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ABSTRACT

Full Waveform Inversion (FWI) is a powerful seismic imaging technique used to
reconstruct higiresolution velocity models of the subsurface. It relies on the inversion of
seismic data acquired from multiple sources and receivers to estimateethanical
propeties of geologic materials and can be used to detect anomalous subsurface conditions.
The accuracy of FWI results is influenced by various factleged to the workflow used
for its implementationThis includesthe survey parameterthie mathematical fimework
of the inversion,and the complexity of the subsurface conditomodeled during the
inversion processTherefore, it is crucial to have a fundamental understanding of the
interplay between these factors and their impact on the accuracy of tmstrected
model, particularly given the effects of these factors on computational Tostss an area
that has been understudied within the context of near surface geotechnical applications for
anomaly detection, which is an application that presenitguanchallenges relative to
seismic exploration for hydrocarbons where FWI has been more fully deve(opedey
aspecthat has not received sufficient attention is the impact of survey parameters on the
accuracy of FWI results. The lack of formal reshan this topic may lead toear surface
FWI studies that use more seismic sources than required for subsurface feature
reconstruction, which results in data collection and computational inefficiencies. The
selection of misfit function and starting modek also essential factors influencing the
reliability of the reconstructed model. Tpaysics employed foforward modeling can
also affect the ability to simulate wave propagation in the domain of interest. These factors
have significant implications farearsurface applications of FWI, and further research is

required to explore their interplay amdprove FWI workflow.



Given the gaps in the current implementation of Fa¥eotechnical applications
this research will explore the role of parameterratind workflow on FWI resultwhen
applied to anomaly detection in karst conditiomkis will includeselection of arFWI
workflow that can improve the feasibility Béldwork and reduc¢heprocessing time. The
research will investigate four key factors of the FWI workflow (i.e., survey design, initial
model, misfit function, and forward modeling physics) for detection of sinkholes using
numerical and field testing in different subsurfaceditons. Overall, the outcomes of this
research will help practitioners with more appropriate choices in the FWI process and

consequently promote its high potential in near surface applications.
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CHAPTER 1

INTRODUCTION

1.1 Problem Statement

Full Waveform Inversion (FWI) is a technique used to evaluate subsurface
characteristics, including density and velocity, through the analysis of seismic waves
measurements. The process involves comparing measured seismic waves with synthetic
waves that & generated using a computer model of the subsurface. The objective is to
minimize the difference, also known &misfito between the two sets of waveforms to
update the subsurface model and enhance the precision of the parameters. The properties
of the reorded waves are impacted by several factors, such as geological conditions and
survey parameters. Additionally, the selection of forward modeling and inversion
parameters significantly affects the accuracy of the analysis of input waveforms. Achieving
a favorable outcome through FWI therefore demands an understanding of the interplay
between various factors and striking a balance between complexity and computational
costs. This is particularly relevant in cases where the subsurface conditions are quite
hetrogeneous and contain anomalous conditions that result in complex wavefields.

It is widely published that the FWI technique acquires a-fodgh distribution of
seismic sources and receivers as is typical for seismic refleefiactiontesting. This
ensures the abilitpf FWI to capture the complex characteristics @uasurfacenodel
However, despite significant research efforts focused on enhancing data processing,
imaging, and inversion techniqué¢sloghaddamet al. 2013, Brittan and Jones 2019,
BernalRomeroand Iturraral i ver os 2 0 2 1 etal.R022) thdre hBsdéer lesh t

emphasis on improving survey design, wghlneralizedprocedures being commonly



utilized no matter the complexity of the underlyingpdel Additionally, data redundancy
is frequently proposed as a solution to address the inherent limitations of FWI, but this
approach can lead to substantial extra costs, particularly when carrying owtdalg&ests
(Romdhane and Eliasson 202Mlthough thee is limited research omow many
sources/receivert® usefor near surface FWI applications, the current literature does not
clarify how this may chang#r scenarios involving the presence of sinkholes in the
subsurface. Previous investigations condilidy Maurer et al. (2009 on crosshole
surveys have suggested that a high density of spatial sampling is unnecessary for FWI
problems, andNuberet al. (2017 arrived at the same conclusion for a simple surface
based survey on a model with increasing velocity. However, it is uncert@ther these
findings can be applied to scenarios involving sinkhole anomalies. The wavefields caused
by sinkholes and karst conditions are more complex and exhibit reflections from
underground anomalies that are more prominent than in typical velociasiag profiles.
Another issue that prevents the effective use of FWI is thecaowexity of the
often employed leastquares (L2) misfit function. Owing to the limitations of modern
high-performance computing platforms, the FWI process uses local aption
techniques to refine the starting model. As a result, if the utilized initial model is too distant
from the global minimum, FWI tends to converge toward a local minimum that may not
be geologically relevant. This phenomenon is known as -gkifging in which the time
shift between the synthetic and observed waveforms is larger than half of one period
(corresponding to the dominant frequen¢y)rieux and Operto 2009a)lo mitigate its
risk, data hierarchy approaches like mattale frequency introduction or temporal

selection (windowing) have been suggested and impleméBtetkset al. 1995, Sirgue



and Pratt 2004)Although these techniques enhance the final convergence, they are still
inadequate in completely resolving the issue in intricate underground s€Rlaggset

al. 2017) Furthermore, the2 norm misfit function places equal weight on all parts of the
waveforms, including noisy or loamplitude components, which can lead taceurate
inversion results. One potential solution to the limitations olL.th@orm misfit function

is to use alternative misfit functions that can better handle the problem ofs&ymteng.
Among all the numerous suggested methods, the use of optanapbrt theorpased
approach has recently gained attention in the field of geophysics due to its ability to handle
shifts between data and potentially reduce the problem of local miM#étavier, Brossier,

and Meérigot 2016) While there have been some promising results in 1scgée
applications(Yang and Engquist 2017, Pongcett al. 2018) incorporation of optimal
transport into near surface problems still nekather research to fully understand its
potential. Overall, continued research and development in this area can help to improve the
accuracy and efficiency of neaurface imaging techniques.

Another related challenge in the conventional FWI process geitsitivity to the
starting model. Even with the recent advances in using more convex objective functions,
the dependence on the initial model still remains a critical issue. The initial model should
be kinematically compatible with the observed seistiaita, which means that the phase
of the primary seismic events should be predicted within half a period. This requirement is
necessary for the inversion to converge towards a plausible solution as incorrect phase
predictions can lead to significant errars the reconstructed model. Reviewing the
literature, there are three primary categories of FWI starting models commonly used,

namely constarn(Kallivokaset al.2013 Kucukcobaret al.2019) increasing linearly with



depth(Tran and McVay 2012, Doktet al. 2017) and those derived from other seismic
methods(Kohn et al. 2019, Wanget al. 2019) The effectiveness of each of these
approaches foraperating an FWI starting model in sinkhole applications has not been
explored.

In addition to the aforementioned issues, simplifying the physics of the wave
propagation used in forward modeling can lead to an incomplete understanding of
subsurface propges when implementing FWI. For example, elastic forward modeling
doesnot consider the contribution of intrinsic absorptadrgeologic materialsvhich can
significantly affectthe wave propagation in the medium. Therefore, the overreliance on
elastic modeling may result in a limited understanding of the true behavior of the
subsurface and its properties. To mitigate this issue, viscoelastic FWI can be implemented
and may improve the reconstruction of subsurface conditions when dealing with
uncasolidated sediments, complex geological structures, or subsurface environments with
significant heterogeneity. However, viscoelastic FWI also requires additional
computational resources and data compared to elastic FWI, so it is essential to assess the
specific requirements and limitations of each case before deciding to use viscoelastic FWI.
Such efforts have not been implemented for the specific case of anomalous conditions in

karst as would be encountered at sites with active sinkhole formation.

1.2 Scopeof Research

Currently, there is a lack of sufficient research on4seisiace FWI in the literature,
particularly as applied to sinkholes. Consequently, it is unclear the extent with which
typical FWI workflow as implemented in the oil and gas exploratraustry would

accurately evaluate subsurface void featurdise near surface as relevant for geotechnical



applications This study aims to enhance our comprehension in this area by investigating
the effects of survey design, initial model, misfit funaoti and the physics of forward
modeling on FWI results when applied to sinkhole evaluation. Wwasaccomplished by
undertaking an extensive numerical modeling study with a suite of subsurface conditions
indicative of sinkhole formation. Each of the nuioat models were evaluated
systematically using a range of FWI workflows and parametrizations to explore the role of
these factors in sinkhole evaluation and to identify inefficiencies and efficiencies in their
implementation. FWI workflow and parametetina weresimilarly examined in field data

at a site with an active sinkhole both before and after remediation efforts were
implemented. In this manner, this study intends to enhance our fundamental knowledge of

FWI and offer insights into its potential @ations to sinkholes.

1.2.1 Research Question 1

The first broad research questida be addressed in this studgnsists of the
following: What choices ispecific aspects dhe full waveform inversion workflow will
most affectreconstruction of a subsurfaskhole feature?

This questiorfocuses on identifying the choices in the FWI workflow tleatto
the most significaneffectsin reconstructing a subsurface sinkhole feature. The ability to
accurately reconstruct subsurface sinkhole features is essential for effective geotechnical
investigations, hazard assessments, and remediation strategies. However, FWI is a complex
and computionally expensive technique that requires careful consideration of various
factors, including the distribution of seismic sources and receivers, the parameterization of
the domain, and the FWI algorithm itself. Choosing appropriate settings for thess fac

is crucial for the accuracy of the anomaly detection, and there is ongoing research to



determine the optimal choices for different subsurface conditions and imaging objectives.
To address the concern, research question one is proposed, which isifuekgated
through the formulation of three hypothesHse hypothesis is that current practices often
use more seismic source locations than necessary, leading to inefficiencies with data
collection and computational costs. Additionally, thest comnonly used_2 normmisfit
functionis suggested to be an inappropriate choicadar surface heterogeneous settings
and selecting a starting model developed from MASW can lead to the most consistency
and accuracy in the reconstruction of the subsurfaie feature. By exploring these
hypotheses, this study aims to contribute to the development of more efficient and effective
FWI workflows for subsurface sinkhole detection and imaging.
1 Hypothesis 1:
For a given array geometry and number of receiversecupractice for FWI
studies often uses more seismic source locations than necessary to accurately
reconstruct anear surfacevoid feature, resulting in inefficiencies with data
collection and computational costs.
1 Hypothesis 2:
The L2 norm is an inappropte choice for FWI misfit function when
attempting to reconstruct mear surfacevoid feature due to the excessive
sensitivity to cycleskipping and complexity of the waveform field.
1 Hypothesis 3:
All other factors equal, selection of a starting modbelt is developed from
MASW will result in the most consistency and accuracy with whictear

surfacevoid feature can be reconstructed using FWI.



1.2.2 Research Question 2
The second broad research question consists of the following: How does the
incorporation of viscoelastic wave propagation affect the ability of full waveform
tomography to resolve near surface conditions in geotechnical applicatiamsd to
sinkhole®
Researchguestion two aims to investigate the effectiveness of viscoelastic wave
propagatdn in resolving neasurface conditions in geotechnical applications using FWI.
This question is critical since geologic materials exhibit inelastic conditions that introduce
attenuative effects during wave propagation. However, the use of elastic wpaggiron
in FWI is common due to the challenges and computational costs associated with the
incorporation of viscoelastic inversion parameters. To address this issue, the research
proposeghe followinghypothesis
1 HypothesisTheintroduction of a fixed viscoelastic damping factor during
FWI will improve the accuracy of shallow target reconstruction relative to
elastic wave propagation in cases whaghly attenuativelayey soilsare
present in the domain. These improvementdude enhanced void
detection resolution and depth in cases where the anomaly exdstsper
depths
The findings of this study will help to identify the best practices for selecting
seismic sources and receivers, choosing appropriate parameterizatiéi ealdorithms,
and incorporating viscoelastic wave propagation in geotechnical applications of FWI.
Ultimately, the identification of best practices for these key aspects of FWI will enable

more efficient and accurate underground imaging, which hadisaytiimplications for a



wide range of neasurface geotechnical applications. These include the detection of
sinkholes, characterization of shallow soil conditions for construction and infrastructure
projects, and identification of potential hazards ining and other subsurface operations.

The practical implications of the research are therefore significant, as they will help to

improve safety and reduce costs in these important areas.

1.3 Experimental Plan
Given the goals of this study, a comprehensive and-desiigned experimental
plan is necessary to test the corresponding hypotheses. In particular, several critical factors

haveto be carefully considered, including:

1 Choice of forward and inversion teahuoes

1 Workflow properties

1 Model complexity

1 Inverse problem

1 Validation

1 Logistical hurdles(e.g., site location, accessibility to the testing area,

equipment transportation, etc

Numerical tools offer i excellent approach to address the research questions
this study by enabling the modeling of various materials and geometries, thereby
facilitating a comprehensive examination of the system configuration, state of stress, and
analytical methods. Moreover, numerical modeling provides the added advantage of
flexibility in isolating different factors and assessing their sensitivity on the niedally,
the ground truth conditions are completely known in numerical efforts since they are

defined directly by the modelefhe results of the numerical simulatiossbsequently



informed field-based imaging method® generate tomographic images and velocity
profiles.

While the primary focus of this study is on numerical modeling, field testing efforts
werealso conducted in a real sinkhgdeone area. The proposekdup for the development
and testing of the model is presented at the conclusion of this chapter. The goal of the field
testingwasto assess the effectiveness of numerical methods in identifying anomalous
features, which can enhance the reliability of FASla preliminary site characterization
technique for routine engineering projects. This approach can obviate the need for more
invasive investigation techniques such as geotechnical borings or cone penetration testing.
Detailed information on the hardwamgjstem configurations, data acquisition, and data
processing methodare provided to ensure transparency and reproducibility of the

experimental results.

1.3.1 Approach

Sinkholes can occur at different depths and diameters and can have varying shapes
and charaeristics that depend on the geological and environmental conditions of the site.
Therefore, to numerically assess the effect of different factors on FWI in the presence of
sinkholes, it is important to consider a range of different sinkhole depths andtelis.
For example, shallow sinkholes with diameters in the range-®fn&ters may be
representative of those found in karstic limestone terrains, while deeper sinkholes with
diameters exceeding 10 meters may occur in areas with high degrees of selbdicetc
natural or anthropogenic factors. Thus, the procedure simulates a range of sinkhole depths
and diameters to capture a wide range of scenarios that are representativavofideal

conditions.



The collected data for FWI in near surface applicatisndominated by surface
waves(Panet al. 2019) The maximum depth of detection in surface wave analysis is
directly related to the maximum wavelength, which is typically around half the receiver
array length(Foti et al. 2014) To have an acceptable detection accuracy based on
wavelength, anomalies were placed at depths corresponding to less than half the receiver
array length. For diameter, two diat®es were explored: one denoting a shallow sinkhole
with a smaller diameter, and the other signifying a deep sinkhole with a larger diameter in
alignment with the research conductedMgVay and Tran (2016)According to their
results, if the embedment depth of the anomaly is more than three times the void diameter,
the procedure may fail to detect it.

