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Abstract

In this thesis, I investigate near-surface seismic properties and several geophysical meth-
ods mainly including surface wave dispersion inversion (SWDI) and full waveform inversion
(FW1) for CO, monitoring, focusing on the capabilities of Distributed Acoustic Sensing
(DAS) technology. The study is underpinned by data collected from Newell County Facility,
Alberta, Canada, employing seismic data acquired from both surface-deployed and vertical
seismic pro le (VSP) DAS ber. DAS data, characterized by broadband and dense spatial
sampling, facilitate the extraction of high-resolution near-surface velocity pro les due to
their enhanced signal-to-noise ratio and resolution in low-frequency components and multi-
mode dispersion curves. The rst segment of the study introduced several types of dispersion
curves, explores trans-dimensional (TD) inversion, employing multimode dispersion curves
and reversible-jump Markov Chain Monte Carlo (MCMC) sampling to generate probabilis-
tic posterior density (PPD) estimates of model parameters. This approach, augmented with
parallel tempering techniques, tested on both synthetic and eld DAS data, signi cantly
enhances the interpretation of subsurface velocity pro le. By treating model size as a vari-
able, it improves the vertical resolution and decreases uncertainties in shear-wave velocity
estimates. The use of advanced mode separation techniques for multimode Rayleigh-wave
dispersion curves in DAS data further underscores the approach’s e ectiveness, yielding in-
version results that align well with known lithological data. This research showcases the
potential of horizontal DAS data in high-resolution, near-surface investigations.

Additionally, 1 developed a multi-step multiscale surface wave FWI. Utilizing DAS-
recorded surface waves, high-resolution S-wave velocity (V) and attenuation (quality factor
Qs) models of the near-surface are obtained through FWI, o ering improved lateral resolu-
tion and depth penetration compared to conventional surface-wave analysis. The inclusion
of low-frequency components in DAS data e ectively mitigates the cycle skipping challenge
commonly associated with FWI, leading to high-resolution Vs models that capture lateral

variations e ectively. | also addressed the challenge of noise in seismic data, particularly its



impact on acoustic and elastic FWI models. By incorporating the data covariance matrix
into the mis t function, this approach mitigates the e ects of noise, improving the accuracy
of the FWI models.

Building on these methods, | applied anisotropic FWI with variable density to DAS-
recorded walk-away VSP data for characterizing subsurface velocity, anisotropy, and density
structures. This technique, essential for time-lapse studies of CO, injection and storage,
proved e ective in providing more accurate P-wave velocity, density models, and anisotropy
parameters compared to isotropic FWI.

In conclusion, this thesis demonstrates the potential of using DAS technology and ad-
vanced geophysical methods for near-surface investigation and CO, monitoring. The inte-
gration of DAS data with trans-dimensional and varied FWI approaches, alongside noise
mitigation strategies, o ers a signi cant step forward in accurate and e cient subsurface
characterization, crucial for environmental monitoring and carbon capture and storage ini-

tiatives.



Preface

This thesis, adopting a manuscript-style format, amalgamates the essence of extensive re-

search e orts encapsulated in a series of papers. These papers, which form the core chapters

of this thesis, re ect a deep dive into the innovative application and analysis of seismic data,

particularly emphasizing the use of Distributed Acoustic Sensing (DAS) technology in the
eld of geophysics.

Chapter 2 is based on a published paper in the Geophysical Journal International, titled
"Trans-dimensional inversion of multimode seismic surface wave data from a trenched dis-
tributed acoustic sensing survey” by Qu L, Dettmer J, Hall K, et al., 2023. This chapter
explores the advanced methodologies in seismic surface wave data analysis through trans-
dimensional inversion techniques.

One part in Chapter 3 stems from a conference paper presented at the First International
Meeting for Applied Geoscience & Energy, Society of Exploration Geophysicists, 2021. Titled
"Near-surface S-wave velocity and attenuation structure from full-waveform inversion of
distributed acoustic sensing data”, this chapter by Qu L, Pan W, Innanen K A, et al., delves
into the intricacies of extracting subsurface properties from DAS data.

Chapter 4, which has been submitted for publication, is a comprehensive study on
anisotropic full-waveform inversion using DAS data in a vertical seismic pro le con gu-
ration at the Newell County Facility, Alberta, Canada. Authored by Qu L, Pan, W.Y., and
Innanen, K.A., 2023, this chapter underscores the feasibility and e ectiveness of anisotropic

FWI in complex geological settings, Surveys in Geophysics.



Chapter 5, presented at the SEG International Exposition and Annual Meeting in 2022,
discusses "Incorporating estimates of data covariance in elastic FWI to combat random and
correlated noise™. This work by Qu L, Keating S, Innanen K A, et al., highlights innovative

approaches in enhancing the robustness of FWI techniques against noise interference.
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Chapter 1

Introduction

1.1 Near surface and surface waves

The near surface region of the Earth, often de ned as the zone extending to several tens of
meters below the ground, harbors a multitude of geological, archaeological, and environmen-
tal features crucial to various scienti ¢ and engineering disciplines. The understanding of
near surface characteristics serves as a bedrock for informed decision-making in urban devel-
opment, natural resource management, and archaeological excavation, among other elds.
The delineation of the depth range considered as 'near surface’ hinges on the disciplinary
context and the geographical and geological attributes of the area under investigation. In ge-
ological and geophysical explorations, the near surface is often construed as the uppermost
layers of the Earth, extending down to a few tens to hundreds of meters below the sur-
face (Butler, 2005). Conversely, in the realm of environmental science and civil engineering,
a more restrictive depth range, often just the rst few meters below the surface, is consid-
ered (Yilmaz, 2015). Information about the near surface including geological formations, soil
layers, bedrock, water table, and seismic re ectors can be explored using various geophysical
techniques and methodologies. In the meantime, the knowledge obtained from near-surface

geophysics which focuses on studying the Earth’s subsurface layers and properties, partic-



ularly in the shallow depths below the Earth’s surface, provides valuable information and
aids in making informed decisions in a multitude of elds including civil engineering, envi-
ronmental science, resource exploration, and hazard assessment.

The study of the near-surface region in geophysics is of paramount importance, as it
directly a ects numerous aspects of human and natural activities. The near-surface region
contains resources and phenomena that are critical to the understanding of the interaction
between the geosphere and human activities. The near-surface region has become a fertile
area for resource exploration. Geophysical methods used to explore for natural resources such
as minerals, aggregates, and hydrocarbons rely heavily on an understanding of near-surface
geologic and geophysical properties (Telford et al, 1990). Understanding the mechanical and
physical properties of soils and rocks in the near-surface region is also critical for a wide
range of applications such as agriculture, construction, and resource extraction. Besides, the
near-surface region is important in climate studies and hydrology, especially in understand-
ing the hydrologic cycle and the e ects of climate change on, for example, permafrost thaw
and soil moisture changes. In addition, the near-surface domain is a key frontier for envi-
ronmental protection e orts. Monitoring soil and groundwater contamination in the region
is a prerequisite for e ective environmental remediation and pollution control.

The near-surface zone is also important for carbon dioxide (CO;) sequestration and
monitoring, serving as a critical frontier in combating climate change and its adverse e ects.
Through techniques such as geological sequestration, CO, is injected and stored in subsurface
geological formations, primarily in depleted oil and gas elds or deep saline aquifer forma-
tions (Benson and Cole, 2008). The near-surface region is pivotal for monitoring and verifying
the integrity and performance of these sequestration sites to ensure that there is no leakage
of CO, back into the atmosphere (Arts et al, 2008). Various geophysical methods, includ-
ing seismic re ection, gravity, and electrical resistivity, have been employed for meticulous
characterization and monitoring of the near-surface zone, enabling a precise understanding

of CO, plume migration and the assurance of long-term sequestration security (Eiken et al,



2011). Moreover, near-surface monitoring facilitates compliance with regulatory frameworks
and engenders public con dence in CO, sequestration technologies as viable solutions to
reduce greenhouse gas emissions. By leveraging the detailed understanding of near-surface
geophysical characteristics, scientists can signi cantly bolster the e cacy and safety of CO,
sequestration projects, thus making substantial strides towards a sustainable and low-carbon
future.

Geophysical methods are widely used in the examination of the near-surface region, o er-
ing signi cant contributions to the understanding of subsurface characteristics and phenom-
ena. Within the realm of geological exploration, two methods, namely Seismic Re ection
and Seismic Refraction, are commonly utilized to discern geological structures and subsur-
face anomalies. Seismic Re ection involves the analysis of the time and amplitude char-
acteristics of re ected seismic waves originating from subsurface interfaces. On the other
hand, Seismic Refraction capitalizes on the variations in slope exhibited by refraction waves,
which are indicative of interfaces between geological layers possessing distinct seismic ve-
locities (Sheri , 2002; Palmer, 1986). The aforementioned approaches demonstrate e cacy
in the determination of geological formations’ depth and thickness, fault detection, and the
provision of general structural information on anomalies. Nevertheless, the implementation
of these techniques necessitates the utilization of specialist apparatus and frequently entails
a greater degree of logistical intricacy. Moreover, the process of interpretation may provide
challenges in regions characterized by complex subsurface formations or signi cant amounts
of noise interference. The Multichannel Analysis of Surface Waves (MASW) technique is
also employed to assess pro les of shear wave velocity by examining the dispersive proper-
ties of Rayleigh waves. The study conducted by Park et al (1999) utilizes the measurement
of phase velocities of Rayleigh waves at various frequencies in order to ascertain the distri-
bution of subsurface shear wave velocities. The method of MASW provides a non-invasive
and very e ective means of characterizing subsurface conditions. Nevertheless, it is worth

noting that there may be constraints on the depth resolution under speci ¢ geological cir-



