-14 025 1.4 0.6 0.0 0.0
2019-09-11 025 5.6 23 0.1 0.4
2019-06-23 026 14 0.6 0.0 0.0
2019-07-15 026 2.2 0.9 0.0 0.1
2019-10-02 026 1.8 0.7 0.0 0.0
2019-10-06 026 2.0 0.8 0.0 0.1
2019-07-14 026 1.9 0.8 0.0 0.1
2019-09-11 026 4.0 1.7 0.1 0.2
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Figure A.3: Heatmap showing incidence angles from the microseismic events to the different receivers of the
Kwintsheul network.

A.4. SPECTROGRAM ANALYSIS
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Figure A.4: Normalized, detrended vertical-component waveforms (top) and corresponding spectrograms (bot-
tom) for four microseismic events recorded at receiver 003. Brighter colors in the spectrograms indicate higher
amplitudes at each frequency.
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Figure A.5: Spectrograms and normalized waveforms of the North component (EHN) showing the P- and S-wave
arrivals for two receivers. B. Spectrogram at receiver 002. C. Corresponding seismic trace. D. Spectrogram of

receiver 003. D. Corresponding seismic trace. Brighter colors indicate higher amplitude at each frequency.
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Figure A.6: Normalized, detrended vertical-component waveforms (top) and corresponding spectrograms (bot-
tom) for four microseismic events recorded at receiver 006. Brighter colors in the spectrograms indicate higher
amplitudes at each frequency.
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A.5. MATRIX FORMULATION

To clarify the rather mathematical description of the inverse problem, let’s consider the
following example. If one would compute monthly time-averaged cross-correlations for
an OBS deployment of 10 stations that would last one full year, NUP¥ would be 12 and
N (obviously) 10. This would imply the number of rows of the matrix A (and the length
of the vectors t@PP) nG™  and n®P") would coincide with 12 x (10 x 9)/2 = 540. The
length of t/") would coincide with 20 (2 x 10) and so would the number of columns of A.

Expressing then t,(clp *) in terms of days (instead of seconds, which is the customary unit of

time) and setting it to zero at the onset of the OBS deployment, this would imply t{lps) = 15,
tgps) ~ 46, and so on, and so forth.

For N stations, vector ti) can be written as:

ay
by
az

tin9 = | b2 || (A.1)

an
bn

To aid in the interpretation of Equation (5.7), we depict below (Figure A.7) the rows
associated with the first lapse cross-correlations (i.e., the lapse cross-correlations associated
with ™) are shown in light blue. In addition, we have depicted in purple (for #.** only)
the elements of the matrix associated with the lapse cross-correlation between stations 1
and 2, and in yellow the elements of the matrix associated with the lapse cross-correlation
between stations 2 and 3. Note that, as it stands, the matrix in Figure A.7 is rank deficient.
This implies that the system of equations is underdetermined, and a unique solution does
not exist. If one of the 10 stations is a land station devoid of clock errors, the two columns
associated with that station could be eliminated from A (that OBS’ a and b would coincide
with zero), and its two entries eliminated from tins) The resulting matrix A would be full
rank, and a unique estimator of t1n8) would exist.
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Figure A.7: Example of matrix A when using N stations and 7 lapse times

A.6. DETECTION OF OUTLIERS

(+:app) | 4(=aPP) ¢ might be possible to get an erroneous measure-
i,jk i,j.k

ment due to a phenomenon that is similar in nature to what is referred to as ‘cycle skip-

ping’ in full-waveform inversion (e.g., Warner and Guasch, 2014). That is, the measured
t(+,app) + t(—,app)
ij.k ijk
Weemstra et al., 2021). Needless to say, inclusion of these measurements in the inversion
leads to incorrect a; and b;. To prevent such measurements, we implemented a method
that compares the measured (AP 4 (CAPP) ith the expected £ AP fAPP) The Jatter
i,j,k i,j,k i,j,k i,j,k
is computed using the a’s and b’s recovered during a first inversion. After identifying the
outliers, i.e., points that do not follow the overall trend (blue areas in Figure A.8), we set a
certain threshold for removing or keeping measurements. Repeating this process multiple

times allows us to““clean” the data vector from such measurements.

When measuring the ¢

deviates from the “true value" by approximately one period (see also
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Figure A.8: Observed time symmetry shifts plotted against the estimated time symmetry shifts after inversion.
The clusters in blue might indicate inaccurate measurements product of cycle skipping.

A.7. CLOCK DRIFTS OF EACH OBS STATION
In this appendix section, we provide an extended comparison of linear corrections from our
code against the skew values for each OBS. The figures display the time offsets between the
cross-correlations and a chosen reference cross-correlation, offering a detailed view of our
approach’s alignment with standard skew value corrections across different OBSs. Stations
with very high uncertainty (for example 003, 006, and O08) yielded fewer data points
(t“PP 4+ £'“PP) as their SNR and distance separation did not meet the required thresholds

i,jk i,jk
(see Figure 5.6 for examples of those cross-correlations).
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Figure A.9: Comparison between the observed clock drift, (i) the skew-derived linear clock drift, and (ii) the
linear clock drift recovered using the weighted least-squares inversion of each OBSs (except O01, 002, and O10,
which are in Section 5.4). Top: Time offsets between cross-correlations and a reference cross-correlation (RCF)
assuming no initial clock error at the onset of deployment. Bottom: Time offsets considering the initial clock error
(b value) at deployment time. The drift based on our code (weighted least-squares inversion) and the confidence
intervals is dubbed ‘OCloC-drift’, while the drift based on the skew values is termed ‘skew- drift’. The highest
signal-to-noise ratio cross-correlation for each station pair is chosen as the RCFE. The depicted time offsets result
from maximizing the Pearson correlation coefficient between the RCF and the other lapse cross-correlations, plus
a correction based on the value of b in the skew correction.
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