In terms of calculationshé FWI (forward and iersion) computations proposed
hereinwereexecuted using SalvGemputeas developed bylondaid®. This tool utilizes
a spectral element method (SEM) to perform forward modeling of stress wave propagation.
Despite lacking a usdriendly graphical interfacend relying on a texvased Python
interface, the software consistently produces reliable and accurate results. Furthermore, it
is capable of parallel computing, utilizing all available CPU and GPU units on the machine
to expedite the forward modeling pess. The Salv@pt and SalvuBlow modules, also
developed by Mondaic®, are employed fbe inversionprocess and theytilize trust
region L-BFGS optimization in the time domain for both 2D and3&dels However, the
computational cost of 3D modeling is significantly higher. For further information on the
software mentioned, readenereferedto the documentation or resources provided by the
developers, Mondaic&®Afanasiev 2017, Afanasiegt al. 2019) To remotely execute

forward and inverse modeling in parallel modes High-Performance Computing (HPC)
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resources at Temple Universiyere utilized. The computationaere submitted to over
eight cores of the compute servers of the Temple HPC cluster. Compute is an interactive
use server that provides 88 CPU cores [Intel®rX6old 6238 (Cascade Lake) processors]
with up to 1.5 TB of RAM and 0.5 PB shared memory.
1.3.1.1Receiver andSource Configuration. In practice, receiver spacing

utilized in FWI oftenadheres to the guidelines set diypnventional seismic geophyalc
methods like MASW These methods are characterized by generally accepted spacing
ranges, which are contingent upon the anticipated size and depth of theRarges$tance,
the receiver spacing in MASW generally ranges from 0.5 to 4 meters, a®eldxit
depends on both the chosen seismic source and the velocity structure of(fratisteal.
2018) The standardization in spacing is weticumented in the literature, but it is crucial
to note tle distinction in the resolution capabilities between these methods antVF4.
traditional seismic methods offer specific lateral and vertical resolutions, FWI is distinct in
its capability to achieve suavelength resolutiofWu and Toks6z 1987)Given this
enhanced resolution potential of FWI, it raises the question of whether our current approach
to saurce/receiver configuration in FWI is excessively rigorous, potentially exceeding what
is necessary to achieve the desired data quality. This overextension in configuration could
lead to inefficiencies in data acquisition and processing, warranting\aletion ofthe
methodological framework in light of F\8 unique resolution capabilities.

In general, a denser receiver spadmgseismic geophysical methodan provide
better imaging resolution and accuracy by fitting a higher number of receivetirgsoin
a fixed distance. However, this also increabe computational cost and the amount of

data to be processelloreover in contrast to conventional survessch as refraction or

11



reflectionwhere geophone spacing plays a substantial role in detagwesolutionthe

vertical resolutiorof FWI is governed by the physics of surface wave propagation and
dispersion(Foti et al. 2011) As a result, the minimum thickness that can be resolved
decreases with depth according to a geometric progression, which is determined by the
wavelength of the surface waves, as well as the velocity structure of the subsurface.
Therefore when conparing the impact of receiver configurations in numerical modeling,

it is important to keep the maximum wavelength constant. This ensures that the key
parameter affecting the depth of detection and imaging resolution remains consistent across
different receiver setups. Additionally, the number and location of sources shdixedoe
resulting in an irregular of receiver patterfifius, b achieve dense receiver arrays, a
higher number of receivers can be deployed within a fixed array length.

In this study the strategy involve employing varying numbers of receivers
(specificdly, 48, 24, 12, and 6)vhile maintaining a consistent distance between the first
and last receivers along the array. Once the final meste=obtained (FWI ended), the
inversion accuracyvas compared with the true model in terms of velocity misfit. To
achieve this, various statistical metrisereemployed to detect any deviation from the true
model. These statistical metrics inclddeot mean square error (RMSE), and coefficient
of determination (B. RMSE quantifies the average magnitude of errorséen predicted
and observed values, emphasizing the accuracy of individual predictions. With a scale
matching that of the dependent variable, lower RMSE values signify better model
performance, reaching an ideal of O for a perfectly accurate model. @therehand, R
measures the proportion of variance in the dependent variable that the model can predict

from the independent variables. Ranging from 0 to 1, a highdéndcates a greater
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percentage of variability explained by the model, but it d@gsavide information about

the absolute accuracy of predictions. Together, RMSE &ndffBr a comprehensive
assessment, with RMSE focusing on prediction accuracy aod Ehe overall goodness

of fit. In addition to comparing the velocity matricése anomby detection area and the
associated inversion time for each scenario were disctisdsziterdetermine whether
dense receiver spacing is necessary or whether a sparser array may be sufficient to achieve
the desired inversion accuradf/the results indiate that dense receiver spacfjagual to
higher number of receiveris) necessary to achieve accurate inversion results under certain
sinkhole scenarios, this can provide insights intcctiraplexnature of wave propagation
and scattering in these scapar On the other hand, if sparser receiver spacing is found to
be sufficient for achieving accurate inversion results, this can help to optimize the
deployment of field equipment and reduce the overall cost of data acquisition.

After examining theeffects of receiver placemerhe next critical step involves
assessing the impact of source configurations in various sinkhole scenarios within FWI.
Originating from seismic refraction practices, tmmventional practice of placing sources
between everpther geophonénown asthe skip linestrategy)is an established method
aimed atenhancinghe accuracy of FWI outcomes. However, itngortant to consider
that this approach may not necessarily be optimal, and there is room for exploration to
potentally achieve similar results with a reduced number of sources or by investigating the
introduction of exterior source locations. The question of optimality and the feasibility of
achieving comparable results with a more efficient configuration is a togicMarrants

thorough investigation.
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To achieve this goah the first stepa practical approach was adopted, emphasizing
the implementation of exterior shots at assorted offset locations. This strategy was chosen
to critically assess the integrity oktfinal imaging outcomes, acknowledging the logistical
complexities and financial implications associated with deploying interior shots in field
scenarios Additionally, in the case of interior setups, the study explored a strategic
reduction in the numbeof interior shots relative to the traditional skip line strategy to
assess the accuracy of FWI process. At the end of the invggsiorss a thorough
evaluation was carried out, which included comparing velocity profiles using a range of
statistical meics, assessing the percentage of anomaly area detected, and examining
computational times.

Overall, ploring the implications and advantages of different setgceiver
setups, including the introduction of exterior sources, is a valuable aventathar
research in the pursuit of more effective and reseefiigient FWI methodologies.

1.3.1.2Initial Model. The role of initial model on the accuracy of FWI to detect
shallow anomaliesvas examined usinfpur common starting model strategies: constant
velocity, increasing velocity with depth, and profiles derived from Multichannel Analysis
of Surface Waves (MASW). To maintain consistency in the results, the receiver and source
configuration determined ithe previous sectiowas usedor all sinkhole scenarios. The
first two starting models, constant velocity and increasing velocity with depth, can be
created before forward modeling. However, for the MAS¥rived profiles, forward
modelingmust be conduetto obtain the receiver recordin@dispersion informatiomvas
extracted from those waveformasdinputinto Seislmager, a commercial software package

for seismic data processing, which utilizes the phase shift method to obtain dispersion data.
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For invesion of the dispersion datidne Geopsy opersource software packageveloped
by Wathelet et al. (2020)vas used based an global search algorithm (neighbodab
algorithm).

Once the velocity profile from the MASWnalysiswas obtainedforward and
inversion modeling of FWWas conductedsing the same simulation configurations for
each starting model as in the previous section. Finally, the performance oéstWéwas
comparedfor each scenario using different statistical techniques. This can ultimately
inform better decisiommaking in the design and execution of FWI for a more effective
subsurface characterization.

1.3.1.3Misfit Function . The choice of misf function is a critical factor in FWI
for reducing cycle skipping and improving the accuracy of the inverted modtiedsaspect
wasinvestigate by using thenost commonly useld?2 normmisfit functionasthebaseline
approach Other misfit functions reported in the literatuthat aim to enhance the L2
method(crosscorrelation and optimal transppmvere then usedAs mentioned, the L2
misfit function has limitations in accurately capturing the wave propagation phenomena,
especially in thgresence of strong heterogeneitiese aosscorrelation misfit function
addresses some of these limitations by considering the phase information of the wavefield.
It provides a robust solution against noise and cycle skipping, leading to a more accurate
inversion of the velocity modgHowever,crosscorrelation time shifts are primarily useful
when dealing with global scales, such as in the context of global seismology, where the
data is sparsdn other words, these misfisre most beneficial when coohted with
limited data, where the goal is to discern bulk characteristics of the medium rather than

pinpointing specific localized feature®ptimal transport, on the other hand, is a more
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complex misfit function that considers the spatial relationdhgpaeen wavefields. It has
shown promising results in improving the resolution and accuracy of FWI in complex
geological settingéViétivier, Brossier, and Mérigot 2016, Yaagd Engquist 2017, Poncet
et al. 2018)

The sameFW!I workflow was usedor testingall misfit functions, allowing for a
direct comparison of their performance in detecting subsurface anomalies under various
sinkhole scenariosAdditionally, the same sarcereceiver configurations and initial
models as in the previous sectiware usedThe performance of each misfit functiaas
assessed based on the accuracy of the inverted velocity model and the ability to detect
subsurface anomalies. These factons lksave a significant impact on the choice of the
objective function and provide insights into the computational efficiency of FWI for
subsurface characterization.

1.3.1.4Physics of Wave Propagation During Forward Modeling It is widely
acknowledged that clays possess higher damping properties than other soil types (all other
factors equal) This can potentially have significant #ects onthe results of FWI if the
viscoelastic properties of the domain are not considémeshil mechanis, viscoelasticity
is accounted for by assigning the quality factor (Q) to the ddmpnoperties. This factor
guantifies the mediufs intrinsic attenuation, reflecting how much the seismic waves are
damped as they travel through it. It is defined asdtie of the total energy of the wave to
the energy lost in one cycle of wave propagation. A highdadfpr indicates lower
attenuation, implying less energy loss and suggesting a more elastic material. Conversely,
a lower Qfactor signifies greater atteation, typical of materials with more viscoelastic

properties.
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The determination of the quality factor practical geological and geophysical
studies is a challenging task, primarily due to the complex and dynamic nature of the
Earthts subsurfaceNevethelessreasonableanges of Q-factors associated with various
types of rock and sodre available in the existing literatuteeveraging this knowledge, a
numerical studyvas performedo assess the impaat the Qfactor in passive viscoelastic
FWI. Toinvestigate the impact of incorporating viscoelastic modeling in FWI relative to a
conventional elastic approach, a domain was developed with varying Q values within a
clayey layer. To increase the complexity of the domain, sinkholes were added to &he mod
thereby introducing additional variables that can impact the seismic resjotise stage
of the researchthe Qfactor of the sinkhole and bedroslere maintaineds constantand
that of the clay layewas variecbetweerthe lowest and highest reportedv@uesfrom
the literature This range accounts for the natural variability in clay properties and ensures
a reliable assessment of their impacttemodels After assigning the propertiegrward
and inversion modelm were conducted using the passive viscoelastic model to obtain
seismic waveforms and refine velocity profiles. The same domain was also modeled using
elastic wave propagation to obtain the corresponding properties.

A dualscenario approachkas adopteavhen dealing with the initial model. In one
scenario, perfect knowledge of thef@torwas assumedaligning it precisely with field
conditions. In the second scenario, the averd@ddctor across the entire domaias
assumed during forward modelinghis deliberate choice accounts for the inherent
challenges in determining the exactp@ameter.Finally, elastic FWI was also
implemented to better understand the results whenintrinsicattenuationof geologic

materials is ignored during forward modelinhis choice allowghe evaluaion of the
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accuracy of updated models and assesg oftheir performance against less popular
methods that incorporate attenuation (mainly due to their computational complexity and
crosstalk issues).

This set olnumericalexperimens providesinsights into the effects of sinkholes on
seismic wave propagation and ideiesfwhether viscoelastic modeling is necessary in the
presence of such features. Overall, this study aims to enhance the accuracy of FWI by
incorporating visoelastic modeling and providing a comprehensive understanding of the
effects of damping values and sinkholes on seismic wave propagation. The findings will
contribute to the advancement of seismic exploration and improve the understanding of the
subsurfacgeological structure.

1.3.1.5Field Study. In any comprehensive study involving numericeideling, it
is a fundamental principle that numerical results should be verified through laboratory or
field experimentsThis process is essential for addressing the variables and complexities
encountered in natural environments and for providing a quantitative assessment of the
numerically recommended approach in real world applicatiGdacker et al. 2004)
Therefore, as part of this research, a significant emphaasplaced on the practical
validation of the numerical results obtained in previous sections.

Building on this principlethere was a shift in focus from the numerical aspects
discussed in earlier sitons to their practical application in the fielthis partaimed to
bridgethe offerechumericalinsights with practical applications pursuit of this goakhe
effectiveness of FWWas experimentally assessed, particularly in the identification and
mitigation of sinkhole/karst hazards, and in the quality contrahemitigation efforts,

compared against conventional seismic methods like Multichannel Analysis of Surface
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Waves (MASW), Horizontal to Vertical Spectral Ratio (HVSR), and bebaged por
knowledge.

For this purpose, feld site, marked by multiple sinkhole failures in southeastern
Pennsylvania, was selected, enabling extensive fieldwork to be conducted both before and
after sinkhole remediatiomsing groutingThe approacHor collecting field data involved
using both 2D and 3D receiver arrays with a multitude of sources at locations where there
was preexisting information about the underground properties, serving as a baseline for
comparing the accuracy of the FWI results. Additionale HVSR method was employed
to gather more information about the changes in site properties due to the adopted ground
improvement methadFollowing data acquisition, insights gained from numerical
modeling were directly applied in the FWI processirgpst Ultimately, the FWI velocity
profiles were compared with MASW profiles, and their concordance with existing
knowledge was assessed. This comparison not only underscores the effectiveness of
grouting in addressing the sinkhole issue but also illuméntte potential of FWI in

accurately delineating complex subsurface conditions in urban karst environments.
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CHAPTER 2

BACKGROUND AND LITERATURE REVIEW

2.1 Near Surface Seismig&Geophysics

Nearsurface geophysics refers to geophysidalvestigations that explore the
outermost part of the eadhcrust (usually less than 30 meters). Traditional geophysical
techniques image targets on a kilometer scale (e.g., hydrocarbon extraction, regional
mapping), while neasurface methods deal withpplications on a meter scale (i.e.,
engineering scale). Although the fundamentals of the methods are similar, the marked
difference in the scale of projects highly affects the challenges the researchers face in both
disciplines. Nevertheless, the most diseethods in near surface geophysics were first
developed for oil industry purposes but are now being used for sreadlker features
(Butler 2005)

Unlike the deeper parts of the earth, inhomogeneity in the stedloparts causes
the main difficulty in interpretation of neaurface data. Other inherent difficulties include
the strong attenuation and variability of soil lithology near the surface. However,
considering all the limitations, seismic methods suclefadation, reflectionboring and
surfacewave methods are the most common used techniques in engineering applications.
Seismic methods are implemented in wide range of geotechnical applications including
void detection (Sheehanet al. 2005) karst investigationgDebeglia et al. 2006)
liquefaction assessmefifarastathist al.2010) and foundation integritfOlayanjuet al.
2017) However, most of the existing methods use a specific part of the recorded waveform
to infer the underlying characteristics, leading to limitations in resolution and accuracy of

the outputs. For example, tiseismic refraction method considers the first arrivals of
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waveforms refracted from the interface between different subsurface layers. The problem
with this method is the tendency of fastest rays to go through stiffer materials which results
in lower deptlof penetration and also missing the embedded anomalies like voids. Surface
wavebased techniques (i.e., Spectral Analysis of Surface Waves (S&&&Ariaret al.
1983) andMultichannel Analysis of Surface Waves (MAS\(Parket al. 1999) use the
dispersion nature of the waves to infer the stfase propertieHowever, this dispersion
curve is developed by spatial averaging the properties of the subsurface materials present
beneath the array of receivers. This averaging impact will get worse when the investigation
depth increases in which long@avelength components are required. In general, reliance
on dispersiorbased or arrival time analytical approaches leads to limited sensitivity to
physical characteristics, lower resolution, and reduced accuracy irsudale
characterization, particulg for domains with complex geometries like lateral
heterogeneity or velocity inversigifran et al. 2012) In response to these drawbacks,
several authors reported the high potential of the\Waleform Inversion (FWI) approach
to propose higher resolution of subsurface mappings by extracting infonncatitained
in the complete waveforn{®lessix 2008, Virieux and Operto 2009BYVI proceeds as a
local optimization problem that minimizes the misfit between measured waveforms from
the field are compad to observed waveforms from a numerical model of the subsurface.
In general, the FWI results correspond well with the invasive test results like SPT
and CPT. Additionally, the offered enhanced resolution has shown high potential to be
used in quality cotrol/assurance of foundation applications as a robust method replacing
the conventional rappased or destructive approaches. However, as a young and developing

field of research, the geotechnical scale application of the FWI technique is still limited.
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The following table summarizes the successful implementation of FWI in underground
inspections using stresgve data (e.g., seismic or ultrasound way€aple2-1).