cumstances. Meanwhile, the precision of outcomes relies on the caliber of eld data and
appropriate approaches of interpretation. Ground Penetrating Radar (GPR) is a geophys-
ical technique that use radar pulses to create images of the subsurface. This method is
known for its ability to provide high-resolution data, making it particularly successful in
the detection of minute objects, voids, and conduits (Daniels, 2004). However, the extent to
which the radar signal can penetrate is constrained and contingent upon the frequency of the
transmission. Moreover, the performance of GPR can be in uenced by various soil qualities
and the existence of conductive materials. Electrical Resistivity Tomography (ERT) is a
geophysical technique utilized to assess the subsurface resistivity distribution. This method
involves the injection of electrical currents into the ground and subsequently detecting the
ensuing potential di erences. The analysis of resistivity variations o ers valuable insights
into the composition of underlying materials and the presence of uids. According to Loke
(2010), The utilization of this technique has demonstrated e cacy in the characterization
of subsurface geological formations, identi cation of groundwater resources, and evaluation
of potential pollution. This technology provides substantial depth penetration capabilities
and is capable of e ciently covering extensive survey areas. Nevertheless, the outcomes
could potentially be in uenced by the existence of metallic items or materials with high
conductivity. The process of interpretation can be intricate when dealing with geologically
diverse areas. Furthermore, the utilization of Gravity and Magnetic methods can also be
employed to e ectively chart uctuations in subsurface density and magnetic characteristics,
respectively. These methods play a crucial role in accurately de ning geological formations
and identifying mineral resources in close proximity to the Earth’s surface (Telford et al,
1990). Both of these technologies exhibit a restricted capacity for depth resolution and are
susceptible to the in uence of cultural noise and local geological conditions. The integration
of several geophysical techniques in studies of the shallow subsurface allows for a thorough
comprehension of geological and hydrogeological characteristics. With the development and

applications of these methods, geophysical methods for performing high-resolution, ne-scale



near-surface investigations should be explored in the hope of optimizing existing geophysical
methods to better characterize the nature of the near-surface.

The study of near-surface conditions presents a variety of complexities and problems.
The near-surface geologic environment exhibits signi cant heterogeneity, characterized by
varying lithologic compositions, structural complexity, and uid content. The presence of
inherent variability presents challenges in accurately delineating underlying properties. In
addition, the scope of near-surface investigations is inherently limited, focusing primarily
on the highest layers of the Earth. Gaining access to deeper subsurface layers requires the
use of specialized equipment and procedures, which involves many technical and budgetary
considerations. In addition, the collection of accurate geophysical data in near-surface in-
vestigations is susceptible to various types of unwanted noise, including ground vibrations
caused by human activities or natural events, which have the potential to compromise the
accuracy of the measurements. Most importantly, the perennial problem of obtaining high-
resolution subsurface images is due to limitations inherent in geophysical instrumentation
and survey techniques. The resolution of ne-scale features may be inadequate. Thus, this
thesis will present and discuss di erent strategies to address the aforementioned issues.

Surface waves, a category of seismic waves that travel along the Earth’s surface, are our
primary study target in near-surface investigations due to their intimate relationship with the
uppermost geologic layers. These waves carry their energy close to the surface and interact
directly with near-surface materials, making them invaluable for studying this region (Aki
and Richards, 2002). In 2D cases, Rayleigh waves exhibit elliptical particle motion, providing
crucial information about the elastic properties and structure of near-surface materials. The
dispersion characteristics of Rayleigh waves, where velocity depends on frequency, allow
for a layered characterization of the subsurface, which is particularly valuable in mapping
geological and geotechnical features (Nazarian et al, 1983). Techniques such as MASW
exploit the dispersive nature of Rayleigh waves to derive shear wave velocity pro les of

the soil, which are essential for assessing soil sti ness and identifying subsurface anomalies



or voids (Park et al, 1999). In addition, Rayleigh waves are relatively easy to generate
and measure with standard geophysical equipment, making them a practical and e ective
choice for near-surface investigations in a variety of applications, including civil engineering,
environmental studies, and natural hazard assessments. However, the study of surface waves
also presents a number of challenges. Surface waves in geophysical exploration primarily
probe near-surface structures, making them less e ective for deeper targets than body waves.
Their data interpretation can be complex due to dispersion e ects, where di erent frequencies
travel at di erent speeds. In addition, surface waves are more a ected by local conditions
such as topography and weathering, and they’re susceptible to interference from ambient
noise. While body waves provide direct insight into deeper geological formations, surface
waves can be limited in depth and are more susceptible to complicating factors.

In addition to surface waves, body waves, which include P-waves (primary or compres-
sional waves) and S-waves (secondary or shear waves), are a critical facet of near-surface
investigations in geophysical exploration and engineering. Unlike surface waves, body waves
penetrate the Earth’s subsurface, allowing for a comprehensive sampling of geologic materi-
als. P-waves have the remarkable ability to travel through solids, liquids and gases, making
them the fastest seismic waves. This characteristic makes them invaluable for revealing sub-
surface strata, detecting uid reservoirs, and assessing material properties relevant to geo-
physical exploration (Aki and Richards, 2002). Conversely, S-waves propagate exclusively
through solids, making them indispensable for delineating the boundary between the Earth’s
crust and mantle and identifying subsurface heterogeneities, especially in engineering-scale
investigations (Xu et al, 2013). Body waves o er the distinct advantage of probing greater
depths, making them particularly relevant for deeper geological studies, including hydrocar-
bon exploration and earthquake-related assessments, while also synergizing with surface wave
methods in near-surface investigations. In geophysical exploration, the use of body waves for
full waveform inversion in near-surface investigations also presents notable challenges. The

inversion process is inherently non-linear, making it susceptible to being trapped in local



minima, which can lead to potentially misleading results. This susceptibility is exacerbated
when dealing with the complex heterogeneity and anisotropy characteristic of near-surface
layers. Such complexities can signi cantly distort body wave trajectories, making their in-
terpretation more complicated. In addition, given the innate nature of body waves to probe
deeper subsurface layers, their sensitivity to the uppermost structures may not be as pro-
nounced as that of surface waves. This, combined with the complicated interactions they
have with near-surface heterogeneities, requires careful acquisition, processing, and interpre-
tation strategies to ensure reliable results in FWI. In this thesis, I have used both surface
and body waves in combination with several geophysical methods, mainly including Surface
Wave Dispersion Inversion (SWDI) and Full Waveform Inversion (FWI), to address some of

the challenges in near-surface investigations.

1.2 Distributed Acoustic Sensing

Distributed Acoustic Sensing (DAS) is a revolutionary technology that transforms passive
optical bers into an array of virtual microphones, enabling continuous monitoring and real-
time analysis of acoustic interactions along the ber’s length. This technology is predicated
on the backscatter of light within the ber induced by acoustic vibrations surrounding it.
speci cally, A laser is cycled at 10 kHz or higher in a DAS system, and backscattered photons
return to the detector as a function of distance along the ber (Daley et al, 2013; Lindsey
et al, 2017). Then the phase shift between photons scattered from di erent lengths along
the ber is determined. To compute the changes in ber length over time, or strain rate, the
phase shift from one laser pulse is compared to the phase shift from the next laser pulse, and
the di erence in phase shift is computed. The change in spacing between any two scattering
sites can be estimated since the rate of strain (change in length per unit time) is essentially
linear to the phase shift between these two photon trains. For example, if there is no ber

strain between two time points, the phase shift for these two pulses will not change. However,



if a piece of the ber changes length between two time points, the phase shift measured for
photons returning from this section of the ber will di er. The change in spacing or strain
rate for the typical laser repetition rate can be detected at frequencies well into the hearing
range (10 kHz) and as low as 0.1 Hz and lower (Becker et al, 2018).

Over the past decade, DAS has marked a revolutionary stride in near-surface investi-
gations, playing a critical role across a spectrum of geological, environmental, and urban
studies. Initially demonstrated in diverse settings such as Carbon Capture, Usage and Stor-
age (CCUS) sites and infrastructure test facilities (Daley et al, 2013; Ancelle et al, 2014;
Macquet et al, 2022), DAS has since proven its e cacy in harsh environments, including
permafrost, glaciated terrains, and geothermal areas (Ajo-Franklin et al, 2016; Walter et al,
2020; Jousset et al, 2017). The technology’s sensitivity and high spatial resolution have
enabled the detection of extremely low-magnitude seismic events, contributing signi cantly
to microseismic monitoring in unconventional oil and gas operations (Molenaar et al, 2011;
Webster et al, 2013). Moreover, the use of DAS in urban areas, utilizing existing telecommu-
nication networks, marks a novel approach to urban seismology, allowing for detailed sub-
surface characterization and seismic monitoring in cities (Fang et al, 2018; Spica et al, 2020).
DAS’s adaptability is further highlighted in studies involving soil moisture content (Ciocca
et al, 2017), tra ¢ ow analysis (Wang et al, 2017), and even thunder-quake detection (Zhu
and Stensrud, 2019). Its application in monitoring strain variations in magmatic regions and
along fault lines underscores its potential for forecasting geological hazards (Jousset et al,
2016; Lindsey et al, 2019). The deployment of DAS along extensive \dark ber" networks,
both terrestrial and submarine, paves the way for a new era in seismology, with the po-
tential for a global seismic antenna network (Marra et al, 2018). Its dual role in passive
and active source studies makes DAS an invaluable tool in both seismicity monitoring and
near-surface characterization (Martin et al, 2017; Ajo-Franklin et al, 2019). Speci cally,
DAS is used for seismic data acquisition, where it demonstrates exceptional competence in

recording high- delity signals (Mateeva et al, 2013). Its ability to provide high spatial res-



olution data over long distances, often in challenging environments, has fostered a broader
understanding of subsurface geology and a re-evaluation of reservoir characterization meth-
ods (Parker et al, 2014). In addition, the development of DAS technology has catalyzed the
proliferation of intelligent infrastructure monitoring systems, enabling the early detection of
structural anomalies and ensuring the longevity and safety of critical infrastructure. The
continued re nement and diversi cation of DAS applications underscores its potential as
a robust, versatile sensing solution that is well suited to address a variety of contemporary
challenges across multiple sectors. Furthermore, DAS’s capacity to monitor subsurface defor-
mations presents new opportunities in understanding geodynamic processes, demonstrated
in studies ranging from water migration tracking Becker et al (2018) to observing Earth solid
tides (Becker and Coleman, 2019). Its application in sea oor fault monitoring and character-
ization of faults in diverse environments attests to its broad utility in geosciences (Gutscher
et al, 2017). DAS’s unobtrusive deployment, high sensitivity, and real-time data acquisition
capabilities underscore its growing indispensability in advancing geophysical explorations,
ensuring safer and more e cient exploitation of subsurface resources. In summary, the evo-
lution of DAS technology is a landmark in near-surface geophysical investigations, providing
unparalleled insights into Earth’s subsurface dynamics and processes. Its expanding appli-
cation across various research fronts is well documented in numerous studies, illustrating its
transformative impact on global seismological and environmental research.

In surface seismic exploration, DAS provides unparalleled capabilities for high-resolution
subsurface imaging and real-time environmental monitoring, critical for managing CCUS
projects (Daley et al, 2013). The integration of DAS with innovative methodologies such
as the MASW enhances its ability to intricately map geological substrata, a breakthrough
in optimizing both resource extraction processes and conservation e orts (Wang et al, 2014;
Zeng et al, 2017). However, DAS confronts challenges, including limitations in directivity
and sensitivity, spurring the development of specialized ber con gurations like helically

wound cables (HWC) to circumvent these issues. The technology also grapples with the



complexities of voluminous data management, necessitating advancements in data process-
ing and interpretation, while ensuring integration and calibration with traditional seismic
tools (Hall et al, 2018). Furthermore, the operational intricacies and substantial investment
required for DAS deployment, especially in remote or sensitive environments, present consid-
erable challenges. Nonetheless, the continuous evolution of DAS technology, underscored by
current research endeavors, highlights its revolutionary potential in geophysical exploration
and environmental protection (Innanen and Eaid, 2018).

In borehole seismic exploration, DAS is a great new tool for subsurface investigation
due to its resilience under extreme conditions, cost-e ciency, and enhanced data acquisi-
tion capabilities. DAS technology, especially in the context of DAS-VSP, o ers signi cant
advantages, including the ability to perform concurrent measurements with Distributed Tem-
perature Sensing (DTS) and Distributed Pressure Sensing (DPS) using the same ber cable,
thereby substantially reducing operational costs. Its application in 3D DAS-VSP surveys has
proven particularly e ective in delineating complex geological structures with higher spatial
resolution and wider frequency ranges. Furthermore, alternative cable designs, such as he-
lical and straight ber, have been explored to improve DAS performance (Hall et al, 2018,
2019). Time-lapse 3D DAS-VSP, or 4D surveys, have shown immense promise in monitoring
subsurface property variations, crucial for operations like CO, sequestration, hydraulic frac-
turing, and uid injections. Notably, the hybrid DAS-geophone-VSP systems represent a
signi cant advancement, allowing for DAS-VSP surveys even in the absence of pre-installed

bers in wells. The main challenge is how to utilize the DAS data to have a detailed and
accurate characterization of the subsurface.

Distributed Acoustic Sensing (DAS) holds a promising potential for advancing the e -
cacy and safety of CO, sequestration and monitoring processes, a critical facet of carbon
capture and storage endeavors. The technology facilitates real-time monitoring of the sub-
surface, enabling the detection and mapping of CO, plume migration within the storage

reservoirs (Daley et al, 2013). DAS’s high spatial and temporal resolution makes it a valu-
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able tool for tracking the injection of CO,, and its dispersion in subsurface formations, thus
providing a robust framework for validating reservoir models and ensuring the integrity of
the sequestration sites (Dou et al, 2017). Moreover, the technology aids in the identi cation
and assessment of induced seismicity or any other geomechanical alterations which might
arise from the injection processes, 0 ering an early-warning system for potential leaks or
caprock integrity breaches. The passive and continuous monitoring capacity of DAS allows
for a comprehensive surveillance over the sequestration lifecycle, assuring compliance with
regulatory frameworks and public safety mandates. By delivering a deeper understanding of
the subsurface dynamics associated with CO, sequestration, DAS signi cantly contributes
to optimizing the operational procedures and bolstering the public and regulatory con -
dence in CCUS technologies as viable solutions for reducing greenhouse gas emissions. In the
realm of geophysical exploration and analysis, understanding the subsurface properties holds
paramount importance. The endeavor to decode the subsurface structure and its properties
has led to the development of various geophysical inversion techniques. These techniques
aim at converting observational data into a meaningful subsurface model by minimizing the
di erence between the observed data and data predicted by the model. Among the array
of available techniques, Surface Wave Dispersion Inversion (SWDI) and Full Waveform In-
version (FWI) emerge as potent tools in delineating the subsurface structure. While SWDI
primarily utilizes the dispersive characteristic of surface waves to estimate the shear-wave
velocity pro le of the subsurface, FWI exploits the entire waveform information contained
in the seismic records to extract subsurface parameters. The following chapters delve deeper
into the theoretical underpinning and the methodologies associated with SWDI and FWI,
elucidating their e cacy in geophysical inversion.

Seismic data acquired from surface-deployed DAS bre are broadband and typically dense
spatially sampled. Corresponding to these features, compared with geophone data, the
low-frequency components in DAS data show higher signal-to-noise ratio and multimode

dispersion curves by broadband DAS data exhibit higher resolution, which increases the
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investigation depth of near-surface structures, and enhances identi cation and picking of
dispersion curves respectively. Therefore, DAS data are ideal for the estimates of reliable

and highly-resolved near-surface velocity pro les.

1.3 CO, sequestration and monitoring

CO, sequestration, a critical component of CCUS strategies, has seen signi cant advance-
ments over recent years, geared towards mitigating greenhouse gas emissions and combating
climate change. The development of monitoring technologies and methodologies has been in-
tegral to ensuring the safety and e ectiveness of CO, sequestration processes. Early projects
like Sleipner in Norway and Weyburn in Canada provided a foundational understanding
and validation of CO, sequestration in subsurface geological formations (Benson and Cole,
2008). The deployment of advanced monitoring techniques such as seismic monitoring, well-
bore monitoring, and DAS have enhanced the ability to track the migration of CO, plumes
and ascertain the integrity of caprocks and well seals. The application of machine learning
and data analytics has further re ned the interpretation of monitoring data, enabling more
accurate reservoir modeling and real-time anomaly detection.

The application of geophysical methods to CO, sequestration monitoring involves a myr-
iad of challenges rooted in the complex and often unpredictable subsurface environment.
One notable challenge is the resolution and sensitivity of geophysical instruments to detect
and monitor CO, plume movement and the integrity of caprocks and seals. The accuracy
with which these methods can delineate CO, plume boundaries and identify potential leak-
age pathways is critical to operational safety and regulatory compliance. In addition, the
heterogeneity of subsurface formations can signi cantly a ect the e ectiveness of geophysical
monitoring strategies, with di erent geological environments requiring tailored approaches
for accurate assessment. The cost and logistical constraints associated with deploying, op-

erating and maintaining geophysical monitoring systems, particularly in remote or o shore
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environments, can also be signi cant hurdles (Arts et al, 2008). Interpreting geophysical
data in CO, monitoring contexts requires a thorough understanding of CO,-rock- uid inter-
actions and their geophysical signatures, but the complex and sometimes poorly understood
geomechanical and geochemical processes in the subsurface can impede accurate interpre-
tation. Finally, integrating data from di erent geophysical methods to form a coherent
understanding of subsurface dynamics, while ensuring data consistency and reliability, re-
mains a notable challenge that requires continued advances in data processing, inversion
techniques, and multidisciplinary collaborative e orts.

Core geophysical technologies have been used in the monitoring and veri cation processes
during CO, sequestration, providing crucial data on the subsurface dynamics and the be-
havior of the injected CO,. Seismic monitoring, including time-lapse (4D) seismic surveys
based on FWI, stands as a cornerstone technique, enabling the visualization and tracking
of CO, plume migration within the storage reservoirs, and assisting in the veri cation of
caprock integrity (Lumley, 2010). Electrical Resistivity Tomography (ERT) and Induced
Polarization (IP) are employed to monitor changes in subsurface resistivity, often indicative
of CO, saturation levels and potential leakage zones (Yang et al., 2019). DAS is an emergent
technology providing high-resolution, real-time acoustic data which is crucial for detecting
subtle subsurface changes and potential geomechanical issues (Dou et al., 2017). Borehole
monitoring, through the deployment of downhole sensors and geophones, provides a direct
assessment of pressure, temperature, and seismic responses, facilitating an understanding of
in-situ conditions. The deployment of Gravimetric and Magnetic methods further aids in
delineating the density changes and the magnetic susceptibility variations associated with
CO, migration. The con uence of these geophysical technologies, often utilized in a com-
plementary fashion, forms the bedrock of e ective monitoring strategies, ensuring the safe
and e cient operation of CO, sequestration projects, while satisfying regulatory compliance
and fostering public con dence in CCUS endeavors. In this thesis, I mainly focus on the

application of geophysical methods, including dispersion curve inversion and full-waveform
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inversion for near-surface investigation using various types of seismic waves.