Although there is a huge potential for FWI in nearface applications, and it is
still truly novel, there is much to learn regarding data collection, signal processing, forward
or optimization approaches, to be able to do FWI well. Considering the literature, there
have been some preliminary studies in the geotechnical area, but still riglafeve

applications with discrepancy in their reported results.

Table2-1. Existing literature othe FWI application in the inspection of underground anomalies.

Researchers FWI Type Application
Ching and Glaser (2000) 2D Acoustic Internal crack Identification
Tranet al.(2013) 2D Elastic Sinkhole detection
Nguyenet al.(2016) 2D Elastic Unknown foundation evaluation
Nguyenet al.(2017) 2D Elastic Bridge-Deck delamination detection
Jalinooset al.(2017) 2D Elastic Concrete bridge abutments evaluation
Tran and Sperry (2018) 2D Elastic Roadway subsidence
Takekaweet al.(2020) 2D Elastic Soniclogging test improvement
Coeet al.(2020) 2D Elastic Liquefaction triggering
Meckinget al.(2021) 2D Elastic Cavity detection
Mahvelatiet al. (2021) 2D Elastic Pinnacle bedrock topography evaluation
Mirzanejadet al.(2020) 3D Elastic Void detection
Kordjaziet al.(2021) 3D Acoustic Drilled shaft momaly detection
Kordjaziet al.(2022) 2D Elastic Unknown Foundation depth and anomaly detectic
Liu et al.(2022) 2D ViscoElastic Void detection

2.2 Development of Full Waveform Inversion

During the 18509R & W Mallet were the first researchers who reported that wave
speed variations are a function of underlying material propertieghwhen became
known as the seismic inverse problem . The concept of inverse problem works as

fundamental theory behind majority of interpretations in seismology.
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In the context of seismic tomography, most of the general inferences related to the
earth stucture follow the simplified assumptions of ray theory. Based on this theory,
seismic waves can be considered like rays in which the arrival times of signals are sensitive
to the wave speeds only along the connection curve between source and recesver. Thi
theory suffers from major drawbacks that limit the resolution of tomographic images or
domain scale problenf®Villiamson and Worthingtot993, Spetzleet al.2341) Different
strategies like finitdrequency tomography or dispersion based analysis were reported to
overcome the limitations of rayased analysi&romogida 1992, Sigloch and Nolet 2006)
Among all, FWI have demonstrated the most promising results toward more detailed
interpretation of seismograms by applying semalytical solutions to the wave equation
using numerical modeling. This depth inmagtechnique enhances the modeling accuracy
by exploiting the information from the complete seismic seismograms (i.e., all possible
wave propagation modes of seismic wavefields including body and Rayleigh waves)
without the need to identify specific seisrphases. In fact, in the conventional techniques
(e.g., travel times, phase velocities), long seismograms are reduced to a few bytes of
information and their interpretations are based on approximate theories.

Although the concept of FWI was first propdse the mid1980s, the associated
computational costs delayed its readrld applications, especially threlmensional
modeling, until the last few yeaisailly et.al, 1983 and Tarantola 198#re the first who
proposed the theory of seismic inverse problem. Of course, the computational limitations
at the time of their publication hindered the efforts to tespémrmance of the theory in

a computer simulation. Considering the computational challenges, few researchers tried to
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assess the capacity and potential of FWI to model simple 2D problems in thaotimaen
approachGauthieret al. 1986, Mora 1987, Crass al. 1990)

To tackle the computation cost of the time domain approach, different research
teams have focused on proposing the FWItgmiuin a different domain to enhance the
modeling problem by removing the tirséepping schemes. In 199attwas first who
came up with the idea of formulating the FWI procedure in the frequency domain. Different
benefits including notinearity mitgation and limited frequency dependency led this
approach to overcome the computer limitations of the time. The emergence of this
technique accelerated the activity in publishing more field and numerical results using
FWI. However, due to technological \ahcements, it is not clear yet which domain
outperforms the other for application of FWI, and different research groups worldwide are
currently trying to elucidate it. Although frequency domain is a less computationally
approach, introducing attenuatiorrofile in viscoelastic modeling is not always
straightforwardBlanchet al. 1995) Also, in large 3D models, when the memory usage
is high and the required frequency range is large, the application ofitimain can be a

helpful alternatéFichtner 2010)

2.3 Fundamentals of Full Waveform Inversion

The FWI procedure begins with the creation of an initial model. This model
includes the layout of sources and receivers, as well as the properties of the domain under
study and other esseal parameters related to wave propagation. The procedure then
advances to forward modeling, where the wave propagation equation is meticulously
solved within this hypothetical model. This critical step yields computed seismograms for

each receiver, whit are essential for the subsequent stages. Once the synthetic data is
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available, the next phase is to compute the residual waves. Here, the focus is on quantifying
the discrepancies between the observed field data and theGnpdedlictions. This
guantification is done using a carefully chosen misfit function, which serves as a
benchmark to assess the accuracy of the model.

If the residuals are outside an acceptable range, the process involves
backpropagation of the residual wavefield to identify wheresadjents are needed. At
this step, the wavefields are used to compute the gradient. Based on the chosen
optimization method (usually gradient descent), the gradients can be used to iteratively
update the initial model properties by perturbing the stammoglel in the appropriate
direction. The primary goal here is to iteratively enhance the initial model by methodically
adjusting its properties. This adjustment aims to align the model more closely with the real
world data, as indicated by the diminishirgiduals. This updating process continues until
the residuals fall within an acceptable range, indicating that the model accurately reflects
the observed data. The following figure presents the simplified flow of the FWI technique

(Figure 21):

Initial Synthetic N . y .
Model Forward Modeling H Synthetic Data }

], 1 not acceptable Misfit Function
\ J < i
[ Model L,pdate J Calculation
Field Data

Considered as the Final
Inverted one

‘_ The Last Model can be

Figure2-1. The simplified flow of the FWI process
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Preprocessing is a key factor in FWI success especially when it comes to field
datasets. In this process, the events that are not considered in the wave propagation
eqguation should be removed from the seismogram (e.g, in the elastic wave propagation
modelng, attenuation effects should be removed). Basic preprocessing techniques like
denoising, mutation of neased data, bandpass filtering of low frequency content, etc are
required to be carefully implenet@d@/arneret al.2013)

Although FWI has shown promising results in presenting high resolution and
accurate underground maps, some challenges exist that hinder its practical apglicatio
The following key problems need to be recognized and addressed at the early stages for
having successful FWI modeling:

T Reliability of the initial model: selection of an accurate initial modle is a crucial
step in preventing the FWI process from bermrirapped in a local minima or
matching wrong peaks in the waveforms. Due to the use of local optimization
techniques, the model should be able to create a synthetic wavefield data within
half wavecycle of the real dat@/irieux and Operto 2009bDtherwsie, the model
building canot successfuly converge to the real values of the real media.

1 Convexity of the misfit function: Convexity of the misfit function ensures that the
optimization problem has a unique global minimum, which is the point where the
misfit function is at its lowst value. This means that, given enough computational
resources and a wathosen initial guess, the optimization process is guaranteed to
converge to this global minimum. Otherwise, this can result in an inaccurate or
incomplete subsurface image, as tpémization process may get stuck in a local

minimum that does not represent the true subsurface model.
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Quiality of the available low frequencies: one of the biggest challenges in FWI is
the cycle skipping issue when the low frequency seismic data do isof(léx

2014) In fact, there is a high probablity of matching synthetic and real data peaks
in the low frequency range. Matching of datahe range over half a cycle, which
happens in cases where the low frequency data are missing, can result in inaccurate
velocity model updates.

Accurate source signature simulation: besides the subsurface properties, the
differnce between the observed aytthetic data is controlled by the accurateness

in the polarity and phase of the modeled so(&t®pintsevaet al.2016)

lll-posedness of the inverse problem: the solution of the inverse problems are
known to be either unstable or ranique(Prieuxet al.2011) Stable solution are
those which can withstand smddta perturbation without affecting the final result.

On the hand, nenngieness of the inverse probl@nsolution means that several
models can fit the observed data. Regularization and appropriate data
preconditioning methods are ways to overcome tis¢éability of the inversion
problem.

Besides the mentioned problems, high 4ioearity in nearsurface applications,

the 3D/2D transformation, the impact of the described physics of the problem, and the
necessity of having a large offset seismic data Hrerahallenges that require attention
when intending to utilize the FW technique. Depending on the problem, the FWI solution
should be treated and tailored independently according to the specific geometry and

condition of the case and cannot be generdliaeother problems.
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In what follows, introductory information on the principles of forward modeling
and inversion in the full wave processing is provided. However, for a more detailed
information on the mathematical background of the optimization tecbsicpaders are

referred taSantamarina and Fratta 2005, Fichtner 2010 Suofister 2017

2.3.1 Forward Modeling

In simple words, forward modeling is the process of numerically solving the wave
propagation equation in the media of interest. Due to the complexities of the earth on any
scale, media should be discretized into smalleces by means of numerical techniques to
find the solution and accurately model the propagation of seismic waves. Simulation of the
wave propagation in an earth model can be accomplished using acoustic, elastic; or visco

elastic physics, referring to thieeology of the medium in which the waves propagate.

2.3.2 Wave Equations

Simulation of mechanical wave propagation for different physics can be described
mathematically by some form of spatially and tidependent wave equations. According
to Aki and Richards 2002he general form of the wave equation in volume V can be
represented as:
0 @6 @ "Qad 2.1)

with the operator:

0 @ " W ¢(— -—7J @o 2 — -——7 @o z — 2.2)
wherem™ V and tV (t0,c0 ), u is the kcomponent of the particle displacement vecofor,
the density andfthe kcomponent of an external force dens#tyis a tensor of rank four

that contains the time derivatives of the relaxation functions which describe the rheology
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of the mediun{in simple words, relating stress to stramnflenotes a convolutioﬁ;l.jis the
Kronecker symbol with’iig: 1fori=]j and5[j: O fori# |.

Generally, the unknown domain can be defined in the displacementifielt) or
its time derivative, thgelocity field u(x, t), leading to two sets of equations in any media.
Also, seismic sources can originate from both volumetric forpeg)fand moment tensor
Mij(x, t) which need to be considered in the final form of formulas.introduce the
fundametal of wave equations, simplification of wave propagation can facilitate the
learning concept. Thus, the followimgsumptions have been made in this section:

One dimensional propagation of wave in x direction
Perpendicular displacement to the propagatioection
Sesimic source is initiated by f

Detailed mathematical derivation of equations can be found in resources like
Kennett 2001, and Aki & Richards 2002. However, considering ongimensional
propagation of the wave in a ndissipative medium, the elastic wave equation can be

derived from the general formula as follows:

"o T o o 0 (2.3)

Since the displacement field (strain) is related to the stress field, another form of
elastic equation which is known aslocity-stress formulation can be derived by obtaining
the time derivative of the displacement and replacing stress field parametersinside of the
general equation:
"o T, Q

. o108 (2.4)
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The aforementioned equations follow Newi®rsecond law that balances the
momentum of particle displacements under the pressure of external and internal forces.
These formulas can templified by considering the wave propagation in fluid regions
where the shear waves and modulus vanish. By applying the fluid condition to the
displacement equation, the acoustic form of the wave equation can be written as:
1 0ad ownadd i oD (2.5)
where p(x, t) is the unknown pressure field, c(x) is acoustic velocity, s(x, t) is a pressure
source field, and\ is the Laplaceoperator. In fact, different parametrizations change the
meaning (physics) of the media that the wave propagatasgh, leading to various forms
of mechanical wave equations.

Due to their simplicity and less computational cost, the elastic and acoustic wave
equations in their different formulations have been studied extensively in seismology and
earth science. Hower, the earth is not perfectly elastic in nature, and energy dissipates as
it passes through the soil layers. To more accurately model the earth layers, intrinsic
dissipation must be incorporated in the wave equation with the help of memory variables
and constitutive (relaxation) functions leading to the formation of vislestic equation
(Fichtner 2011) In these conditions, time dependency of the material behavior must be
described by using constitutive (relaxation) functions that explain the evolution of the
stress caused by a unit step function in the@rstEmmerich and Korn 1987AIso, memory
variables as another set of equations are added to the wave equation to circumvent the
calculation of convolution integrals. Basically, the existence of convolution integrals in the

stressstrain relation of the viscoelastic equation makes the naalenodelings complex.

30



As a solution, an additional set of equations should be solved to obtain the memory
variables for each relaxation mechanigarcioneet al. 1988)

To consider damping, a generalized standard linear solid which is the superposition
of various mechanisms EkMaxwell bodies, is a wedstablished relaxtion mechanism to
be used in the viscoelastic formulati@inu et al. 1976) The general velocitgtress form

of the viscoelastic eqtian in 2D can be adopted @obertssort al. 1994, Bdlen 2002)

" — 0 p 1t ¢ p 1 ¢c—' ' p T B 1 MEMQ

) — — ‘“p ft B i MQEN Q (2.6)
. P R .10 mm g 3

| T_UT QT,Id) cT“bl Q¢ N Q

i — 0t — — 1 e¢n 2.7)
b - — 0 (2.8)

w h e r; @enotes the ith component of the stress tensp denotes the-ih component of
the particle velocitiesjjrare the memory variables for each relaxation mechanism denoted
by the subscript If i s t he e x t@e thearélaxatiom tinceefar eath relaxation
mechani sm | . Maretheatteruati?e Lardsfammetensilis tlee attenuative
modulus forPwa v e s |, e Iis also theawdd enaradijyei snotd
C o n s t pa yate she aitenuation levels for 8nd Swaves determined from the quality
factors Q and Q for P- and Swaves.

Irrespective of domain physics, the formula should satisfy two types of extra

conditions known as boundary and initial conditions to find the numerical solution for wave
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equations (PDE with the space derivatives of order higher theh dihe following
requirements should be applied to the equations in our seismic modeling:

1 Normal components of the stress tenser should be zero on the surface (free
surface condition).

1 Displacement and velocity should be zero af t=t

2.3.3 Numerical Modeling

Seismic waves propagate within the earth as described by the wave equation. The
analytical solution for this equation exists in relatively simple mediums, and the model can
describe the underlying properties of the medium in which the waves. fféneetondition
of having an analytical solution is that the md@sl@hysical parameters can be represented
by a mathematical, analytical function that is dependent on the parameterization of the
wave equation media. However, due to the high heteroge(mityplex geometrical
distribution) of the soil, the wave equation cannot be solved analytically in-avodal
case. Therefore, numerical methods are used to solve complex realistic modelings of the
earth at any scale.

Any analytical solution for studygqmseismic motions must incorporate, at the very
least, the following three components:

Description of seimic source
Equation of the wave

Coupling the source into the particular solution

Since the analytical solution cannot be obtained for the wave irstrealases,
solutions are developed by discretizing derivatives that lead to a system of ordinary
differential equations in time that can be solved numerically both in the frequency or the

time domain. To this aim, several methods are widely used acilosm@ range of
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engineering and scientific disciplines to solve the wave equation. These numerical
techniques typically fall into two broad categories: (1) the finite difference method (FDM);
and (2) the finite element method (FEM). Although FDMhis imost widely used method
in the context of seismological and wave propagation studies, this technique fails to address
the geometrical complexities like major discontinuities within the model. To overcome the
FDM difficulties, classical FEM approachesviabeen successfully applied to the wave
propagation models. Unfortunately, the classical FEM suffers from limitations like
inadequate spatial discretization due to their low polynomial degree approximation or high
costs of calculation considering a larganber of linear systen{gomatitschet al. 2005)
However, more recently, the Spectral Element Method (SEM) as a subset of FEM has
shown promise compared to other developed methods. In FEM,&1oadlknown
equation (F=Kx) must be solved, in which the investfness calculation can pose a
significant difficulty due to the presence of high degrees of freedom in the seismic wave
propagation problems. Using the concepts of exact interpolation on collocation points, the
SEM approach addresses the issue byfivaméng the stiffness matrix into a diagonal one,
simplifying the calculations.