The trajectory of near-surface geophysical research, particularly in the realm of CO,
sequestration and monitoring, is increasingly intersecting with the deployment of DAS tech-
nologies. DAS, by virtue of its high-resolution and real-time monitoring capabilities, is
emerging as a vanguard tool for assessing near-surface subsurface dynamics associated with
CO; injection and migration (Dou et al, 2017). The trend toward utilizing DAS in near-
surface applications is propelled by its ability to capture ne-grained seismic data, enabling
the detection of subtle seismic events and geomechanical changes, which are pivotal for en-
suring the integrity of sequestration operations. Moreover, the potential for DAS to be
deployed in a continuous, unobtrusive manner aligns with the evolving needs of near-surface
geophysical monitoring | wherein both temporal and spatial resolutions are crucial for ac-
curate assessment and prompt response to potential anomalies. Concurrently, the fusion of
DAS with other geophysical methods like seismic surveys and FWI is hinting at the potential
for integrated monitoring frameworks that can provide a more holistic understanding of near-
surface phenomena. This integration can signi cantly enhance the accuracy and reliability
of monitoring systems, which is paramount in the context of regulatory scrutiny and pub-
lic acceptance of CO, sequestration projects. Looking ahead, the continuous advancement
of DAS technology, coupled with its integration into multidisciplinary geophysical monitor-
ing frameworks, holds substantial promise for overcoming extant challenges in near-surface
monitoring and propelling the e cacy and safety of CO, sequestration endeavors to new
horizons.

Carbon capture and storage (CCS) is important for managing atmospheric CO, emissions
from fossil fuels. Current Canadian Government targets for CO, reduction require contribu-
tions from CCS to meet targets by 2050. The Newell County Facility of the CMC Research
Institute, Inc. and the University of Calgary operate a multidisciplinary project at the eld
research station in Newell County, Alberta, Canada (Lawton et al, 2014, 2017). A series

of advanced seismic technologies have been developed and calibrated for the monitoring,
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containment and storage of CO,.

1.4 Thesis overview and objectives

The thesis presents an in-depth exploration of near-surface geophysical methods, focusing
particularly on DAS for monitoring CO, sequestration. This research is structured into six
chapters, each addressing critical aspects of geophysical methods and its applications on
DAS data.

Chapter 1 sets the stage by discussing the principles of near-surface geophysics, with an
emphasis on the analysis of surface waves || primarily Rayleigh waves | and their relevance
in geophysical studies. It also introduces the capabilities of DAS in capturing the intricacies
of CO, sequestration, laying the groundwork for the advanced techniques discussed in later
chapters.

Chapter 2 delves into the physics of dispersion curves and the implementation of trans-
dimensional inversion techniques on multimode dispersion curves. This section unravels the
complexities of surface wave propagation and o ers a detailed methodology for extracting
high-resolution subsurface information from DAS data.

In Chapter 3, the narrative advances to FWI, covering various mis t functions and their
adjoint calculations. This chapter demonstrates the application of FWI on surface-deployed
DAS data and showcases a multistep, multiscale approach to surface wave FWI for two-
dimensional near-surface imaging, emphasizing the advancement in resolution and accuracy.

Chapter 4 focuses on the application of FWI to Vertical Seismic Pro le (VSP) data and
explores the potential of integrating anisotropic considerations into FWI when applied to
DAS data. The chapter bridges the gap between theory and application, highlighting the
enhanced imaging capabilities achieved through this approach.

Chapter 5 discusses the generalization of mis t functions within the realms of acoustic and

elastic FWI, aiming to re ne the FWI framework for various types of noise. This discussion
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provides insights into the adaptability of FWI in handling various geophysical challenges.
Finally, Chapter 6 concludes the thesis by summarizing the key contributions and ndings

of the research. It presents a synthesis of the insights gained from each chapter and o ers a

perspective on the future applications and developments of DAS technology in near-surface

geophysical monitoring and CO, sequestration.
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Chapter 2

Surface wave dispersion inversion

2.1 Introduction

The accuracy of near-surface velocity structure determination greatly in uences static correc-
tion, source parameter determination, and velocity modeling-building for deep area velocity
inversion. Since surface wave dominates the shallow-seismic wave eld with high amplitude,
surface-wave analysis has been used for near-surface geophysical study. The inversion of
shear-wave velocity at shallow sites depends on a physical-meaningful principle and an ap-
propriate measuring, analysis, and inversion approach, which are the propagator matrix
method and the MASW (Thomson, 1950; Socco and Strobbia, 2004; Foti et al, 2014, 2018).
The rst part determines the dispersion relationship of the research region, which means
under the layered earth-model assumption, with elasticity and thickness parameters speci-

ed for each layer and free surface boundary condition, the dispersion curves of the surface
wave can be obtained (Haskell, 1953). The second part provides an e ective work ow to
measure the data, conduct the analysis, and inversion. Various developments have been
made in both parts. As for the rst part, calculation accuracy and computation e ciency
have been improved through variable transformation, mathematical derivation, and formula

simpli cation (Park et al, 1998). As for the second part, optimization on steps such as acqui-
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sition parameters setting and dispersion curves picking have been further studied (Xia et al,
1999). Besides these two parts, the inversion methods are important as well. It belongs to
the MASW work ow but involves extensive content, which can be treated as an independent
part. The theory of obtaining dispersive characteristics of the surface wave based on given
models is relatively robust, stable results (dispersion curves) can be guaranteed. However, in
real data processing, the dispersion curves picking and quality of the observing data seem to
be more uncontrollable. Thus, details on obtaining clear dispersion spectra are more focused.

In the domain of surface wave analysis, the accurate estimation of subsurface shear-
wave Velocities (Vs) hinges critically on the sensitivity of the dispersion curves to these
velocities. The literature, including studies such as those by Bhattacharya (2015), underlines
the fundamental premise that Vs is the dominant factor in uencing the shape and behavior
of dispersion curves. However, for the inversion process that derives Vs from these curves to
yield precise results, it is imperative to constrain the e ects of other elastic properties and
geological factors. Parameters such as compressional-wave velocity (Vp), material density,
and stratigraphic layer thickness, while having their in uence, must not overshadow the Vs
parameter’s contribution during inversion. This ensures that the Vs pro les obtained are
not skewed by non-shear-related factors.

Building upon prior research into the sensitivity of surface wave velocities to subsurface
properties, signi cant advancements have been made. Notably, Wang et al (2020) pioneered
the inclusion of a novel observational dataset | the derivative of the Rayleigh-wave phase
velocity | revealing its enhanced sensitivity to the Vs compared to traditional phase and
group velocities. In the current study, | have conducted a comprehensive sensitivity analysis
utilizing four types of observational data: group velocity, phase velocity, and their respective
derivatives. Our objective was to meticulously quantify their responsiveness to key subsur-
face parameters: Vp, Vs, and material density. The innovation of our approach lies in the
incorporation of higher modes of surface waves into the analysis, thus broadening the scope

of the investigation. By extending the sensitivity analysis to encompass these higher modes,
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I have illuminated the complex interdependencies that exist among the various subsurface
parameters. This expanded analytical framework allows for a more granular examination of
the ways in which these parameters in uence surface wave velocities, providing insights with
a higher degree of resolution than was previously achievable. The outcomes of this study are
poised to enhance the interpretive power of geophysical surveys, especially in applications
that require a nuanced understanding of subsurface structures. Through the judicious selec-
tion and combination of observational datasets ] particularly those that are highly sensitive
to the targeted subsurface features ] It enables us to generate subsurface models with better

accuracy.

2.2 Dispersion curves

Dispersion curves generation

In dispersion curve inversion, dispersion curves serve as a critical feature for representing
surface waves. The inversion process involves iterative updates of subsurface velocity param-
eters, aiming to align synthetic dispersion curves closely with those derived from observed
data. The goal is to achieve a strong match between the two, which in turn yields an accurate
estimation of the shear-wave velocity pro le.

As for the synthetic generation of dispersion curves, The dispersion attributes of surface
waves are in uenced by a suite of measurable parameters of the medium, namely the layer
thickness (h), Vs, Vp, and . Within the Multi-channel analysis of surface waves framework,
a layered earth model is posited, characterized by homogeneity within each stratum, thereby
simplifying the problem to a one-dimensional (1D) model.

In MASW modeling, | generate the theoretical dispersion curve by applying the known
parameters to the Rayleigh wave equation. The process starts by inserting the harmonic
solution of Rayleigh wave displacement, detailed in Equation 2.1, into Navier’s equation,

referred to as Equation 2.2. This substitution results in a matrix formulation, which can be
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employed to compute displacement and stress eigenfunctions for each layer. These eigen-
functions, when evaluated as a system, yield the dispersion curve for the given set of earth

model parameters.

u: fup = r(y; k; et KDy, = 0;us = iry(y; k; 1)e'(*t kg (2.1)
O 1 O 10 1

rq 0 ik 0 1 ri
dETE.H w0 e 0 gRng 22)

ZBr, 0 120 ik r,

r we f2+ ) 0 S~ 0 ry
where r(k;z;w) = ri(k;z;w);ra(k; z; w); ri(k; z; w); ro(k; z; w) . rq,rp are displacement
eigenfunctions, ry; r, are stress eigenfunctions, in the formof ry =1 ( +2 )‘LLZZ +K ry,

=4 kr,.

With boundary conditions for surface waves, r;, ¥ Oand r, ¥ 0, whenz ¥ 1,
r, = r, = 0 at the free surface z = z,. Particular values of k for a certain ! can be
found through searching techniques (Thomson, 1950). Due to the theoretical simplicity
and ease of implementation, the propagator matrix method based on the Thomson-Haskell
algorithm is commonly used to solve this linear eigenvalue problem. The non-trivial solu-
tions of this problem are obtained by nding the roots of the Rayleigh dispersion equation
Frl (2); (2); (2);ki;w] =0 . Once the roots are found, the eigenfunctions can be calcu-
lated at speci ¢ depth. Rayleigh secular functions or root-bracketing techniques combined
with bisection could be used based on the complex of the media (Kennett, 1974).