2.3.3.1Spectral Element Method (SEM) Developed in the 1980s, the SEM
technique is a robust numerical scheme that overcomes the deficiencies of FDM or classical
FEM methods bysing a specific set of basis functions inside the elements [i.e-ohtigin
(Lagrange) polynomials] to more accurately approximate the spatial derivatives.
Additionally, by combining the FEM and spectral strategies, SEM is able to accurately
model the bBterogenous domains without any need to increase the number of grids per

wavelength. In fact, the combination of Lagrange polynomials as interpolants and an
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integration scheme based on Gauss quadrature defined on thé Ghasis Legendre

(GLL) points forthe wave equation provid a fully explicit scheme that can easily be
parallelized and is numerically stable. Due to its advantages in seismological studies, SEM
has attracted the attention of research teams around the(®eridnit et al. 1995, Cohen

et al. 2001, Chaljub andalette 2004)

Following the standard FEM strategy, SEM needs the weak (variational) form of
the motion equation to solve the problem. Generally, the weak form is an alternate
representation of the strong form of a PDE that relaxes the continuity and differentiability
requirements of the strong form. To this aim, considering thedonensional elastic wave
equation (Eqg. 1.3), the weak form of this formula can be derived by multiplying both sides
of Eqg. 1.3 by a timéndependent test function v(x), and integrating overghatial domain
D wherex € D = [0, L[

0T 6Qw , U ‘T 0"Qw, LQQAW (2.9)

Applying the integration by parts rule to the second term in the left side satisfies

thefree surface boundary conditions and leads to the reduced form of the weak equation:
0T 6Qw , ‘T U 6Qw , LQQAW (2.10)

In the next step, due to theterogeneity of the earth, the seismic wavefield u must
be discretized to find the solutions numerically. In fact, in the continuous form, the
analytical means are not able to find the solutions. To this aim, the Galerkin method is used
to approximate thexact solution by a finite number of basis functions:
6ad o6 B 600 W (2.11)
where «(X) is the basis functions and-i&é the number of superiimped basis functions.

Applying the Galerkin method to the reduced form of the motion equation:
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(2.12)
This is the famous FE equation which can easily be written down using matrix
notation. However, to find the final solution, thguation must be further approximated by
getting down to the level of elements. To this aim, the domain (D) must be discretized into

nonoverl apping ne el ements, where e = 1, é,

T o606 |, "Wl ol wQw 600 , ‘"L LoQw . LU Q®

(2.13)

To facilitatte the integral operations, the spatial domain can be transfomed to the
reference interval ofi[L, 1]. To transfornirom the global coordinate to the local otteg

integrals can be transformed using the following rule:

QLR . Q —Q, (2.14)

where ¢ dendes the fixed points in the local interval known as the Ghobatto
Legendre (GLL) collocations points. As a rule, for the for a polynomial of order N, a total
of N+1 GLL points are needed within each element to accurately interpolate the fuinctions.

The following figures illustrate the mentioned rule:
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Figure2-2. Required collocation points, indicated by vertical lines, for higher order Lagrange polynomials
(Fichtner 2010)

The final step is to incorporate the Lagrange polynomials as interpolation functions
in the equation. These polynomials are defined on the collocation points of GLL and their
degree of the polynomial can be chosen as N = 4, 5, 687]tanust be noted that higher
order polynomials may lead to the densification of grids around the boundary, which is

problematic.

(VL SH—C [ —h WQ phclB O p (2.15)

Assempling the motion equation by incorporating two last formulas provides us

with the final form of the SEM equatidigel 2017)

o
€
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e
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(2.16)

As can be seen, the only unknowns of the equation are the displacement and
acceleration values which can be solved using the matrix notation easily. Irrespective of
the time deriviion approach, since the mass matrix is diagonal, the inversion process is
trivial and computationally inexpensive.

2.3.4 Misfit Function

Encoding a measure of haigoodthe current estimate of the model is based on
the misfit between the observed and simulagegmograms is a pivotal step toward
unlocking accurate model updates. In fact, the sensitivity of data with respect to model
parameters (Fréchet derivatives) is affected by the method of quantifying the data misfit
(Bozdaget al. 2011) Additionally, incorrect misfit functions can lead to cycle skipping,
hindering the model convergence. In general, the nature of misfit functions differs on what
characteristics they measure to determine thgerdnce between the observed and
simulated data. Crosorrelation travel time, relative amplitude variations, and waveform
differences are among the most common measurements in seismic tomography.

Among all, the widely used L2 misfit functionle@stsquares norm) has
demonstrated its high potential in cases where the difference between the two sets of
waveforms does not exceed half a cycle. This misfit function can be fomulai@doas

et al.2014)

0O B B . Qe i etk 08 (2.17)

Also, the derivative of the misfit function with respexthie model parameters can

be calculated as:
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where m is the kth model parameteny is the number of receivers; i1$ the number of
components, and T is the recording time. The observed patrticle displacement-tif the |

component at poirdpis Q ¢ed and the corresponding synthetic particle displacement is

{ cefte . Also, m denotes to the purturbed model meaning that the particle
o _ _O
displacement field in the perturbed modeil isw hohd 8

However, if the initial model is too far from the global minimum, thebla8ed FWI
process can suffer from cyeskipping. Cycleskipping occurs when the time shift between
the synthetic and observed waveforms is larger than half of one period (corresponding to
the dominant frequency). This can lead to convergence towards a local minimum that is
not geologically relevant, thus affeaginhe accuracy of the inversion results. This major
challenge is highly related to the noanvexity of the often employed leagjuares L2
misfit function. To mitigate the risk of cyckkipping, data hierarchy approaches such as
multi-scale frequency inbduction or temporal selection (windowing) have been suggested
(Virieux and Operto 2009bAlthough these techniques enhance the final convergence,
they are still inadequate in completely resolving the issue in complex underground settings.
Furthermore, the L2 misfit function placegual weight on all parts of the waveforms,
including noisy or lowamplitude components, which can lead to inaccurate inversion
results.

To overcome certain limitations inherent to the L2 norm misfit function, €ross
correlation functions can be used whieke into account the phase information of the

wavefield. In fact, crossorrelation is a crucial tool for mitigating the effects of frequency
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dependent attenuation and measuring phase differences between seismic signals. This
phase information is essentfar a wide range of applications, from earthquake source
characterization to subsurface imaging and reservoir monitoring in the oil and gas industry
(Maxwell et al. 2010, Yuanet al. 2020) Proposed byuo and Schuster (19913ross
correlation quantifies the time shift between isolated seismic phases in observed and
synthetic waveforms and demonstrates low-ho@arity in computing finiteéfrequency

kernels. In general, the travel time misfit can be measured by calculating the the squared

traveltime difference for a specific seismic phase:

210 -Yta (2.19)
yta t (m)-t (2.20)

wheret represents the observed traveltime, denotes the predicted traveltime in the
Eart h mo d e lifies theindifferepté.Hswievgem when it comes to FWI analysis,
U can be de tcerrelaiingtre dbsdrved and predicted wavefq@irenet
al. 2007)
Yta  ®i Q¢ @&oi o 1 b dt (2.21)
However, it necessitates that the observed and synthetic waveforms exhibit a
significant degree of similarity, and that single phases can be distinctly identified for
meaningful outcomes to be obtained. Consequently, in scenarios where different phases
interfere, theerosscorrelation method may fail to accurately measure their delay times. To
effectively resolve finescale features in neaurface applications, it is necessary to extract
more information from the signals. As a solution, the following procedure campleyed

with the previous method (called Phadesfit hereafter):

39



1 Perform a Fourietransform of the observed and synthetic data (within the
predefined time windows) and extract the complabued frequencyglomain
representation of the signals. The disefeequencies are determined based
on the provided band.

1 Convert the signals to polar coordinates (i.e. amplitude and phase)

1 Sum the linear phase difference for all frequencies.

By employing this method, multiple data points are acquired acrissrate set

of frequencies, leading to a higher perfromance in matching sesimic signals.

Another potential solution to the limitations of the L2 misfit function is to use
alternative misfit functions that can better handle the problem of-skgi@ing. Gptimal
transport theornpased approaches have recently gained attention in the field of geophysics
due to their ability to handle shifts between data and potentially reduce the problem of local
minima. Gaspard Monge, a French engineer, came up with tlesemmatical ideas in the
late 18th century to facilitate more efficient sand delivery to construction projects. To
compare seismic signalEngquist and Froese (201@oposedeplacing the L2 distance
with the Wasserstein distance whisha mathematical tool derived from the optimal
transport theory with various applications in image processing and stafistlesi 2021).

The fundamental idea is to compare two distributions by identifying the optimal mapping
between them. This requires solving an optimization problem called the Monge
Kantorouch problem, which determines the distance between the distributions. The cost
of each mapping option is considered, including the total displacement needed to map one
distribution to the other. The Wasserstein distance is then obtained by selecting the

mapping with the lowest cost from all possible mappings. The Wasserstein distance
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between two functions, f(x) and g(x), defined on a domain X as a sub¥et o&n be

expressed in the following equation:

w BQ [ Ag ., ® Qv Qo Ag (2.22)
where Lipl is the space of-Lipschitz functions (they indicate a specific type of

boundedness and smoothness in their behavior), such that:

b ahovofe @ « oS W OB (2.23)

Two fundamental premises of the standard Wasserstein éhelespite its
tempting theoretical qualitiésare that the compared signals should be norivegand
that no energy is lost during the process of mapping, which are not the case with the seismic
data. Consequently, the following conservation equation is not valid in seismic imaging:
0& Qi QW , Qv "Qw Ag m (2.24)

To address this, several modifications of the fundamental optimal transport misfit
function have been proposed. Among MEtivier et al. (2016) proposed a robust and
efficient formulation to compute the misfit for seiic data. In their scheme, the
Wasserstein distance is modified to the Kantoro¥Rcibinstein (KR) distance to address
mass conservation issuddiey also use a multidimensional KR distance to account for
correlations between time samples and traces within a shot, which significantly improves
the results. In fact, for the naronservative ( i.e., generalized) scenario, an additional

requirementmus b e i mp otsLedto make ittbdurded such that the function is

limited to reach a fixed, constant value c:

meo tmh! v Oh @ ®sS © (2.25)
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By considering the EQ.2.22 & EQ.2.25 and substituting f(x) and g(x) with the

observed and calculated styathers, the following misfit function can be introduced:

/E B 7 A [m]A (2.26)
© Q am i Ag@  « oQ o Q «whQat
(2.27)

whereA & ohOandA @O represent the calculated and observed shot gathers,
respectively. Alspthe variablaw is linked to the receiver position while the variable t is
representative of time. The superscript s corresponds to thgathetr number in a seismic
survey contaimg S shotgathers. The notation [m] indicates the reliance of theutated
data on the model parameter m.

To find further details and the exact formulation of the method, it is recommended
to refer to the published papers Iétivier et al. 2016 These papers provide a
comprehensive explanation of their approach, including the use of the Kanterovich
Rubinstein distance, the cost function involving Wasserstein distance, and the
multidimensional KR distance for accounting correlations. Additionally, the papers present
numerical results from synthetic 2D and 3D cases, illustrating the effectiveness of the
method.
2.3.5 Inversion

The minimization of the chosen misfit is the objective of the inversion process. To
this aim, optimization techniques are used to reconstruct the properties of the medium in a
recursive process to steadily reduce the difference between the syntheticabnd re

waveforms. Considering m as the subsurface distribution model, g as theguaten
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operator based on the chosen physics, and d as thediedted waveform, the idealized

form of the synthetic data can be written as the following equation:
d=g(m) (2.28)

where g(m) shows the syntheticaatowever, the idealized or the perfect match can never
be reached due to several uncertainties in the subsurface characteristics and the modeling
process. To find the best solution, knowledge of misfit functions is used to optimize the

following represetation:
wa AQa Q& & o1& (2.29)

The first term denotes the leagjuares norm to estimate the difference between the
synthetically produced waveforms and the 4féald collected ones. While mO shows the
a-priori knowledge of the subsurface, the term tries to apply th&men information of
the site to the estimated medium that is called the regularization term. The term is the
importance factor of the-riori knowledge. Since m is the only variable in the right hand
side of the equation, the minimization of the misfit function is just dependant on optimizng
the m vector.

Having p as the direction vector in the model space, the quadratic form of the misfit

function can be approximated as:

wd Q& Qa4 nNQa R -nn Qa0 (2.30)

Based on simple calculus, the approximation becomes minimnen the

derivatives are zero or :

a (2.31)
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However, in practice, the misfit functions are larger than the quadratic form,
making it computationally expensive and infeasible to find the Hessian. In response to this
issue, algorithms are used thatriwaith an approximate estimate of these conditions. For
example, the welestablished method known as the steepest descent considers the Hessian
as an identity matrix (preonditioning operator), counting on the gradient to compute the
model updates. Inemeral, the approximation of the Hessian is the primary strategy that
the most used algorithms like the QuBgiwton ones use to estimate the misfit function in
the FWI applications. Reported Byomp 2020the limitedmemory BroydenFletcher
Goldfarti Shanno (L-BFGS) algorithm is the most effective algorithm used in FWI
simulations. In fact, when the model space grows too big, the original technique (i.e,
BFGS) becomes impractical due to its memory requirements since the Hessian for a model
space with M paragters requires (FAM)/2 indices. To tackle the issu@yocedal 1980,
first proposed the limited memory BFGS in which the technique approximates the inverse
Hessian without the need to store it in memory. Instéades the previous gradients and
model updates to compute the approximations.

Unfortunately, the primary challenge with conventional local optimization
techniques is their susceptibility to becoming trapped into local minima due to reasons like
poor initial or physics of the model. Considering the benefits of the global Bayesian
methods, research teams actively are working to enhance the performance of the FWI
optimization(Sambridge and Mosegaard 2002, Tarantola 2005, Fichtner 8t.8). 4t is
important to acknowledge that the feasibility of implementing FWI on a practical scale is
closely linked to the availability of higherformance computing resources. The escalating

computational demand is justified by the need for intrinateerical modeling techniques,
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which, fortunately, have become more accessible and advanced in the recent decade. This
accessibility, coupled with continuous advancements in computing power, holds promise

for overcoming some of the limitations in FWI ajgglions.

2.4 Seismic Energy Loss

Attenuation is the generic term for energy loss during seismic wave propagation
caused by the combined effects of multiple factors along the transmission path, including
geometric spreading, scattering, and intrinsic damgtiagh of these factors is described

in more detail below.

2.4.1 GeometricalSpreading
As an acoustic wave propagates from the source, its energy is distributed over an

increasing area (spherical wavefront). The intensity of the energy correspondingly

1
decreases iproportion to—2 , Where r is the distance of the wavefront. Since energy is
r

1
proportional to amplitude squared, it decays -asfrom spherical spreading. This
r

phenomenon is analogous to the manner in which light propagates as well.

2.4.2 Scattering

Due to changes the material properties (i.e., heterogeneity of the medium), the
energy of a propagated wave scatters in different phases. Depending on the material
properties, this frequenayependent factor results in amplitude decay and dispersive
effects. Scattenig can be used to detect different underlying layers like hydrocarbons and
is defined as the multiplication of the dominant wavenumber (k) and the inhomogeneity
ratio of the medium (a). Scattering regimes can be described into the following main

categories
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1 Quasthomogeneous and effective medium regiméa(k 0.01): no
significant scattering

f Rayleigh scatt etak®l: prodeaps amsotropy0 . 01 O k

f Mie scatterinta rCGgliome:s p(r0odluc@®sk str o

large anglesompared to the incident direction in the signal.