Determining speci ¢ values of the wave number k for a given angular frequency ! is
essential in seismic analysis and can be achieved through established searching techniques
(Thomson, 1950). Among the methods available, the propagator matrix method, which
employs the Thomson-Haskell algorithm, stands out for its conceptual clarity and opera-
tional convenience, making it a preferred approach for addressing linear eigenvalue prob-

lems in geophysics. This method’s practicality stems from its ability to solve for non-
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trivial solutions || speci cally, by pinpointing the roots of the Rayleigh dispersion equation
Fr[ (2); (2); (2);ki; 1] = 0. Identifying these roots is a pivotal step, as it allows for the
subsequent calculation of eigenfunctions at various depths within the earth’s subsurface. To
navigate the complexity of the media, analysts may opt for Rayleigh secular functions or
root-bracketing techniques augmented by bisection strategies, as elaborated in the work of
Kennett (Kennett, 1974). Every pair fk;i; ri (y; K;; 1)g of the result corresponds to a dispersion
mode.

For the P SV plane waves, the amplitudes of both down-going and up-going waves,
which pertain to P and S waves respectively, are modulated as they travel through an
homogeneous half-space. This modulation is encapsulated by the motion-stress vector at
the upper boundary of the half-space (denoted as z = z,). This vector comprehensively
represents the wave motion and associated stresses at that particular depth. The propagation
of this motion-stress vector to a shallower depth (referred to as zp) is meticulously modeled
using the propagator matrix, a mathematical construct that captures the essence of wave
propagation through the medium. This is articulated in Equation 2.3, where the propagator
matrix serves as the transformative agent, applying the complex e ects of the medium’s

properties on the wave as it traverses from depth z, to z,.

O 1 O 1
I:)n r1 (Zn)
S r (z
" =T, 2(2n) =T, 'G2Zn;Zn 1):::G(21;20) r (20); (2.3)
Pn ry (zn)
Pn ry, (zn)

where,

o) 1
2i kA K, alnkn AR, ikK,
b V2 alnkn 20 ok ARy kA, AR,
T, 1= _ Ven : (2.4)
2 ka2 B ok AR, R AR, kR,
Ak, 2i khR, kR, Ak,
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The matrix propagator methods have evolved into various forms, including the original
Thomson-Haskell algorithm, the dynamic sti ness matrix method, and the re ection and
transmission coe cient method. However, a common limitation among these techniques is
their restriction to layered earth models, speci cally vertically transverse isotropic (VTI)
structures. This constraint results in the output being essentially an average representation
of the properties within a given horizontal layer. Consequently, these methods are not well-

suited for geometries with extensive lateral spread. Merging the boundary conditions with

Equation 2.3,
O 1 O 10 1
0 ra re rs g ri(zn)
0 r r r r r, (z
=T 16,  Gyr (20) = 21 oo I3 Iy 2 (zn) : (2.5)
Pn 31 I3 I33 I3y 0
Sh g1 Ta2 Ta3 Tga 0

This equation is always true when the sub-determinant (ryir,  riorp;) vanishes. The
problem is thus reduced to a root search along the slowness or the velocity axis for a given
frequency.

Considerable research has been dedicated to the challenges of identifying the zeros of sec-
ular functions and the formulation of these functions themselves. The process involves pin-
pointing the wavenumber k, which is the root of the secular function, utilizing root-bracketing
techniques alongside bisection methods (Lai, 1998). Subsequent to this, the Rayleigh wave
velocity for a speci ed frequency is determined. By inputting the value of k into the relevant
di erential equations, it becomes possible to compute the eigenfunctions associated with dis-
placements and stresses. Depending on the choice of propagator matrix and the approach to
simpli cation, secular functions may be constructed in various con gurations. Consequently,
the bulk of the e ort in modeling dispersion curves is invested in the creation of these secular
functions and the determination of their roots. It is important to note, however, that while

forward modeling is a crucial step, the primary focus of this study is not on the forward
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modeling itself, but rather on the inversion process that follows. Given the intricate and
complex nature of the formulations involved, our attention is primarily directed towards the

inversion process.

2.2.1 De nition and formulation of the phase velocity derivative

In a multi-layered medium, phase and group velocities are dispersive. Through deriva-

tion (Wang et al, 2020), the expression of phase velocity derivative can be written as

dVg _ Von (Vg Von).
af fV, ’ (2:6)

where Vph is Rayleigh-wave phase velocity, Vy is Rayleigh wave group velocity, f is the

frequency.

2.2.2 De nition and formulation of the group velocity derivative

Since the phase velocity are dependent on frequency in a multi-layered medium, the phase
velocity can be written as

Vph = (27)

Xl -

Thus,
I =KVph: (2.8)

The Rayleigh-wave velocity is also a function of frequency, wave number, and model param-

eters ( Vp, Vs, etc), take the derivative of I with respect to wavenumber K,

— = + K——
Von + kg
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assuming the derivative of model parameters with respect wavenumber Kk is zero. Then, |

take the derivative of group velocity Vy with respect to angle frequency 1!,

— =+ + : :
v = dr tar ak T <dka (2.10)
The partial derivatives of phase velocity with respect to frequency d;’—fh = % and to
wavenumber d\él';“ = k'_2 Substituting them in the above equation,
v 1 1 1 1
=4+ 4+ k— .
1k, K2 Kiz: (2.11)
avg 1 1
dvy, 1V
Wy Yon, (2.14)
o fVy '

Thus, the analytical formulation of the group velocity derivative with respect to frequency

is obtained.

2.3 Sensitivity analysis

2.3.1 Rayleigh-wave phase velocity

In the generation of dispersion curves, a strati ed model comprising 100 identically thin
layers is employed. The progression of shear-wave velocity Vs is linearly con gured, start-
ing at 410 m/s at the uppermost layer and culminating at 1390 m/s at the base, thereby
ensuring a steady increment across the pro le. Correspondingly, the primary-wave velocity
Vp is systematically determined to be 1.9 times that of the shear-wave velocity within each

respective layer. The density gradient is initialized at 1002 g=m? at the surface and increases
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linearly to 1200 g=m? at the lowest stratum.

The frequency range for calculations is established between 1 Hz and 50 Hz. To each
layer, perturbations are introduced in the parameters with a design to be both minimal and
consistent in magnitude. Given the proportional relationship between Vp and Vs, perturba-
tions in these velocities are correspondingly related. Speci cally, the shear-wave velocity is
perturbed by 6 m/s, the primary-wave velocity by 10 m/s, and the density by 2 g=cm?3. For
the purposes of e ective comparative analysis, the dispersion discrepancies are normalized
by dividing by the respective perturbation magnitudes.

The sensitivity of multimode Rayleigh-wave phase velocity with respect to shear-wave ve-
locity, primary-wave velocity, and density are shown in Figure 2.1, Figure 2.2, and Figure 2.3,

respectively.
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Figure 2.1: Sensitivity of Rayleigh-wave phase velocity with respect to shear-wave velocity.
(a) Multimode phase velocity. (b), (c), (d), (e), and (f) are the sensitivity of each mode.

In these gures, Figures (a) show the dispersion curves generated employing the prop-

agator matrix method. Figures (b)-(f) delineate the sensitivity of phase velocity ranging
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Figure 2.2: Sensitivity of Rayleigh-wave phase velocity with respect to primary-wave velocity.
(a) Multimode phase velocity. (b), (c), (d), (e), and (f) are the sensitivity of each mode.
from the fundamental to the fourth order mode. From Figure 2.1, it is observed that the
Rayleigh-wave phase velocity exhibits a direct positive correlation with the perturbation in
Vs. Notably, the higher modes demonstrate increased sensitivity towards the deeper strata,
indicating that the inclusion of higher modes in inversion processes could potentially en-
hance the resolution of the subsurface pro le. Furthermore, the dispersion curves at lower
frequencies are particularly responsive to alterations in the deep layers.

Conversely, Figure 2.2 displays a pattern analogous to that of Figure 2.1, wherein data at
lower frequencies are more signi cantly a ected by the deeper layers. However, disparities are
present, such as the di erential sensitivities observed between the fundamental and higher
modes, with the higher modes exhibiting markedly reduced sensitivity in comparison to the
fundamental mode. Additionally, the extent of sensitivity di ers considerably. Given that
the results have been normalized, the comparison of sensitivity levels is meaningful. In the

context of shear-wave velocity analysis, the scale of sensitivity is set between 2 10 3 and
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Figure 2.3: Sensitivity of Rayleigh-wave phase velocity with respect to density. (a) Multi-
mode phase velocity. (b), (c), (d), (e), and (f) are the sensitivity of each mode.

2 10 3, whereas for primary-wave velocity analysis, the scale ranges from 2 10 * to

2 10 4.

In Figure 2.3, it shows a staggered pattern of positive and negative sensitivity. The
higher modes appear to probe deeper into the subsurface. The sensitivity scale for density
spans from 5 10 ®to5 10 °. Upon comparison, it becomes evident that the sensitiv-
ity ratio between shear-wave velocity, primary-wave velocity, and density is approximately
40:4:1. This disparity in sensitivity levels across di erent elastic parameters substantiates
the rationale for inverting solely the shear-wave velocity using the Rayleigh-wave phase ve-
locity data. Since meaningful conclusions have been obtained from the above test, thus, the
sensitivity with respect to primary-wave velocity and density will not be discussed in the

following sections.
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2.3.2 Rayleigh-wave group velocity

The sensitivity of Rayleigh-wave group velocity with respect to shear-wave velocity is shown
in Figure 2.4. The Rayleigh-wave group velocity has two fewer points in frequency than
the phase velocity, as it takes derivative. In Figure 2.4, the pattern is similar to the phase-
velocity case, except that both positivity and negativity are shown in the sensitivity analysis.
To be more speci c, the perturbations in the deep layers have a negative in uence on the
multimode group velocity dispersion curves, while the perturbations in the shallow layers

have a positive in uence. The sensitivity level is on the same scale as the phase velocity

case.
450 Fundamental mode sensitivity %107 0 First mode sensitivity %107
e m— 2 _,_-—'E——_— 2
© 400 20 20
£ 1 1
2350 E E a0
) s 05 0
g300 % 60 % 60
o o a
3
[ K -1
o 250 80 80
M b c
200 ( + - - . 100 ( ) -2 100( ) -2
0 10 20 30 40 50 0 10 20 30 40 0 10 20 30 40
Frequency(Hz) Frequency (Hz) Frequency (Hz)
Second mode sensitivity x210'3 0 Third mode sensitivity 210'3 0 Fourth mode sensitivity x210'3
= .,-5==|='=- _,:gﬂ-—
20 20 20
1 1 1
£ E a0 E 40
£ 0= 0s 0
& & &
3 60 3 60 4 60
1 -1 1
80 80 80
d e f
100 ( ) 2 100 ( ) -2 100 () -2
0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
Frequency (Hz) Frequency (Hz) Frequency (Hz)

Figure 2.4: Sensitivity of Rayleigh-wave group velocity with respect to shear-wave velocity.(a)
Multimode group velocity. (b), (c), (d), (e), and (f) are the sensitivity of each mode.

2.3.3 Rayleigh-wave phase velocity derivative

The sensitivity of the Rayleigh-wave phase velocity derivative with respect to shear-wave

velocity is shown in Figure 2.5. Figure 2.5 seems to show higher sensitivity of phase velocity
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Figure 2.5: Sensitivity of Rayleigh-wave phase velocity derivative with respect to shear-wave
velocity.(a) Multimode phase velocity derivative. (b), (c), (d), (e), and (f) are the sensitivity
of each mode.

derivative to deep layers, especially the high modes. However, staggered positive and negative
responses of the dispersion curve with positive perturbations are displayed. One signi cant
advantage of the Rayleigh-wave phase velocity derivative is the sensitivity scale is large,

which is 25 times of the phase velocity.

2.3.4 Rayleigh-wave group velocity derivative

The sensitivity of Rayleigh-wave phase velocity derivative with respect to shear-wave velocity
is shown in Figure 2.6. The Rayleigh-wave group velocity derivative shows a similar pattern
with group velocity in the same scale. We draw the sensitivity at 10 Hz for all these four
types of observing data.

It is evident from Figure 2.7 that the sensitivity scale of the phase velocity derivative
is considerably larger than that of the other parameters. Therefore, the adoption of phase

velocity derivative as the observational data is deemed an appropriate strategy. However,
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Figure 2.6: Sensitivity of Rayleigh-wave group velocity derivative with respect to shear-wave
velocity.(a) Multimode group velocity derivative. (b), (c), (d), (e), and (f) are the sensitivity
of each mode.

an inversion relying solely on the fundamental mode may yield ambiguous results due to the
non-uniform sensitivity across depth. It is thus advisable to integrate higher modes in the
inversion to impose additional constraints on the model parameters.

In terms of inversion techniques, a preliminary evaluation has been performed comparing
trans-dimensional inversions using Rayleigh-wave phase velocity and phase velocity deriva-
tive (Dettmer et al, 2010). The evaluations suggest that in the absence of noise and with
equal iteration counts, the phase velocity derivative tends to produce less ambiguous results
than phase velocity, attributed to its heightened sensitivity to shear-wave velocity. When
Gaussian noise is introduced to the phase velocity, and the derivative is subsequently cal-
culated from this perturbed data, the inversion based on phase velocity proves to be more
robust than that using the derivative. This reduced stability in the results from the phase ve-
locity derivative could be a consequence of the noise interacting with its two-sided sensitivity,

as well as the limited data set, which might not re ect a truly Gaussian distribution.
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Figure 2.7: Sensitivity of four types of observing data to shear-wave velocity. (a) Phase
velocity. (b) Group velocity. (c) Phase velocity derivative. (d) Group velocity derivative.
The analysis of the sensitivity of Rayleigh-wave dispersion curves to various subsurface
model parameters has been carried out, encompassing primary wave velocity, shear wave
velocity, and density. The sensitivity levels pertaining to these parameters appear to ad-
here to a ratio of approximately 4:40:1. Additionally, the investigation into di erent types
of observational data | speci cally, Rayleigh wave phase velocity, group velocity, frequency
derivative of phase velocity, and frequency derivative of group velocity | reveals that the nor-
malized sensitivity levels to shear-wave velocity align to a ratio of approximately 1:2:12:2.
Consequently, the frequency derivative of phase velocity demonstrates the highest sensitiv-

ity to the subsurface shear-wave velocity. However, it is noted that unlike phase velocity,
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which exhibits one-sided sensitivity, the other three types of data show two-sided sensitivity.
The exclusion of higher modes in the inversion signi cantly exacerbates the non-uniqueness
issue in the solutions. Thus, this aspect must be considered when approaching the inversion
process. Both phase velocity and its derivative possess distinct advantages and limitations.
Future research might investigate strategies that integrate both data types or apply an in-

terleaved inversion approach.

2.4 Trans-dimensional inversion of multimode surface-
wave dispersion curves

Seismic surface-wave data are a rich source of information about the near surface (Kennett,
1976; Rix et al, 2001; Xia et al, 1999). Surface waves, which in general comprise combinations
of Rayleigh and Love modes, produce relatively large amplitudes in active source surface
seismic surveys, and are dispersive in the presence of vertical variations in shear-wave velocity.
Surface wave dispersion curves, estimated from the seismic time series, are commonly used to
extract S-wave velocity information as a function of depth (Haskell, 1953; Takeuchi and Saito,
1972). The development of spectral analysis of surface waves (SASW) and MASW methods
has made surface-wave dispersion inversion (SWDI) a common tool for determining shear-
wave velocity models for geotechnical site characterization (Miller et al, 1999; Park et al,
1999). Beyond its geotechnical application such as geohazard assessment and hydrogeological
investigations, in land seismic applications, high resolution estimates of weathering-layer
velocities are important both for standard elastic static corrections, ground-roll prediction
and removal, and serve as prior information and/or starting model information for more
modern types of seismic waveform inversion (Dulaijan and Stewart, 2010).

Several challenges associated with SWDI have to date been incompletely solved, and
remain at least partially in the domain of basic research. High on this list is the creation

of tools for quantitative uncertainty analysis of the model parameters. Trans-dimensional
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(TD) Bayesian formulations appear to have signi cant potential here. For instance, uncer-
tainty analysis can be conducted by estimating posterior probability densities (PPD) (Meier
et al, 2007), suitable model sizes (i.e., numbers of subsurface layers) can be automatically
explored (Sambridge et al, 2006), and data error can be cautiously estimated via Bayesian
hierarchical error models, or using iterative processes (Dettmer et al, 2007, 2012). In each
case, TD inversion has been reported as successful in data treatment/model estimation. In
addition, compared with linearized inversion methods, this nonlinear method requires fewer
assumptions and can yield more objective solutions, encompassing all possible models and
reducing the chance of problems associated with local minima.

Higher-mode dispersion curves, which normally involve di erent frequency ranges and
penetration depths, in principle enhance the shallow and deep area resolution simultaneously.
At any given frequency, the higher the dispersion curve mode, the deeper the parameter sen-
sitivity; simultaneously, the higher modes normally extend into higher frequencies, bolstering
the dataset’s ability to constrain shallower parts of the model (Beaty et al, 2002; Feng et al,
2005; Li et al, 2012; Pan et al, 2018). Lots of research on multimode dispersion inversion
on global scales has proved the signi cance of incorporating higher modes (Yoshizawa and
Kennett, 2002; Lebedev et al, 2005; Priestley et al, 2006; Lu et al, 2007; Visser et al, 2008;
Lebedev and Van Der Hilst, 2008; Ho et al, 2016; Moulik et al, 2022), which also makes it nat-
ural to implement on engineering scales. Furthermore, in eld data, bandwidth limitations,
interference from neighbouring modes, and noise, produce a high risk of misidenti cation, or
omission, of dispersion curves, which greatly degrades inversion results. Spectral resolution
can be improved with iterative least-square transform processes (Luo et al, 2009), but modal
absence and neighbouring interference issues remain a serious challenge. A more complete
analysis of potentially useful signal processing methods, such as that of Xu et al (2012)
for Lamb waves, is needed. Hence, while progress on this extended type of SWDI has been
made (Killingbeck et al, 2018; Xu and Beghein, 2019), multimode SWDI remains challenging

in practice due to di culties in multimode identi cation and picking.
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Possibilities in SWDI have also been expanded with the introduction of Distributed
Acoustic Sensing, or DAS (Bostick 111, 2000; Johannessen et al, 2012; Posey, 2000; Masoudi
et al, 2013; Daley et al, 2013). DAS technology has advanced rapidly in recent years, and
now is regularly applied in microseismic monitoring (Karam et al, 2013; Cole et al, 2018),
vertical seismic pro ling for reservoir monitoring (Mestayer et al, 2012; Daley et al, 2013,
Mateeva et al, 2014; Hall et al, 2019), near surface monitoring (Dou et al, 2017; Ajo-Franklin
et al, 2019; Cole and Karrenbach, 2019; Song et al, 2021), and time-lapse monitoring (Dou
et al, 2016). In addition, methods for including DAS data in seismic imaging (Bakulin et al,
2018; Monsegny et al, 2020) and full waveform inversion (Egorov et al, 2018; Eaid et al, 2020;
Liu and Li, 2021; Klaasen et al, 2021) have been reported. DAS can replace or complement
standard geophones and accelerometers, by being deployed in trenches, and in borehole
environments not easily accessible by geophones. These con gurations in principle enable
dense spatial sampling, which is important for low velocity waveforms. Additionally, DAS is
sensitive to low seismic frequencies, in the millihertz range in some cases (Jin and Roy, 2017;
Becker et al, 2018; Becker and Coleman, 2019; Paitz et al, 2021). E ective spatial sampling
is sensitive to the gauge length associated with the DAS interrogator, however, for SWDI
applications, where gauge lengths are typically well under half the wavelength (Dean et al,
2016), this does not constitute a limitation. Horizontal (e.g., trenched) acquisition geometries
have received some attention (Daley et al, 2013; Hornman, 2017), but such applications are
still relatively few.