2.4.3 Intrinsic Attenuation orDamping

This energy loss is due to the anelastic processes or internal friction during wave
propagation. This process consists of permanent exchange between displacement and
kinetic energy that mostly occurs at grain boundaries and discontindibedescribe the
intrinsic attenuation, the equation of motion for a damped harmonic oscillator can be

solved:

Go i Qo m (2.32)

wherek is the spring constant and m is the mass. By defining the friction coefficient as

1

k —
€= in which thew = (—) 2, the general formula turns into the followifagm:

mw m

0
® ] ®] 0 T (2.33
The solution to this problem can be written as following:
wo 06'Q OBl p - (2.39
As can be seen, the amplitude term is a tdependent factor in Equation 1.2. By

1
relating the friction coefficient to the quality factor (Q) %’Fg) the amplitae

formulabecomes

46



00 00Q 0'Q (2.35

The Q parameter defines the level of intrinsic attenuation present in geologic
materials thatompose the subsurface. It is reported that the Q value is usually constant
over the typical seismic frequency rangel(bHz)(McDonalet al. 1958, Spencer Jr 1981)
The higher the value of Q (less energy loss per cycle), the closer the medium would be to
an ideal elastic rheology. The interpretation of the latter sentence is drawn from the

formula:
o ¢ — (2.36
where the inverse of tth fraction shows the energy loss of seismic wave per cycle (E

is the total energy). Since high frequencies of the wave gadeore oscillations and have
shorter wavelengths, they become more attenuated compared to the lower frequency range
values. This phenomenon also leads to the pulse broadening of the seismic waves.

In general, the observed values of Q few&ves are higer than those for-8aves.The

typical Q value ranges for soil and rocks are not universally standardized and can vary
depending on factors such as geological conditions, location, and the specific type of
material being assessed. These ranges are oftgecsto regional and local variations,
making it challenging to establish a single, widely accepted standard range. For instance,
the Q values reported I8teeples (2005ndSantamarina and Park (20E&hibit notable

variations, as evidenced in Tablr2 & 2-3.
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Table2-2. Typical quality factor values in saind rockgSteeples 2005)

Type Quiality Factor
Clay and Sand 2550
Sandstone 10-50
Shale 2575
Granite 55-130
Limestone 50-180

Table2-3. Smallstrainmeasured quality factors reported ®gntamarina and PafR017)

Type Quality Factor
Coarse soils (dry) 62-250
Coarse soils (saturated) 25-100
Fine soils (saturated) 10-50
Organic soil(saturated) 10-50
Rocks (dry) 125250
Rocks (saturated) 20-83

The necessity of addressing the intrinsic absorption of the materials in anelastic

media has been well established in the literatGegcioneet al. 1988, Samec and Blangy
1992, Robertssont al. 1994) Additionally, the damping property is a critical factor in
solving nearsurface soil dynamic problems, including site response and/or liquefaction
assessment under seismic excitatidbmsoil mechanics, the loss mechanism is quantified
using damping ratigqD), which is related to the quality factor (Q = 1/2D) and is

significantly influenced by the induced strain level. The small strain damping ratio
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(typically below 16 or 10%) is of particular interest in geotechnical engineering practices
as it reaches constant minimum valu@®min). Many factors affect the & valuein
geomaterials, including frequency of the propagating wave, confinement, moisture content,
and fluid properties. Additionally, various properties of the soil medium itself such as grai
size, shape, and fabric affdgfin, which makes it a great index to differentiate between
different soil types in neasurface shallow seismic characterizatigf@ascante and
Santamarina 1996; Wargg al. 2007; Payan et al. 2016; Senetakis and Payan.2018)
Smaltstrain damping of geomaterials can be calculated from their dynamic stress
strain responses using a variety of laboratory testing methods such as torsional and direct
simple shear, cyclitriaxial, resonant column, and hollow cylinder t€Btimcus et al. 1995;
Vucetic et al. 1998; Zhang et al. 2005; Senetakis et al. 2013; Guoxing et al. 2016;
Madhusudhan and K Senetakis 201ldpwever, determination of soil properties from
laboratory testing can be problematiben considering the amount of disturbance caused
by the sampling process. For example, several studies have reported that the shear stress
release associated with the removal of a soil sample from the ground is an unavoidable
component of disturbance assded with samplingNoorany and Seed 196Larochelle
et al. 1981; Santagata and Germaine 2002; Long 2@@R)itionally, sampling from a
limited number of specific locations at the site is not necessarily representative of the whole
domain as the stratigraphy and soil properties may vatjaipaBesides the laboratory
tests, insitu testing methods (e.g., CPT, DMT, etc.) can be used to estimate the dynamic
properties of soil§Schmertmann 1978; Baldi et al. 1988; Karl et al. 200&wever, they
suffer from similar limitations in that they are often peameasurments at a limited

number of locations. Additionally, the-Bitu testsdo not directlymeasurehe properties.
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Instead, they estimate them from empirical correlations to other index properties obtained
from in-situ testing (e.g., CPT tip resistance).

To address the issues of sample disturbance and spatial variability, conventional
geophysical measurements from boreHmdsed (i.e., downhole and crdssle) and
surfacebased (i.e., mukchannel or spectral analysis of surface waves) methods have been
expored as efficient ways to reconstruct the physical properties of the subguCiacgh
and Chameau 1980; Hoar and K. H. Stokoe 1984; Woods and Jedele 1985; Gibbs et al.
1994; Foti 2003; Armstrong et al. 202Bjowever, this approach is not without limitations,
particularly with respect to accurately measuring sista#lin damping in challenging
profiles. For example, poor coupling between a borehole and the receiNmnehvle
based techniques can be problematic and the frequency of the utilized waveforms is not
routinely within the interest range of earthquake site response an@&ysist al. 2000)

Also, boreholebased methods are often still pebased measurements that provide
inadequate spatial coveragéthe domain of interest. Although surfasased methods

have less issues with coupling afisampl® more of the domain, they do not routinely
exploit all of the information contained in the acquired waveforms. In general, surface
based methods eitherlyeon the extraction and inversion of dispersion curves or the
interpretation of the wave arrival times. Reliance on dispefsased or arrival time
analytical approaches leads to limited sensitivity to physical characteristics, lower
resolution, and redied accuracy in susurface characterization, particularly for domains
with complex geometries like lateral heterogeneity or velocity inve(Sianet al.2012)

Thus, a reliable geophysical estimate of the spatial distribution of damping across a site is

still considered a challenge.

50



The continued impnement in computational resources has promoted
advancements in geophysical techniques like FWI that has ultimately led to better
characterization of subsurface conditions. Since its inception, several promising
applications of viscoelastic FWI have beepaged on largecale (kilometers) inverse
problems, typically associated with the hydrocarbon explordtivirieux and Operto
2009; Malinowski et al. 2011; Prieux et al. 2013; Cheng et al. 2015; Belahi et al. 2016;
Yang et al. 2016; Operto and Miniussi 2018; Faltlerellet et al. 2020)However, the
incorporation of viscoelasticity in neaurface FWI is limited due to specific challenges
associated with the smaller scalel@ m) investigations, including the cplaxity of
body and surface wave separation, strong attenuation, inconsistent wave excitation, and
substantial variability of the soil lithologfTran and Luke 2017)Nevertheless, recent
advances in numerical solutions of partial equations and the utilization of more powerful
optimizers have reignited interest in the use of viscoelastic FWI in geotechnical
characterizationg.g, Groos et al. 2014; Mirzanejad and Tran 2Qaoet al.2014)Gao

et al. 2020).

2.5 SourceReceiverConfiguration

Seismic acquisition involves capturing and analyzing data from the subsurface to
acquire a thorough understanding of the underlying geologpcalitions A crucial aspect
of this process is the design of a seismic survey that satisfies tchntt economic
criteria. During design of a seismic survey is important to carefully determine the
number and locations of sources and receivers so that the information content is maximized
while the actual acquisition costs (i.e., logistics, timel staff) are kept to a minimum

(Morrice et al. 2001)
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It has been reported that FWI requires a fdghsity distribution of seismic sources
and receivers across the subsurf@peertoand Miniussi 2018)While much research has
been conducted to enhance data processing, imaging, and inversion techniques, survey
design has received less attention. Redundant data collection is sometimes suggested to
addresghe inherent complexities tfie FWI processbut this approach can be costly for
largescale test§Romdhane and Eliasson 2020) recent years, there has been growing
interest in the use of FWI for neaurface applications, including the detection of
sinkholes. However, limited researbhs been conducted on the idetiectsof sources
and receiverdor such scenarios, which directly impacts the potential accuracy of the
subsurface imaging and the cesfectiveness of the survelltimately, achieving a better
understanding of the apgnoate deployment of sources and receivers in FWI for sinkhole
detection not only holds the promise for safer and more efficient civil and construction
projects but also contributes to the broader field of geophysical exploration by enhancing
methodologiegor a variety of neasurface challenges.

Using crosshole acoustic waveform inversiolNlaurer et al. (2009yonducted a
numerical study to determine the optimum source/receiver spacings laongs. The
simple experimental setup used in their study involved twan36ng, parallelborings
Also, they considered various source and receiver spacings of 0.25 m, 0.5 m, 1m, 2m, and
4m, andboring separations of 10 m, 20 m, 30 m, 40 m, and 50 m q@ypf civil
engineering croskbole experiments)The authors observed thaigher densityof source
and receivesspacingi.e., reduced spacing) resultsmarginal improvements, as depicted
in Figure 23. However, it is uncertain if this conclusion ajegl directly to surfacbéased

surveys where sources and receivers are positioned at or just below the ground level. In
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these cases, the inversion problem is inherently less constraimedrimary challenge is
characterized by the lack of direct arrivalstween sourceeceiver pairs with ray paths

that traverse the entire domain of interebt contrast to scenarios where direct arrivals
provide clearer insights into subsurface features, the energy paths in-basadesurveys

are more likely to be agtted by surface complexities and less likely to penetrate deeply,
failing to offer direct and unambiguous information about the subsurface structures.
Additionally, the presence of higgmplitude surface waves, which tend to overlay the
reflected phasesiecessitates the application of elastic or viscoelastic FWI techniques,
which can more accurately account for the full range of wave behaviors in these scenarios,

including both body and surface waves
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Figure2-3. Tomographic inversion results using a borehole separation of 30 m. (a) true mode. (b)
inversion result for a source and receiver spacing of 0.25-g),t¢enograms for a spacing of 0.5 m, 1 m,
and 2 m, respectively.

In anothe study,Nuber et al. (2017jound that there are only marginal benefits

when a spatial sapling smaller than 1 m was used for both source and receivers in an

53



elastic FWI with noise&eontaminated data and frearface boundary conditions. Source

and receiver spacings ranging from 0.25 up to 4 m along the surface (Figyre 2
Additionally, basedon various optimized experimental design (OED) techniques, the
authors reported that with a small amount of carefully selected source positions, similarly
good results can be achieved, as if as many sources as receivers would have been employed
in a densescenario.

Althoughthe aforementioned studibave suggested that a high density of spatial
sampling is potentially unnecessary for FWI problems, these findings may not be
applicable to sinkhole scenarios where reflections from underground anomalies are more
prominent than in typical velocity increag profiles. Therefore, source and receiver
configurations in seismic neaurface FWI should account for the specific geological

structure and the desired resolution and coverage of the survey.
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Figure2-4. (A) tomogram obtained with the comprehensive data set (0.25m source and receiver spacing).
(B) tomogram obtained with 1m spacing, and {@hogram obtained witBm spacing
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2.6 Initial Model Selection

Theinitial model plays a crucial role in the conventional FWI process where local
optimization technigues are implemented to update the parametrization. In fact, the quality
of the initial model determines the convergence rate and the accuracy of thevénsibim
result. This is more challenging in the nsarface region where subsurface features can
be highly variable ang@omplex,and the resulting waveforms dawt exhibit sufficient
separation between different wave types. An inaccurate or poorly defii@dmodel can
consequently lead to a slow convergence, and the inversion process may get stuck in local
minima or saddle point, resulting in unreliable inversion results. Therefore, it is essential
to select an appropriate initial model that is aselas possible to the true subsurface
velocity structure.

To accomplish this,-riori knowledge regarding the subsurface conditions should
be incorporated into the initial model to restrict its parameters (i.e., velocity, density, or
damping) and dire¢he inversion toward a more accurate depiction of the subsurface. This
information can come from various sources, such as boring log data, geological maps, or
other seismic surveys.

Theliterature highlights three primary categories of commonly used Fakirsj
models: (1) constant velociiKallivokas et al. 2013, Kucukcoban et al. 2Q1Q) linearly
increasing velocity with depiffran and McVay 2012, Dokter et al. 20;1ahd (3)velocity
profiles derived frm other seismic methodKdhn et al. 2019, Wang et al. 2018)gure
2-5 reveals that a significant proportion of FWI studies in the geotechnical scale employ
either constant velocity or laarly increasing velocity. While these starting models have

some benefits, such as simplicity, computational efficiency, and effectiveness in certain
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geological settings, they do have some significant limitations and potential shortcomings.
First, they ref on assumptions which may not be valid in all geological settings, such as
in regions with significant lateral velocity variations or highly variable velocity profiles.
Furthermore, these methods may not be able to capture subtle features critickhfdesin
detection and characterization, such as sswle heterogeneities, fractures, or voids.
Therefore, more sophisticated methods with higher details should be employed when

necessary to ensure accurate and reliable inversion results

Increasing Velocity

Constant Velocity

Figure2-5. Distribution of the types of initial models used in nearface FWI (refer to
Table2-1).

In terms of seismic wave methods used to develop starting models, the MASW and
seismic refraction methods have been the most commonly employed in the studies
summarized in Figure-8. While these methods may contain more information about the
true subsurfaceondition than constant/linearlgicreasing velocity models, the accuracy
of MASW and seismic refraction can depend on various factors, such as the quality and
guantity of input data, the type of seismic wave analyzed, and the complexity of the

subsurfacetructure. Additionally, subjective decisions can also affect the interpretation of
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these seismic methods, especially when it comes to analyzing the waveforms by picking
arrival times, identifying phases, and similar steps in the data processing.

A systeméic study of the effectiveness of various initial models has not been
undertaken for near surface geometries. It is essential to quantify the effectiveness of each
starting model based on how well the final model can be predicted assuming all other
factorsin the FWI processing remain the same. In this manner, the use of statistical metrics
can help differentiate the performance of each starting model and facilitate the selection
process in sinkhole applicatians
2.7  Misfit Function Selection

The primary olgctive of FWI is to minimize the misfit between the synthetic and
true (or observed) waveforms to obtain an accurate estimate of the subsurface model
parameters. FWI can adopt either global or local optimization techniques to search for the
optimal solutim. Unlike local techniques, global techniques search the entire parameter
space to find the global minimum, thereby reducing the risk of getting trapped in local
minima. This feature is particularly important when the misfit (objective) function has
multiple minima, as is often the case in FWI. However, global techniques suffer from the
drawback of having a high computational cost, which makes their application impractical,
leading to widespread use of local optimization methods ingtdadedal and Wright
1999) Such methods typically require fewer forward problems than their global
counterparts, making them significantly faster. However, having a-coovex
optimization prokem, these methods are more likely to become stuck in a local minimum
that prevents them from advancing toward the correct solution. This happens when the

algorithm converges to a suboptimal solution that is the best in its local neighborhood but
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is not the best overall. Once trapped in a local optimum, the algorithm cannot escape and
continues to explore the same area, which leads to suboptimal solutions. Therefore, the
choice of the misfit function is critical to the success of FWI. However, selecting an
appropriate misfit function is not a trivial task and requires careful consideration of various
factors.

Figure 26 presents a bar plot with the frequency of the misfit functions utilized in
the near surface FWI applications cited in Table. Zhe datalsows that the Lzhorm
misfit function has the highest frequency when compared to the other misfit functions
employed in the neaurface FWI. However, when the synthetic data produced by the
initial model deviates by over half a cycle from the observed @ahich is the case in
complex geologies), L-Rormbased FWI may encounter a cyskdpping issue.
Additionally, this misfit places equal weight on all parts of the waveforms, including noisy
or low-amplitude components, which can lead to inaccuratesioreresults, especially in

the presence of cyclkipping.