The Containment and Monitoring Institute Field Research Station (CaMI-FRS) in Newell
County (Figure 2.12 (a)), Alberta, Canada, is a unique facility designed to support the de-
velopment of monitoring and veri cation technologies related to carbon capture and storage,
and other containment and conformance requirements (such as CO, enhanced oil recov-
ery)(Lawton et al, 2019). At the FRS, small and controlled amounts of CO, are being
injected into the shallow Basal Belly River Sandstone Formation at 300 m depth. A variety

of geophysical sensing technologies have been deployed at or near the surface of the 1 km

34



by 1 km facility, or within one of the two observation wells, to facilitate development of
monitoring methods. This includes a 3D array of 3C geophones (Lawton et al, 2015); 3
permanent mounted vibratory sources (Spackman and Lawton, 2018); 7 broadband seismic
stations (Stork et al, 2018); and a 5 km loop of both straight and helically-wound DAS bre,
and 2 observation wells (Gordon and Lawton, 2017, 2018; Hall et al, 2017; Lawton et al,
2018; Hall et al, 2018). The DAS bre includes a 1.1 km horizontal section in a trench that
is considered in our work. In 2018, a surface wave data set was recorded for source positions
along the 1.1 km trenched segment of the DAS bre. These data provide us with an oppor-
tunity to study the estimation of S-wave velocity models using multiple surface wave modes,
sensed by the DAS bre, by applying a TD Bayesian inversion methodology.

In this paper, | apply TD inversion with multimode dispersion curves as input, and
produce objective and quantitative model estimates (i.e., the PPD of the model parameters)
as output. The approach treats model size as unknown, and explores the parameter space
through reversible-jump Markov Chain Monte Carlo (MCMC) sampling. As higher mode
dispersion curves are incorporated, new likelihoods are calculated as the likelihood products
of the di erent modes, and the reduction of uncertainties at all depths are observed. To
avoid collecting abnormal model samples with thin-interleaved high- and low-velocity layers
based on the known geological information of the eld site, 1 employed constraints that
preclude the structures that have velocity drops over 100 m/s along depth. Data errors
are estimated via a non-parametric iterative process in terms of covariance matrices that
include o -diagonal elements. Synthetic example shows that SWDI with higher-order modes
provides additional constraints on the structure and accurate noise estimation. Inversion of
the eld data resulted in high-resolution estimates of shear-wave velocity as a function of
depth throughout the top 120 m of the subsurface. The inferred structure is consistent with
existing estimates of the regional lithology, but resolves additional layers between 1- and 50-
m depth. To improve the rate of convergence, parallel tempering (Earl and Deem, 2005) was

applied which helped avoid local minima through allowing dynamic state exchanges between
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various Markov chains with di erent tempering parameters. The data covariance matrix is
estimated from the auto-covariance function of data residuals (Dettmer et al, 2007). This full
approach is rst tested on simulated data, and then applied to the CaMI-FRS trenched DAS
data. In the eld data case, mode separation is carried out through a combination of Fourier
transform and dispersion compensation prior to the inversion. The results were assessed
by comparing shear-wave velocity PPDs obtained from fundamental mode dispersion curves

and multimode dispersion curves.

2.4.1 Theory and method

The CaMI-FRS DAS data are in units of strain-rate, as opposed to particle displacement
or velocity. This in principle can in uence dispersion curves (Benio , 1932; Mikumo and
Aki, 1964), but the velocity in the immediate vicinity of the trenched bre at the CaMI-
FRS is approximately constant, and in fact no obvious slope variations have been observed
between DAS data and DAS-to-geophone conversions. Thus, the physical nature of the DAS

measurement has negligible in uence on the dispersion-curve picking | carried out.

Mode separation

Besides forward modeling errors due to heterogeneity, attenuation, etc., dispersion curve
picking accuracy is a ected by data bandwidth, noise, and modal interference among neigh-
bour modes, as they appear in traditional velocity-frequency spectrum displays. Picking
inaccuracy and limited frequency range bring about bias and uncertainty increases within
posterior results. To expand the picking range and avoid the mode interferences simultane-
ously, I employ a combination of Fourier transform and dispersion compensation (Xu et al,
2012) for the DAS data mode separation.

Let d(t) represent the measurement at one channel location along the DAS bre. These

data are Fourier-transformed to produce the frequency spectrum at that channel, D(!). Here
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an initial separation is conducted, and the i th mode in D(!), namely D;(!), is extracted

Di(Y) =D(H)W;(1); (1=0;1;2:2); (2.15)

where W; is a cosine taper function designed to isolate the i th mode, after which the
Di(1) are inverse Fourier-transformed, producing time domain signals containing roughly
separated surface wave modes. These initial separation results are then subjected to a
dispersion compensation process (Xu et al, 2012), which further enhances the separation
of multi-modes in low frequency. Using this method, the data were phase-shifted with the
velocity of a certain mode, and window Itered to minimize the interference of other modes,
and then | reversely shifted the Itered data with the same velocity. The detailed scheme is
shown below.

As the source was placed inline with the bre, and no obvious anisotropy was found from
the two horizontal components of the collocated geophone data, the collected data are mainly
Rayleigh waves, which can be treated as an amplitude and phase modi cation of a broadband
source F(1). The surface wave response of the i th mode, S;(!), after propagation through

the o set X, can be expressed as

Si(H=ATi(HF(Y); (i=0;1;2:); (2.16)

where A; is the amplitude, Ti(!) =exp  jkj!x is the phase shift term with the wavenum-
ber ki(!) being a function of the phase velocity and x being the o set. | assume that the

i th mode of the measured data is a mixture of this response and a noise term N;(!)

Di(1) = Si(1) + Ni(1); (2.17)

where N; comprises true seismic data noise and other interfering modes. These variations

tend to exhibit di erent apparent velocities from those of the target mode. Dispersion
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compensation takes advantage of this to separate S from noise N in D, through a forward and
reverse phase shifting of the seismic data with the selected phase velocity of a target mode.
By multiplying through with T, (1) = exp jk;!x , using an approximate target-mode
phase velocity picked from the raw velocity-frequency spectrum, a new shifted seismogram

can be obtained as shown in Figure 2.14b.
Di() =T, "(MDi(*)  AF(H)+T; *(HNi(): (2.18)

As | shifted the data with the picked velocity of the target mode, velocities of noise or
interfering modes are either under-shifted or over-shifted. Undesirable contributions to D; (1)
are removable by cosine-taper Itering. Slight manual picking errors of the compensation
velocity do not exert in uences on the results as the forward and reverse shifting utilized
the same velocity values. Besides, a loose tapering window were adopted to guarantee the
target-mode data were well reserved. Using this method, clear dispersion curve for each

mode can be obtained one by one.

Multimode TD inversion

In Bayesian inference (Tarantola, 1987, 2005a; Duijndam, 1988a,b; Ulrych et al, 2001), the
PPD is de ned as
P(mjd)/ZL (djm)P (m); (2.19)

where d contains the dispersion curve data de ned above, and m are model parameters,
namely the shear-wave velocity, density, and the ratio of compressional-wave velocity to
shear-wave velocity Vp=Vs. In equation (5.3), P (mjd) is the PPD, and P (m) is the model
prior probability density. L (djm), the likelihood function given a certain subsurface model

m, can be written

Y

. 1 1
L (djm) = BW exp zriTCdilri ; (2.20)

38



where i is the mode index for a total of S moodes, and r; are the data residuals, the di erence

between the measured dispersion curves d; and the predicted data df(m), expressed as
ri=di dj(m); (2.21)

and Cg, is the data covariance matrix for mode i. This formulation assumes that the noise
in d; is statistically independent (Li et al, 2012).

The Bayesian inference formulation also requires some assumptions about the statistics of
data errors. Here, normally-distributed, correlated errors are accounted for with an iterative
inversion process (Dettmer et al, 2007). The errors are initially assumed to be independent
and normally-distributed, with variances proportional to data magnitudes. Covariance ma-
trices are subsequently estimated from toeplitzing the autocovariance of data error residuals
through the following Equation 2.22 (Dettmer et al, 2007).

1 NXl

Cj :N . (rj+x D 1); (2.22)

where j is the element index for the autocovariance vector, k represents for the distance lag
between elements, N is the total data number for each mode.

The SWD problem is non-unique both with respect to combinations of model parameter
values and model size (i.e., number of layers). In TD inversion, the model size is treated
as an additional unknown and included in a hierarchical Bayesian model (Dettmer et al,
2010). Thus, the uncertainty associated with the unknown number of layers is included in

the posterior. The posterior for such models becomes

o P (K) P (djk; my) P (myjk) _
wok g P (K P (djk’ mig)P (mi,jk?) dmi,’

P (k; mjd) = P (2.23)

where k is the number of layers and the denominator represents a normalizing constant. P (k)

is the prior for k, which is in a group of xed-dimension spaces K. | apply the Metropolis-

39



Hasting-Green acceptance probability (Green, 1995; McKeague and Tighiouart, 2002) for

accepting or rejecting a transition from current model my to a proposed model mi,

P (K mie) P (djk’s ko) Q7 (ki mygk's mi) .

=min 1; . - ;
P (k;my) P (djik; myx) Q? (k% mdsjk; my)

(2.24)

where Q7 is a proposal distribution. jJj is the Jacobian of transformation from (k; my) to
a perturbed state (k% mi,). The layer number k is involved in the likelihood P (djm) and
proposal distribution ratios Q?. Even accounting for prior knowledge makes all inferences
from the data relative to this prior, when | assume unobtrusive prior knowledge by setting
priors to uniform distribution with wide bounds, | do not consider the inherently unphysical
parameter k a major limitation of TD methods and the nal models will be dominated by
the data. Through appropriately choosing the proposal distributions for dimension jump,
analytic expressions for jJj can be derived (Green, 2003; Hopcroft et al, 2007). In the TD
inversion with rfMCMC in this research, the birth-death scheme (Malinverno, 2002) was
adopted, in which case the jJj is unity.

Dispersion curves’ relative insensitivity to low-velocity layers (LVLs) can cause large
uncertainty with unreasonable models in the collected samples (Liang et al, 2008; Mi et al,
2018). For example, results may include interleaved extremely low- and high-velocity layers.
Such models are inconsistent with the stratigraphy of the study site. Therefore, |1 employ
an additional constraint when proposing velocity values which does not strictly satisfy Eq.
(2.24) but is required for stability. In Appendix A, | demonstrate that this constraint has
modest impact on the prior assumptions | make and does not signi cantly bias inferences.
Speci cally, proposed models are rejected if they include negative velocity contrasts of more
than 100 m/s.

Parallel tempering is applied to allow the Markov chains to explore the parameter space

more widely and converge more e ciently. The acceptance criterion for state exchanges
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between chain pairs is " #
L (mn) n |

— H 1. .
pT = MIN 1 L(m,) ;

(2.25)

where | and | are tempering parameters with 1 0, and n and | are indeces for a

pair of two Markov Chain picked at random (Dettmer et al, 2012).

2.4.2 Simulation results

| applied the method to simulated data from a geological model comprising three layers
over a half-space. The true layer shear-wave velocities are 200 m/s, 400 m/s, 600 m/s, and
800 m/s from top to bottom. As the dispersion curves are relatively insensitive with respects
to Vp, thus the inversion for Vp=Vs is not of the focus of this research. Here a physically
reasonable constant value, which is 1.8, is assumed for the Vp=Vs. The prior probability
for Vs is uniform distributed with a physically reasonable range. The density values were
calculated through empirical relation between velocity and density (Brocher, 2005; Boore,
2015). In this work, I set the layer number prior k to [2, 30], which I think is reasonable and
wide bounded according to previous eld background information. The frequency range for
the simulation was chosen to be 0.5-25 Hz, with an interval of 0.5 Hz. The GPDC function
in Geopsy (Wathelet, 2005), which is an open source software for geophysical research and
application, was used to generate dispersion curves with frequency ranges of [0.5, 20] Hz, [5,
22.5] Hz, and [10, 25] Hz, for the fundamental, rst higher-order, and second higher-order
modes, respectively.

The nal simulated data were produced by adding correlated random noise to the dis-
persion curves. The correlated noise was obtained by multiplying a Gaussian random vector
with the lower-triangular part of the Cholesky decomposition of a correlation matrix, con-
structed with a correlation that decays with larger lags. The noise calculation was initially
carried out through construction of a covariance matrix with entries Cj; = i jr W

where ; and ; are the standard deviations of the corresponding data points, and r is a
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Figure 2.8: Simulated noisy data and noises for multimode dispersion curves: (a) the true
and noisy data, (b) noise for the fundamental mode, (c) noise for the rst mode, (d) noise
for the second mode.

scaling factor controlling the correlation lengths. The standard deviations are computed as

=  + ad;j, where , is the standard deviation of a random process, and a is a scaling
factor. The ,, aand r values are set to 8 m/s, 0.01, and 0.7, respectively. After multiplying
a vector of Gaussian random numbers with the Cholesky decomposition of the covariance
matrix C, correlated noise is obtained. The noisy data and errors for multimode dispersion
curves are plotted in Figure 2.8. Uniform priors are applied with bounds of [0.01, 100] m,
[1.42, 2.0], and [2, 20] for layer thickness, Vp=Vs, and noise standard deviation respectively.
Layer numbers were explored from 2 to 30 within a xed depth range of 100 m. A gradually
increasing background shear-wave velocity was employed, and an exploration range of [-200,
600] m/s around the reference velocity that was selected a priori. The reference velocity
values were obtained through linear interpolating 4 physically-reasonable depth-increasing
velocity values at di erent depths. Thus the shear-wave velocity values at all depths can be
proposed and explored in a wide range with reasonable values.

To compute the results, twenty processors were used, each generating a single Markov
chain, among which ve start with the temperature T=1 (e.g., Dettmer et al, 2010), and

fteen start with higher temperatures as assistants. A total of 400,000 iterations were com-
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sities (colour scale) and true model (dashed) for shear-wave velocity with single fundamental
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(dashed) for shear-wave velocity with three modes, (¢) The posterior distribution of inter-

faces for the fundamental-mode inversion, (d) The posterior distribution of interfaces for the
multi-mode inversion.
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Figure 2.10: True and estimated errors for fundamental mode (left), rst higher order mode
(middle) and second higher order mode (right) data: (a-c) True data covariance matrices,
(d-f) inversion estimates.

puted, and the last 100,000 samples are collected as the posterior sample which approximates
the PPD. Convergence was examined by monitoring likelihood updates.

I consider two simulation cases: (1) Inversion of fundamental-mode data, and (2) in-
version of three modes, including fundamental mode and two overtones. The shear-wave
velocity pro le marginal densities for these cases are plotted in Figure 2.9. In Figure 2.9a,
the fundamental-mode results exhibit of three prominent layers, each with signi cant uncer-
tainty that is on the same order as the velocity contrasts themselves. In Figure 2.9b, the
multimode results exhibit signi cant improvements in resolution. Uncertainties for velocities
and locations of discontinuities are generally low and an additional interface at 30 m is

resolved. A reduction in uncertainty in the shallower regions of the model is also clear. |

44



(a) 700 ' © Observed data || (b) ' (]
—True data 0 02 04 06 08 1
— probability
©» 6001
E
2500
o
i)
)
> 400 [
(]
%)
©
& 300+
200+ =
©OGH0000
5 10 15 20 25 5 10 15 20 25
Frequency (Hz) Frequency (Hz)

Figure 2.11: Range of data predictions for the PPD compared to the synthetic observed
data: (a) Singly fundamental mode (Colorful stripes are the predicted data from collected
models), (b) Three modes.

observe that the number of resolved layers is distributed around the true value, and less
uncertain (Figure 2.9c and d).

In the above result, the noise is assumed to be unknown. The noise is estimated by a
non-parametric iterative process (Dettmer et al, 2007). The nal noise estimates are plotted
in Figure 2.10 for the three-mode inversion, with (a-c) showing the true covariance matrices
and (d-f) the estimated covariance matrices. These results show that the iterative procedure
is able to capture most correlations.

The predicted data generated for the posterior sample are plotted against the input data,
for the single-mode inversion (Figure 2.11a), and for three-mode inversion (Figure 2.11b).
Given the close match, | conclude that the uncertainty in the results in Figure 2.9 is pri-
marily a consequence of data limitations and the intrinsic data-model relationship, and that

inversions have converged.
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2.4.3 DAS eld data application

In 2018 the Consortium for Research in Elastic Wave Exploration Seismology (CREWES) at
the University of Calgary carried out a seismic eld experiment at the CaMI-FRS (Hall et al,
2019). The experiment was primarily a multi-o set, multi-azimuth vertical seismic pro le
survey, involving simultaneous illumination of surface geophones, borehole accelerometers,
and the 5 km loop which includes straight and helically-wound DAS bre (Figure 2.12) (Law-
ton et al, 2018). The loop includes trenched horizontal segments at 1.3 m depth, and verti-
cal borehole segments extending from surface to 300 m depth. The source was an INOVA
Geophysics Univib, which provided two 1-150 Hz sweeps over 16 s, with 0.2 s half-cosine
tapers and a 3 s listen time, at each source point. A trench-deployed surface wave data set
emerged from this experiment, from source points which lie along the 1.1 km horizontal and
trenched segment of the bre loop. In this study, seismic records from seven source points
along the trenched bre starting from the rst source point to the southwest end were used.
The DAS data were acquired with a Fotech interrogator, with a nominal gauge length of
10 m and a channel spacing of 0.67 m. The source and sensor con guration is illustrated
in Figure 2.13a. In Figure 2.13b, an example record is displayed. Visually, surface waves
dominate and comparatively little re ected or refracted wave energy appears. Inspection of

the frequency-wavenumber spectra suggest the presence of multi-modal Rayleigh waves.

Field data results

Seven seismic records from closely-spaced source points in the experiment described above
were averaged to produce our eld data, while the signal-to-noise ratio (SNR) of one single
shot is also high. The data and its corresponding velocity-frequency spectrum are plotted
in Figure 2.13b and c. For comparison, a shot record involving the same source points
recorded on geophones is also shown (Figure 2.13e and f). In Figure 2.13b and e, 1 rep-
resents the fundamental mode, 2 represents the rst higher-order mode, and 3 represents

the second higher-order mode. The dashed white lines show the boundary of the fundmantal
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Figure 2.12: General information of the eld research station and geometry, (a) the location
of CaMI Field Research Station, (b) the layout of the DAS bre and VP sources.

modes in the seismograms. The part indicated by red dashed line in geophone shot seismo-
gram(Figure 2.13e) is unique compared with the DAS data, which | believe is the airwave as
the geophones were placed at the surface while the DAS bre was buried in the trench. The
DAS data are unaliased because of the dense channel spacing, and have a bandwidth that
extends to 6 Hz. In particular, Rayleigh wave modes exhibiting high signal-to-noise ratios
are evident. In comparison, the geophone data appear aliased, and have lower bandwidth,
diminishing below 10 Hz (due to geophone design). In Figure 2.13c, clear multimode dis-
persion curves are shown, while in Figure 2.13e and f, higher order modes are unclear and
distorted due to low SNR.

Following the approach described in the methodology section, the data were mode-
separated and Itered. Their spectra are plotted in Figure 2.14. Through subsequent disper-
sion compensation and additional Itering, mode picking was possible, as illustrated in the
plots in Figure 2.14c, f, and i. The fundamental mode dispersion curve is most continuous,
and permits picking to lower frequencies. The rst and second overtones are also resolved

well but over a narrower range of frequencies. For each mode, six control points were picked
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