Frequency

L2-norm
Envelope-based
Hybrid

Global Correlation norm -

Misfit Function

Figure2-6. Frequency of Misfit Functionssed in neasurface FWbased on the existing

literature.
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To overcome the issue of cyedkipping, the crossorrelationbased misfit
function has been proposed for FWI stud{eseuwen and Mulder 2010, Choi and
Alkhalifah 2012) This misfit function measures the similarity between the observed and
synthetic data by computing the maximum correlation coefficient between the two
waveforms. This ngfit function is less sensitive to noise than the L2 rbased misfit
function, and it can be more effective in mitigating the problem of ekilgping as it
emphasizes on the travel time contribution while reducing the amplitude @ffectind
Schuster 1991, Luet al. 2016, Yuet al. 2023) Despite its benefits, the cressrrelation
misfit function & less sensitive to the specifics of the waveform shape, limiting thésFWI
ability to resolve the data details and, consequently, lead to a poor resultan{Taodk|
al. 2017)

As another alterative to the conventionaR- norm misfit function, the envelope
based objective function have demonstrated promising results in seismic inverse problems
(Bozdaget al.2011) This misfit furction assumes that the envelope of the seismic data is
related to the amplitude of the wavefield, which is a more reliable indicator of the
geological properties of the subsurface than the phase. These functions have been shown
to be particularly useful wvan dealing with seismic data that contain phase errors, which
can be challenging to correct using traditional methods. However, there are still some
challenges associated with combining them with FWI. For exarBblaradwajet al.
(2016)notes thaenvelopebased misfits are not sensitive to travel time errors that exceed
the width of the predicted drobserved envelopes. This means that if the travel time errors
are too large, they may not be accurately reflected in the misfit function, potentially leading

to inaccuracies in the final image. Another challenge is that the envadsee misfit may
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not be able to retrieve longavelength heterogeneity using only reflected data. This is
because the envelope of the reflected wavefield is primarily influenced by the shorter
wavelengths, making it difficult to extract information about the lonwggrelength
features of the subsurfaf®/u et al.2014)

The use of optimal transport thedmgsed misfit function has recently gained
significant popularity in the field of geophysics due taaitdity to handle shifts between
data and potentially reduce the problem of local minjMétivier, Brossier, and Mérigot
2016) In seismic signal processingnhgyuist and Froese (2018)ere the first to propose
using the Wasserstein distance, which is based on the optimal transport theory, as a
replacement for problematic L2 distancEhe Wasserstein distance assumes that the
compared signals are positive, ahdt no energy is lost in the process of mapping one
signal to the other which are not valid for seismic signals. To address this shortcoming,
Métivier et al.(2016)proposed the strategy of using a variant of Wasserstein distance relies
on the dual formulation of the Monigéantorovich problem,and is defined as a
maximization problem over the space of bounded functions with variations bounded by the
unity. This allows us to overcome the restriction associated with the original technique.
While this updated function has shown promising resuliarge scale applicationfyang
and Engquist 2017, Pongsdtal.2018) incorporaion of optimal transport into near surface
problems still needs further research to fully understand its potential.

In summary, the choice of the misfit function is a critical aspect of FWI, and
different types of misfit functions have their advantagebdisadvantages. While theL2

normbased misfit function is the most commonly used, further research is needed to
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guantify the effects of misfit function when employed in near surface geotechnical

applications.

2.8  Viscoelasticity

Althoughacoustic FWI sudérs from major shortcomings due to the limited physics
being modeled, successful near surface applications of FWI have been perfomed in this
framework under judicious data conditionif@adylshinet al.2014, Mei and Tong 2015,
Chenet al. 2016, Kontakiset al. 2020, Kordjaziet al. 2021) Rdiability of acoustic FWI
decreases significantly when it comes to domains with complex topographies and velocity
contrasts where multiple wave types can dominate the recorded wavéBrossieret al.

2009) This is particularly the case in near surface applications where
direct/reflected/refracted body waves and s@wfaaves can arrive at similar times, which
makes it very difficult to use techniques that filter surface waves as unwanted noise.
Additionally, considering shear and surface waves as noise sources in the inversion can
adversely affect the final resolutiof acoustic FWI as they contain important subface
information.

Given the limitations of acoustic FWI and the increasing trend of higher
computational capabilities, elastic and viscoelastic FWI have been increasing
implementedOne of the first applicains of elastic FWI in neasurface problems was
reported byGéliset al. 2007. Using numerical simulations, they explain the challenge of
inverting for combined body and surface waves as they natually behave differently. Based
on the esults, the authors emphesi the reduction of nontlinearities using
preconditioning techniques to enhance the quantifications resolution. In another study,

Romdhaneet al. 2011 performed a 2D elastic frequency domain FWI on a synthetically
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simulated model of a realistic landslide with strong velocity contrasts and a complex
surface topography. The authors used a discontinuous Galerkin method, based on a low
order mixed P@P1 interpolation to model the wave propagation while tRBFGS
optimization method was adopted to improve the convergence of the wavdfsintsa

total of 197 Ricker sources placed 1m below the surface, withmaspacing along the
horizontal axis and 197 receivers located 0.5 m below the surface, they reported the
significant importance of successive inversions of overlapping groups of finite frequencies
andintroduction of the later arrivals using time windowing to mitigate the nonlinearities in
the nearsurface FWI application. Although the results were acceptable, the authors
reported the imporance of incorporating quality factors in the FWI process vdrkimgv

with real dataThe primary challenge that necessitate the transition to viscoelastic FWI is
the assumption of a purely elastic earth, which ignores the inelastic behavior of real
geological materialsThis oversight significantly compromises thegsion of subsurface
imaging. As elucidated biRobertssoret al. 1994 anelastic phenomena extend beyond
simple modifications in waveform amplitude and phase. They include intricate wave mode
conversions, such as the transformarions betwegaves and Svaves.

Consdering the literature, these are relatively few applications of viscoelastic FWI
with discrepancy in their reported resultalling for a more comprehensive analysis of the
proposed techniquefor example, sing a combined approach of nhumerical and mal
scale physical modeling simulatioBretaudeauet al. 2013 investigated passive
viscoelastic FWI in a complex neaurface structure that contained an unfavorable
configuration with weak impedance contrasts of layers, strong attenuation, and high

amplitude surface waves. The results demonstrated some discrepanties final
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underground mapping of the numerical and experimental models. The authors claimed that
the observed artifacts were due not only to the stronginearity at very shallow depths,
where surface waves dominate, but also to the dependencae fjtialto-noise ratio on

offset and frequency, source signature inversion, and singularity of the gradient close to
the sources. They reported that preprocessing of the data and noise handling are critical
points for successfully applying viscoelastic FWd nearsurface field seismic data.
However, the authors used gaeown quality factors in their simulations and did not
investigate the influence of inaccurately chosen quality factors on the reconstructed

models.

Groos et al. 2014ynthetically compared the results of elastic and vedastic 2D
FWI to reconstruct the properties of a shalseismic profile.They reported that the
sourcewavelet correction can partially explain the residuals between those approaches, but
it cannot fully address the frequenrdgpendent amplitude decay with offset (intrinsic
damping). Although part of the anelastic attenuatian be explained by scattering, the
authors strongly recommend the inclusion of the quality factor in the forward modeling to
enhance the reliability of the results. They also showed that the effect of incorrectly chosen
initial quality factors can be mgated by applying the soureeavelet correction. The
authors emphasize that other difficulties such as large dimensionality induced non
uniqueness, tradeff among the parameters, and out of plane scattering must be taken into
account to result in a sucsfisl FWI implementation.

To provide more insights into the composition of scattering in seismic recordings
and mitigate the crogsilk (tradeoff between parameters) in FWAthanasopoulos and

Bohlen 201%sed a 2D finitedifference method for solving the viscoelastic wave equation
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to characterize the scattering response of a shatoucture. By perturbing each sub
surface property (the-Rnd S wave velocities, the density, the quality factosand gs)
indivisually, the authors could show the scattering pattern of the whole waveform and P
and S waves under the specific perttidraconditions (Figre 27). Based on their results,

the scattering pattern of density is fundamentally different from those of velocity and
attenuation, leading to less crdaatk. However, the similarity of scattering waves is high

for attenuation andelocity creating significant crodalks that result in a challenging
inversion process. Additionally, it was observable that the changes in the shear velocity
can form waveforms with 100% amplitude reduction compared to the background model
(without any poperty perturbation), which demonstrates the high sensitivity of FWI to this

parameter.
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Figure2-7. Snapshots of the-wave (Es) and ®vave (Ep) intensity of the background wavefield
and scattered wavefields caused by perturbations of the viscoelastic parameters (the amplitudes
of the scattered wavefield are clipped to lower values as indicated byldhdars). The boxes
signify the reduction in percentage of the amplitudes of the shot gathers compared to the
backgroundAthanasopalos and Bohlen 2019)
Mirzanejad and Tran 20X 8erformed extensive 3D passiviscoelastic and elastic
FWI simulations on the same field dataset with similar initial model, frequency content,
numerical modeling and optimization technique. They showed that the inverted/iakiea
velocity profiles from viscoelastic method are more consistent with the SRaluEs of
the subsurface soils compared to the reported elasttium based results reported by
Nguyen and Tran 2018 he authors claimed that the simulation of accurate quality factor
in the viscoelastic modeling is the key step preventing fs@ershooting of low velocity

zones. However, in general, both viscoelastic and elastic methods could produce acceptable
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velocity profiles that were in good agreement with the SPT dataset at four different

locations (Figure -B).
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Figure2-8. Comparison of elastic and passwiscoelastic FWI results with SPderived data.

To reduce the cross talk effects in the inversion prodeegter et al. 2017
developed 2D elastic and viscoelastic FWI to invert &htl Lovewave data for mapping
remains of historical building foundations in a highly heterogenous subsurface. The high
potential of this technique was attributed to the independency of Love wavesaeeR

that reduces the computational time by requiring fewer ippuameters for waveform
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simulation than Rayleigh waves. Using different Qs values (30, 15 and 10) for the
measured data, the authors reported that the resulting viscoelastic velocity profiles are
smoother compared to that of elastic ones showing lestsdéiao, they mention that the

influence of anelastic effects on the inversion result was rather small (Fi§iire 2
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Figure2-9. Vertical depth profile at x = 5 m for the initial model, elastic FWI , vistastic FWI results
using different Q values for thevBave velocity and density model.

While the existing literature provides insights into the applications of viscoelastic
FWI, there is a notable lack of consensus on its superiority over elastic FWI. This gap is
significant, as the physics underpinning elastic forward modeling are widelgneed as
insufficient for fully capturing the complexities of field wave propagation. However, the
extent to which this inadequacy impacts the accuracy and convergence of FWI outcomes
in practical scenarios remains underexplored.
2.9 Summary

In this chapte a comprehensive review was provided on various critical aspects of
FWI, focusing on the effects of souroeceiver configuration, initial model selection,
misfit function choice, and the physics of forward modeling. Each of these components

was identifed as vital to the accuracy and effectiveness of FWI, particularly as-a near
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surface imaging technique where the resulting wavefields can be quite complex with
overlapping arrivals from different wave types. Regarding sexgoeiver configuration,

the chater reviewed attempts to assess the impact of these elements on FWI results,
highlighting that while higkdensity spatial sampling might not be necessary for standard
FWI problems, this might not hold true in scenarios like sinkholes, where reflectooms fr
underground anomalies are more prominent. The significance of the initial model was also
discussed, exploring how techniques like MASW could provide more accurate starting
points for FWI studies and emphasizing the crucial role of initial model seledtie to

factors like data quality, seismic wave type, and subsurface compl&dihitionally, the
selection of the misfit function was identified as another key aspect, with the strengths and
limitations of various functions reviewed, underscoring thedn&r more efficient
optimization techniques. Finally, the physics of forward modeling was examined, noting
the limited applications of viscoelastic FWI and discrepancies in reported results, but
acknowledging the potential of viscoelastic FWI as a vaéudbol in geotechnical
engineering with further research and development. In conclusion, the chapter emphasized
the necessity of a systematic assessment of these components before employing FWI in
field scenarios, suggesting that a thorough understaadishgareful consideration of these
factors are imperative for the effective utilization of FWI in geotechnical engineering

applications, ensuring accurate and reliable results.
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CHAPTER 3
NUMERICAL EVALUATION OF FULL WAVEFORM INVERSION ON
THE EFFECTS OF PARAMETERIZATION AND WORKFLOW ON
ANOMALY DETECTION
Preface The contents of this chapter drepartbased orthe manuscript:Alidoust, P.,
Coe, J., Yang, Y.ASinkhole Evaluation Using Full Waveform Tomography: A
Comparative Numerical Study dDbjective Functions. in proceedings of the Geo

Congress 2024, Vancouver, CA

3.1 Introduction

It is evident from the literature review that FWI performance exhibits high
dependency on the chosen parameters and workflow. In this chapter, the results are
preseted from a comprehensive numerical analysis to thoroughly assess the impact of
various key factors on the accuracy of subsurface models derived from FWI. Specifically,
the influence of the initial model, misfit function, soureeeiver configuration, angdave
propagation physicareexplored as pivotal parameters known to significantly impact FWI
performance. The insights derived from thisdigpth investigation not only refine and
optimize subsequent field modeling but also provide a more reliable appfoac
interpreting field results. By addressing the differences observed in numerical results, this
chapter contributes to a more robust and informed understanding @ pdténtial and

limitations in near surface applications.

3.2 Sinkhole Modeling
A 2D elastic/viscoelastic modeling procedure was adopted in this section to analyze

the performance of FWI in the presenceddferent sinkholescenariosTo represent a
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realistic fieldscale case, the model domain covered 80 m in length (100 meters in the case
of evaluating source configuration) and had a depth of 20 météd#tionally, a separate
setupwith a domain length offsmetersvas chosefor a detailed assessment of the physics
involved in the forward modeling proces$s.terms of soil layering, a l&y of soil with a

shear wave velocity of 450 m/s was situated over a rock layer with a shear wave velocity
of 900 m/s(the soil and rock layer thicknesses were 7.5 and 12.5 meters, respectively).

Table 31 outlines the specifics of the allocated properties tsthildayers.

Table3-1. Material properties of the soil layers.

Material Background Soil Rock
Density (kg/n?) 2000 3000
Ve (M/s) 900 1800

Vs (m/s) 450 900

Eachmodel contained an anomalous zone indicative of a sinkhole. The size, shape,
and depth of sinkholes exhibit substantial variability in nature due to an array of influencing
factors, including, their formation mechanism, soil strengthdedying geology,
weathering, the position of the water table, and the composition of carbonate rocks, among
others(Zisman 2003)From a hazard and engineering perspective, subsidence sinkholes
are of paramount importance, in which thgbsurface dissolution and the subsequent
downward gravitational movement of the overlying material can cause catastrophic ground
surface subsidence. Figurel3provides an overview of various subsidence sinkhole

classes
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[ SUBSIDENCE SINKHOLES )
Collapse Sagging Suffosion
Cover collapse sinkhole Cover sagging sinkhole Cover suffosion sinkhole

Cover

Bedrock

Caprock

Figure3-1. Various types of subsidensskholes(Gutiérrez 2016)

Amongthese, the cover collapse classes present a more significant threat, primarily
because they tend to lack sudamanifestations that can provide an indication of
impending damage to existing infrastructure. These sinkholes originate wherchlay
surficial soil gradually settles into voids within the limestone, forming an arch that
eventually collapses. In the malthg, two specific cases of cover collapse sinkholes were

examined:

1 Formation of an arch at the boundary between the soil and rock layers,
resulting in a shallow formation sinkhole.
1 Formation of a sinkhole within the rock layesharacterizing a deep

anomaly.
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While there is appreciable variability, the prevailing sinkhole geometry in natural
occurrences is approximately elliptical or circu{@agieddinet al. 2000, Gemmiet al.
2003) The circular or elliptical shape is a consequence of the outward erosion pattern that
occurs as the material surrounding #iirekhole collapses into the void below. The exact
shape of a sinkhole may still vary based on factors such as the specific geological
formations, the type of rock or soil involved, and the environmental cond{ftms and
Beck 2011) To address this variability, both elliptical and circular shapes are considered

in the modeling for both deep and shallownk$iole scenarios.

Much like their shape, the dimensions of sinkholes are also influenced by a
multitude of factors and can range from small and shallow depressions to large and
profound craters. For exampWjlson and Beck (1992)nalyzed data spamg from 1961
to 1986 in Orlando, FL, revealing an average sinkhole diameg&&.5fft (9.9 m)(Figure
3-2). Zisman(2003, drawing from approximately 509 data points gathered between 1964
and 2000 by the South WWteFlorida Water Management District, reported an average
sinkhole size of 11.2 ft (3.4 m) in Florida, contradicting the findings of Wilson and Beck
(Figure 33). In another study bZonstantinou and Van Rooy (2018hich investigated
200 cases in the southern Pretoria area, it was revealed that around 70% of the sinkholes
aresmaller than 6 meters (Table23. This inconsistency in average sinkhole dimensions
is not unique to any specific study and can be found in the data presented by other

researcher@ochanov 1999, Galvet al.2009)

72



40 40

n=103

10
5]
o T L] L) T T ¥ Ll T
0O 10 20 30 40 50 60 70 B0 90 100 >100
(Feet)
Sinkhole Length

Figure3-2. Histogram of sinkhole length in the Orlando metr@palarea from
1961 to 198qWilson and Bek 1992)

g D
o O

H
o

N
o

Number of Sinkholes
w
o

—_
o O

[ I. | I

3 5 8 10 13 15 16
Sinkhole Width (meters)

O —

Figure3-3. Graphical representation of data reportedsbyth West Florida
Water management DistriZisman 2003)

73



Table3-2. Sinkhole diameters in the area south of Pretoria from over 200 data in the area
(Constantinou and Van Rooy 2018)

Sinkhole diameter

0-2m 2-4m 4-6 m 6-8m >10 m Total

Total (%) 93(38.9) 54(22.6) 29(12.1) 16(6.7) 47(19.7) 239

Given the significant variation in sinkhole sizes, 10 m and 5 m diameters were
chosen for this study, which represent shallow and deep sinkmel®ectively. The
vertical dimensions of the elliptical sinkholes were set to half of their horizontal length as
anapproximation based on the review of case histgfesssefet al.2012, Bonettet al.

2023) Figure 34 presents a schematic of the modeling framework for this study and

Figures 33 and 34 present the actual model geometries based on shear wave velocities.

Anomaly Scenario

Embedment Depth
Embedment Depth

Shallow (cover collapse condition on the border
of rock and soil)

Deep (sinkhole
in the rock layer due to feasures in the upper layers)

Diameter
Diameter

5m (circular) 10m (eliptical) 5m (circular)

10m (eliptical)

Figure3-4. the adoptedtrategy in modeling sinkles for the numerical modeling this
study.
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Considering that sinkholes typically emerge within weathered soil

or rock

formationsthe unique material properties of these formations have been taken into account

in contrast to the conventional soil andk@roperties outlined in TableB3 As a result,

the primary velocity, shear velocity, and density values were established at 400, 200, and

1000, respectively, (all measured in metric units). This deliberate differentiation in material

parameters catets the unique nature of sinkhole formations and ensinesodeling

aligns with realworld scenariosBased on the provided explanations, the used true models

are depicted in FiguresBand 36.

(a) (b)
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i F _ ﬁ
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Figure3-5. true models with circular anomalies: (a) border anomaly, (b) within rock

anomaly
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Figure3-6. true models with ovashaped anomalies: (a) border anomaly, (b) within rock

ananaly.
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3.3 FWI Data Analysis

Dependingon each simulatidis objectives, the sourgeceiver geometry was
adjusted for the forward modeling efforts. The arrangement of sources and receivers
closely resembled typical configurations as used in sulfased seisri geophysical
testing. The source used to generate the recorded waveforms for the model was a vertically
polarized Ricker wavelet with a central frequency of 40 Hz (Figtifg 2dditionally, in
order to improve the convergence of misfits, this study eyadl@ hierarchical inversion
approach involving the gradual introduction of different frequency components, as outlined
by Bunks et al. (1995) Specifically, the inversion process commenced with a central
frequency of 10 Hz, followed by 20 Hz, 30 Hz, and eventually 40 Hz (Figije Bach
stage of inversion continued until there wadurther improvement in the misfit value for
all the events.

To perform the forward and inversion simulations, the S&#wojgctmodule of the
Salvus software suite developed by Mondaic® and documentgdmasievet al.(2019)
was utilizel in this study. Salvus employs a robust speai@inent method (SEM)
formulation for solving the equations related to wave propagation (elastic or viscoelastic).
Following forward modeling simulations of the true model, the observed waveforms were
procesed using Geometrics Seislmager/SW software to generate dispersion curves for the
subsequent application of the Multichannel Analysis of Surface Waves (MASW)
technique. In addition, the dispersion data was inverted using thesopese software
package Gepsy. This software employs the neighborhood algorithm, a global search

method describely Watheletet al.(2020) to efficiently determine the velocity paratee
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Figure3-7. Source time function, and power spectrum of the source
wavelet generated by Ricker wavelet for each stage.

Model parameters were updated during FWI usiegjuasinewton method called
the limitedmemory BroydenFletcher Goldfarli Shanno (EBFGS) algorithm by
Nocedal and Wright (1999)As outlined in Chapter 2 this algorithm efficiently
approximates the Hessian matrix and balances the gradient to facilitate the convergence
towards the global minim&lso, for mitigating the ilposednss of the inversion problem
(i.e., being inherently challenging and mathematically unstahlehgsidethe a-priori

assumptions, regularizatiavasapplied as a smoothing operator on the model parameters
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to stabilize the inversion and provide a more reliable solufigomehm et al. 2018)
Ensuring the gradient and model parameters are smoothed is essential to avoid the impact
of smallscale heterogeneities in the model, which can lead to inversion failure.
Furthermore, employing an effective smoothing strategy is instrumental in en#imin
successful inversion of smallecale features within the domain, as demonstrated by
Borisovet al.(2018)

To mitigate the substantial computational costs inherent to FWI, a conventional
approach is to strategically target a reduced domain subset [i.@rethen of interest
(ROI)] for the purpose of model parameter updating during the inversion prddess
precise determination of this ROI is contingent upon anyegigting sitespecific
knowledge. However, in this study, it was assumed that there wepgenmus site
investigations. Consequently, the decision was made to extend the model updating process
to encompass the entirety of the domain. This expanded search area introduced a
heightened degree of uncertainty into the FWI prodgesindary conditias included a
free surface at the top boundary of the domain in order to prevent unwanted reflections at
the model boundaries. The bottom and sides of the domain were equipped with absorbing
boundaries to remove unwanted and unrealistic reflec@tamgon andEngquist (1977)

The forward and inverse modeling were executed remotely in parallel modes by
using the HighPerformance Computing (HPC) resources at Temple University to handle
the associated high computational costs. These computations were suborii¢te cores
of the compute servers of the Temple HPC cluster for each modeling [Compute is an
interactiveuse server that provides 88 CPU cores (Intel® Xeon Gold 6238 processors)

with up to 1.5 TB of RAM and 0.5 PB shared memory].
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3.3.1 Initial Model and Misfit Function

As noted in the literature review, the initimlodel, and the misfit (objective)
function used during FWI are intimately linked elements that jointly influence the success
of the inversion process. The initial model serves as the starting point for the inversion
algorithm, dictating the general search amatiie optimal solution. The misfit function
guides the optimization process, providing the algorithm with a direction for refinement.
The shape of the objective function landscape plays a crucial role in the convergence
behavior of the algorithm. A morevex objective function is less likely to have steep
local minima, making it easier for the algorithm to escape these traps and reach the global
minimum. A wellchosen objective function can therefore help mitigate the sensitivity of
the inversion procest the initial model by providing a smoother, more navigable
landscape. The joint consideration of both the initial model and the objective function is
fundamental to advancing the reliability and effectiveness of FWI in various scientific and

engineeringapplications.

Figure 3-8 presents the strategy adopted in this study to assess the performance of
initial models and misfit functions. As can be seen, the initial models encompass the
following categories: MAS\Wderived(2DMASW, constant velocityConstant(Minimunj)
true model Without anomaliegTwo Layers (No Anomaly)increasing velocity within a
matching range to the true modkldreasingVelocity), and increasing velocity with a range
that deviates from the true modehdreasingVelocity (High)). Alongside these initial
models, three distinct misfit functions are considered: the L2 norm, phase, and optimal

transport, which have been previously discussed in preceding chapters.
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Optimal transport  je==

True model with no anomaly]

¥ [ncreasing velocity (the velocity range matches the true model)]

s [ncreasing velocity (the velocity range does not match the true model)]

Figure3-8. The chosentgategy to testarious initial models and misfit functions in the
current study.

The methodology involves using the mentioned five initial models for each misfit
function, all while maintaining a constant true model. This approach enables the
assessment of each misfitnictiorts respective final performance. After identifying the
most effective initial model for each misfit function, the-fmgrforming combinations can
be subsequently selected for the purposes of this research application and field efforts.

Thesourcereceiver geometry for these efforts replicated a common seismic testing
configuration with 24 surface receivers spaced -ateter intervals, and sources were
positioned at every other geophone, with two extra shots added 6 meters before the first

geophone aafter the last one. The adopted configuration for this section of the study is

depicted in Figure-3.

2-D Box Domain. Extent: [0.0, 40.0] x [0.0, 10.0] meters.

L 006066666606006006000606——( —
8
3 6 . Sources
- 4 @ Receivers
2
o
] 5 10 15 20 25 30 35 40
x [m]

Figure3-9. Source and receiver configuration for misfit and initial model
assessment
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In considering the true model, the simplest form of the sinkhole scenario was
considered with the aim of avoiding the associated higher computational time
Furthermore, it is artipated that in less complex conditions, if any of the misfit and initial
models outperform others, they will similarly outperform in more complex situations.
this regardan ovalshaped anomalous sinkhole feature with a diameter of 10 meters in the
x-direction and 5 meters in thedjrection was situated within the soil layer, which had a
thickness of 4 meters and extended over a bedrock continuing to a depth of 10 meters.
Furthermore, the domain itself covered an area of 40 meters indineckion anl had a
depth of 10 meters.

To obtain the initial models, it was considered thatiari information from test
borings was available for thHievo Layers (No Anomalyfonstant(Minimum) Increasing
Velocity, andincreasingVelocity (High) models. Howeverin the case of initial models
derived from MASW results, forward modeling was executed across the entire domain to
acquire waveforms. Subsequently, software tools like Seisimager and Geopsy were
employed to transform these waveforms into dispersion cuifesse dispersion curves
were then subjected to MASW inversion for ascertaining velocities for each x location,
followed by interpolation to yield 2D MASW results. Figurd @provides an illustrative
overview of the 2D MASW procedure. The final initiabdels and the true model plots
are also depicted in Figureld.

After finalizing the initial models, the inversion process was carried out in four
stages, each covering an increased frequency range, with twenty iterations for each stage.

The total inversin time for all of the misfit functions, after 80 iterations, totaled 560
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minutes, which is roughly 9.5 hours. The results of FWI are presented in Fid2ras3

the inverted Vs profiles derived based on each misfit function.
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Figure3-10. MASW data processing flowchart
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Figure3-11 Theinitial and true models chosen for this study.
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When comparing the velocity profiles, all combinations of the initial models and
misfit functions successfully detected anomalies in the appropriate location. All
combinations also accurateigentified the value of Vs associated with the anomalous
sinkhole region as well. However, the shape of the anomaly always appears much smoother
than the true model due to the regularization that is applied to all combinations of initial
model and misfitdinction to ensure convergence of the inversids.ithportant to note

that the lack of waveform coverage on the ends of the domain (due to limited receiver and
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source locations in those regions) prevents any appreciable updates in the model in those
regions. This means that inversions with initial conditions that were very different than the
true model exhibited more inaccuracy near the ends of the model. This explains the
observed lower velocities in those regions close to the surface in Figdre 3

As expected, th&@wo-Layers (No Anomalyipitial model provided the best results
among all the misfit functions based on a qualitative assessment. Since this initial model
closely resembles the true model, it is much more likely that the inversion processdgsro
along the correct path in the optimization and bypasses local minima in favor of the global
minimum. However, a more comprehensive quantitative comparison is necessary to
differentiate the FWI results among the various combinations of initial maddlsnisfit
functions.To this end, each of the domains in FigurgZ3were spatially discretized into
400 by 400 rectangular elements and the corresponding Vs value at a particular location
was assigned to each element at that locaffsom this discretiation scheme, the
difference between the inverted Vs and true Vs was statistically quantified using different
approachescludingrootmeansquare errofRMSE) andthe coefficient of determination

(R).
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Figure3-12. Resultant velocity profiles for each misfit function and their assigned initial
model (a) L2 norm results (b) Phase results (c) Optimal Transport results

For RMSE the valuefor each column (j) of the inverteathd truevelocity matrix

was calculated using thHellowing formula:
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where m represents the number of elements in each colundenotes the true velocity
model matrix value at and column jandU[ signifies the corresponding value in the
inverted velocity matrix.This calculation provided RMSE values distributed over the
horizontal axis of the domain, offering a quantitatmeasure of the fit between the
inverted velocity matrix and the true velocity model matAgditionally, an average of
the calculated RMSE values was obtained, providing a single numerical representation that
further gauges the overall accuracy of theeited velocity matrix in comparison to the
true model. It is noteworthy that the bessse scenario is characterized by the lowest
RMSE value, indicating a closer match between the inverted and true models, while the
worstcase scenario is associated wahhigher RMSE, signifying a less accurate
representation.

For R, both the true and inverted matrices were converted into flat vectors, and the

coefficient was calculated across all values using the following formula:

B

v p 2

(3-2)

where n is the number of observatiohsrepresents the true velogity is the inverted
velocity andul is the mean of thebserved velocity value3his results in one value per
each inverted velocity profile for comparison with the true modehigher R value
indicates a better fit of the inverted velocity values to the true values, with 1 being the ideal

value representma perfect fit.
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Figure3-13 displays the RMSE results for the comparison of misfit functions. Upon
examining the RMSE values for each initial model across all three employed misfit
functions, it becomes evident that optimal transport outperforms thetetheFhe RMSE
values obtained using optimal transport misfit were consistently lower for all the initial
models, demonstrating its excellence in providing a better fit to the data. The results also
indicate that th&wo Layers (No Anomalypodel excels c@r other initial models, yielding
RMSE values of 112 m/s, 79 m/s, and 69 m/s for the L2 norm, phase, and optimal transport
misfit functions, respectively.

A notable observation across all the misfit functions is thaievIASWand
Increasing Velocitynitial models yield velocity profiles with roughly the same level of
accuracyAmong these initial models, the optimal transport misfit function yielded slightly
better results than the phase misfit function, while the L2 norm exhibited a higher RMSE.
Anothe point is the weakeperformance of the&Constant (Minimum)and Increasing
Velocity (High)models, ranking them as less suitable options for achieving more accurate
FWI results Despite the relative ease of usinglaareasingVelocity model compared to
calculating th&D MASWnN seismic practices, the analysis across all misfits implies that a
large difference in the velocity range compared to the true model fomtneasing
Velocity model falls short in achieving optimal accuraay.fact, the velocity range for
such a model should be estimated close enough to the true model to be effective; otherwise,
it may get trapped in a local minimum and, in the worst case, may lead to a nonsensical
velocity profile.

To enhance the analysi®? values werelsocomputed to assess the results. Table

3-2 reveals a consistent pattern with the results from comparing RMighkre 314 also
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presents the best performing initial masetesult for each misfit functiorNotably, it
becomes apparent thdte 2D-MASW and Increasingvelocity models exhibit the best
performance.Considering this performance, use of these initial models increases the
likelihood of inversionconvergenceand the same time reduces the potential for- non
unique solutions. Howevert is worth considering that this comparison is based on a
statistical assessment of the accuracy of Vs prediction across the entire domain. Given that
the application of this study is evaluating sinkholes, it is important to focus on the extent
with which the anomaly is accurately detected in the immediate area around its anticipated
location. To address this, a region of interest that centers around the anomaly was defined
to assess how each initial mo@etesult can detect the lewelocity anomaly are (Figure

3-15). This statistical analysis neglected the performance of the FWI in the regions away
from the anomalous lowelocity zone.

The statistical analysis proceeded by first focusing on the designated region of
interest highlighted in Figure-B. In this zone the relativBarea of the anomaly was
obtained by dividing the number of elements with a Vs of 300 or lower (approximately
67% of the intact Vs of the upper soil layer) by the total number of elements within the
region of interest. This metbmffers an alternative approach to determine the size of the
sinkhole feature in the model by counting the number of elements exhibiting signs of an
anomalous conditions. The closer the resulting percentage of anomalous elements aligns
with the percentagund in the true model, the more effective that combination of initial
model and misfit function becomes during the FWI. Figud® presents the percentages
of anomalous elements within the region of interest for each combination of initial and

misfit function.
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Figure3-13. RMSE Comparison for misfit functions: (a) Indrm, (b) Phase, and (c)
Optimal transport

Table3-3. Coefficient ofdetermination (B for misfit functions with different initial

models
IncreasingVelocity Two Layes (No Constant Increasing
(High) 2D MASW Anomaly) (Minimum) Velocity
L2 Norm 0.59 0.65 0.83 0.3 0.65
Phase 0.6 0.68 0.91 0.56 0.68
Optimal
Transport 0.6 0.73 0.92 0.61 0.72
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Figure3-15. Regionof interest to assess the anomaly detection accuracy.

In general, the observed trend aligns well withehdier discussions on RMSE and
R2. The initial model labele@wo layers Ko Anomaly)consistently outperforms other
initial models, regardless of the chosen misfit function. When it comes to the second best
initial model, this approach significantly sinffds the decisiormaking process in
comparison to alternative statistical moddy. calculating the differences between the
true model and inversion results in terms of the percentages of anomalous elements within
the domain, theD MASWmodel (differences of1.1%, -1.7%, and 0.5% foL2 norm
phase andoptimal transpormisfit function, respectively) consistently outperforms the
Increasing Velocitymodel (differences 0f2.9%, -2.0%, and-1.1%). In fact, even with
choosing the correetelocity range for théncreasingvelocitymodels (a task known to be
difficult), the 2D MASWCconsistently demonstrated a higher potential for providing the
most accurate results. Furthermore, the percentage differences in all the initial models are
consigently lower when utilizing the optimal transport method as compared to the other
misfit functions. The optimal transport percentage therefore closely approximates the true
model percentage, underscoring the superior accuracy of this function in lodabay g

minima during FWI.
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Basedon the results, it is recommended to use optimal transport in conjunction with
the 2D MASWinitial model for field data analysis. Tt& MASWinitial model exhibits
properties that closely approximate the authentic underpfygical reality in contrast to
the alternative approaches used in this study. This inherent advantage serves as a pivotal
factor in enhancing the stability of the inversion process. Additionally, the optimal
transport function exhibits a heightened degoé convexity relative to other traditional
misfit functions, which improves the convergence rate of the FWI. However, in scenarios
where conducting MASW testing is not feasible, lthereasingVelocity model combined
with available gpriori knowledge caibe regarded as a suitable alternative. Such scenarios
may include sites with limited access, budget constraints, remote locations, or projects
where a quick initial assessment of the subsurface is needed.
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Figure3-16. Anomaly area percentage in inverted models: (ajdr2n, (b) Phase, and
(c) Optimal transport

97



3.3.2 SourceReceiver Configuration

The primary goal in designing a seismic survey is to obtain the greatest possible
information alout subsurface conditions while keeping the acquisition expenses as low as
possible. This process involves judiciously selecting the locations for seismic sources and
receivers, taking into account various factors, including logistics, time, and staff cost
(Krampe et al. 2021) While significant strides have been made in advancing data
processing, imaging algorithms, and inversion methodologies within the realm of FWI,
survey design has, to some extent, remained an underexplored facet of this technique.
Often, researchers and practitioni@sus on optimizing the computational aspects of FWI,
neglecting the significance of thoughtful selection of source and receiver locations: A well
informed source and receiver geometry is pivotal for enhancing the efficiency and cost
effectiveness of FWlgplications, particularly in neasurface geophysical investigations.

A significantgap exists in the current literature concerning the impact of source
receiver configurations on the efficacy of FWI in detecting sinkholes. This study addresses
this pivotd question, aiming to determine whether a dense saeamver distribution is a
prerequisite for successful sinkhole detection through FWI. If a sparse configuration proves
sufficient for sinkhole detection, it implies that fewer source and receivetspoaed
deployment, which would expedite data collection and demand fewer computational
resources. The following sections explore this issue directly with the receiver configuration
effects examined first followed by an exploration of the impacts of tinesdayout.

3.3.2.1 Receiver Effects. In practical applications of seismic testing, data
acquisition cables are typically equipped with multiples of 12 channels for the collection

of geophysical data. Typically, 24 and 48 channels are the most common number of
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receivers. The initial investigatiosf sourcereceiver effects focused on investigating the
impact of employing varying receiver quantities, specifically 48, 24, 12, and 6 receivers,
while keeping the total number of source constant (24 sources). Fiddnefresents the
domain size andhe placement of the 48 receivers used in this study, with the sources
positioned at fixed intervals corresponding to every other geophone location. From this
configuration, the cases of 24, 12, and 6 receivers were implemented by removing receivers
from the interior of the array while maintaining the positions of the first and last receivers
to ensure the theoretical maximum depth of investigation remained consistent. This led to
irregular spacing between the receivers when using less than 48 receivers tlgise
considerations, the-goordinates selected for the various receiver scenarios are presented
in Table 34.

2-D Box Domain. Extent: [0.0, 60.0] x [0.0, 20.0] meters.

17.5 1
15.0
—_ 125 1 . Sources
E 100 {
75 4
5.0 1
25 1
0.0 1

@® Receivers

Figure3-17. Domain information in receiver effect simulations.
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Table3-4. Horizontal location of the receivers for analyzing the receiver effect.

8.5,9.5,10.5,11.5,12.5,13.5, 14.5,15.5, 16.5, 17.5, 18.5, 19.5, 20.5, 21.5, 22.5, 23.5, 24.5, 25.5, 26.5, 27.5, 28.5, 29.5, 30.5, 31.5,
48 receivers 32.5,33.5, 34,5, 35.5, 36.5, 37.5, 38.5, 39.5, 40.5, 41.5,42.5, 43.5, 44.5, 45.5, 46.5, 47.5, 48.5, 49.5, 50.5, 51.5, 52.5, 53.5, 54.5,
55.5
24 receivers 8.5,10.5,12.5, 14.5,16.5, 18.5, 20.5, 22.5, 24.5, 26.5, 28.5, 30.5, 33.5, 35.5, 37.5,39.5,41.5, 43.5,45.5, 47.5, 49.5,51.5, 53.5, 55.5
12 receivers 8.5,12.5, 16.5, 20.5, 24.5, 28.5, 35.5, 39.5, 43.5,47.5,51.5, 55.5
6 receivers 8.5, 16.5, 28.5, 35.5,47.5, 55.5

The model geometries described Section 3.2 were used to test the effects of
sourcereceiver geometry. More specifically, models with batiicular and oval
anomalous features positioned both within the soil and rock layers were used. Based on the
recommendations from the previous section, the optimal transport misfit function was
selected due to its superior convexity and ability to effettivoypass local minima,
making it the preferred choice for all subsequent modeling efforts. Furthermore, the initial
model included the soil and rock layering but removed the anomaly. This assumed that a
reliable representation of the general soil laygand properties was already known from
previous subsurface investigations, facilitating a strong starting point for the FWI analysis.

It is also crucial to consider that the properties of the medium in which anomalies
are embedded play a pivotal rolelreinduced wavefield. In the specific case of sinkholes,
the velocity contrast between the rock medium and the sinkhole is much more pronounced
compared to the contrast between the soil medium and the sinkhole. This velocity contrast
can exert a profounchiluence on the efficacy of the FWI procedure for each case as the
nature of the velocity contrast significantly affects the wave propagation. Furthermore, an
additional complicating factor arises when dealing with sinkholes that form within rock
formatiors. These sinkholes typically manifest at greater depths than their soll

counterparts. In the context of FWI, this depth discrepancy poses a challenge as-t is well
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established that all seismic inversion processes yield lower resolution as the depth of the
target increase&aoet al.2020) The loss of resolution in deeper sections is attributed to
the longer wavelengths involved, which makes it more challenging to discern finks deta

in the subsurface structure. Thus, it is important to initiate the comparison of FWI results
for anomalies within the same medium before proceeding to-oredgim comparisons.

This approach enables a more controlled investigation of the effects pérdumeter of
interest on the FWI output.

When interpreting inversion results, relying solely on the visual examination of
velocity profiles may not yield the depth of insight that statistical approaches can provide,
especially when the visual differendestween inversion results are minimal. For instance,
Figure 318 presents the inversion results of an @laped sinkhole in the soil under
varying receiver numbers. While all profiles can detect the anomaly, assessing the accuracy
of detection is challaging through visualization alone.

To facilitate a more comprehensive analysis, all the velocity profiles have been
included in appendix A. Looking at the inverted profiles, the FWI results revealed
indications of anomalies ill thesinkhole scenarios. dtvever, to gain a deeper and more
detailed understanding of the FWI performance and characteristics of these anomalies,

statistical analyses were employed to enhance the reliability of interpretations.
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Figure3-18. Inverted velocity profiles for the ovahaped sinkhole in the soll

under the variation of receiver numbers.
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Figure3-19 displays the RMSE values for the inversion results of oval and circular
shaped anomalies on the restil border (hereafter referred to &soil anomalie§) when
considering various numbers of receivers. The large increase in RMSE observed in the
middle of the domain, present in all the models, results from the inability of FWI to
accurately resolve the ity of the anomaly even when the shape is effectively
reconstructed. As with the qualitative assessments, the most immediate observation is the
high degree of similarity in the RMSE, even with just six receivers. Nevertheless, in both
sinkhole scenariost becomes evident that the configurations with 12 and 24 receivers
slightly outperform those with 48 and 6 receivers, with only a marginal decrease in their
RMSE values.

Comparingthe best receiver configuration for each sinkhole scenario, it becomes
apmarent that the smaller circutahaped anomaly can be detected with greater precision,
indicated by its RMSE value of 56 m/s, in contrast to the largersthaged anomaly with
an RMSE value of 78 m/s. This observation can be linked to the fact thatdaoyealies
tend to generate more diffused responses in the recorded waveforms. Thus, the
superposition of multiple scattering events from the larger anomaly can introduce
complexities that make it more challenging for the inversion process to distintgiish i
specific features. In contrast, the inversion algorithm has access to more pronounced and
well-distributed data points associated with the smaller anomaly, making it easier for the
inversion algorithm to constrain the model parameters and recovehatacteristics
accurately.

As with the initial model and misfit function analysis, the ability of FWI to resolve

the domain was examined using\Rilues between the predicted and observedisble
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3-5 presents the Rralues for the soil anomaly models wiifferent numbers of receivers.
Figure 320 also shows th? plots of the best performing models for both shapses:an

be observed, the’Rrend agrees with the earlier discussion regarding RMSE. First, within
each scenario, the values are close to each other, but configurations employing 12 and 24
receivers consistently exhibit slightly better results compared to the other two
configuratiors. Additionally, the R values for the circular (smaller anomaly) are higher

than those for the larger anomaly.
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Figure3-19. RMSE comparison a$oil anomalymodels with different number of
receivers: (apval-shaped anomaly, (b) circulahaped anomaly

Table3-5. R? comparison o60il anomaly models with different number of receivers.

The coefficient of determination (B

Soil ) 24 ) .
Anomaly 48 Receivers Receivers 12 Receivers 6 Receivers
Shape
Oval 0.85 0.87 0.86 0.85
Circular 0.92 0.93 0.93 0.92
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Figure3-20. R? values of the models with 24 receiversoil: (a) Circularshaped, (b)
Ovalshaped
As with the efforts related to initial model and misfit function a specific region of
interest was defined from 20 to 40 in the x direction and 0 to 10 meters irditeztyon.
The relative area of the anomaly was determined by calculating the number of elements
with velocities lower than 300 m/s and dividing it by the total number of elements in the
region. Based on Figuredl, the inverted anomaly area for the 2daigers is the closest
to the true model, followed by the 48 receivers. This observation holds true for both
sinkhole scenarios. The performance of the 48 receivers surpasses that of the 12 receivers,
which differs from the observations with RMSE antl Rowever, the overall difference
in relative area is small in this case. It is essential to consider factors such as data acquisition
and inversion computational time when exploring how receiver configuration affects the
FWI efforts. In terms of the computamal efforts, the time taken for the 48, 24, 12, and 6

receivers was 9, 7, 7, and 7 min, respectively. The insignificant variation can be attributed
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to the usage of parallel processing, which enhances computational efficiency. However,
the placement of 48eceivers does demand more time compared to a setup with 12
receivers, and this aspect should be considered during survey design given that the
subsequent inversion results were practically the same

The same analysis of inversion results was performethéomodels with deeper
anomalies (situated within the rock strata hereafter, referredito@dsanomalied). Given
the reduction in resolution for deeper targets, it is reasonable to anticipate refaiwaly
results in comparison to anomalies positioned closer to the surface. It was postulated that
perhaps this degradation in performance would be mosalerenin the surveys with fewer
receivers. However, as shown in Figur@Z3 the overall performance follows what was
observed for the models with shallower anomalies in the soil. Though the RMSE values
were comparatively higher, as expected when imagaeper targets, the R2 were nearly
identical between the different receiver configurations, which complicates the selection of
the besfperforming model (Table-8). The best performing profiles in terms of the R2

result are also shown in figure23.

As before, a region of interest surrounding the anomaly was defined in the models
to better assess the accuracy of anomaly detection. In this case, the region of interest ranged
from 20 to 40 meters in thedirection and 9 to 20 meters in thaliyection. Ananomaly
in this region was defined as any element with Vs less than 67% of the surrounding
material. In the rock, this represented Vs below 600 m/s. Fig@dgpBesents the relative

area of the anomaly for rock anomalies in the inverted models for loéthose scenarios.
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Figure3-22. RMSE comparison of rock anomaly models with different number of
receivers: (a) ovashaped anomaly, (b) circulahaped anomaly
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Table3-6. R? comparison of rock anomaly mddavith different number of receivers.

The coefficient of determinatior(R?)

AnRoo;]:;]y 48 Receivers 24 Receivers 12 Receivers 6 Receivers
Shape
Oval 0.49 0.48 0.49 0.49
Circular 0.81 0.81 0.81 0.81
R2 = 0.81 0004 ® R2=048
aog 4 — Regression Line —— Regression Line
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Figure3-23. R? values of the models with 24 receivers in rock: (a) Cireskeaped,
(b) Ovalshaped

The analysis of the relative area of the anomaly reveals valuable insights that
supplement what can leequired from the examination of the entire domain. The most
important observation is that no circular anomalies could be accurately detected using any
of the receiver configurations in the FWI process. However, this is based on the 67%
criterion selectefbr what constitutes an anomaly. Figur@3highlights that the presence
of a lower velocity zone within the rock was still observed. However, the velocity of the

anomaly was inaccurately inverted and its contrast relative to the surrounding rock velocity
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was underestimated, resulting in the apparent lack of an anomaly when applying the 67%

criterion for velocity.
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Figure3-24. Anomaly area percentage for rock anomaly inverted models: (a)
circularshaped, (b) ovadhaped.
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Figure3-25. Inverted velocity profiles for the true model with circular anomaly
positioned in the rock.

Forinversion results for the ovahaped anomaly exhibited similar patterns as the
results for the soil anomalies. The-&teiver configuration exhibited theghiest precision
in anomaly detection, followed by the -i&ceiver and 12eceiver configurations,
respectively. Notably, the-@&ceiver setup could not detect the anomaly. As previously
discussed, the challenge of detecting srsiakd anomalies at deptk rooted in the
interaction of longer wavelength waves with both the small anomaly and the surrounding
material. This interaction often results in a loss of detailed information, making the
identification of such anomalies particularly challenging in ggsal studies. This
phenomenon was more pronounced for smaller numbers of receivers in the case of deeper

rock anomaly targets.
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Overall,these observations suggest that employing 24 receivers is the best choice
out of the options tested in this study (28, 12, and 6 receivers), though the differences
were often very small. This observation highlights how an excessively dense receiver
configuration doegi inherently guarantee an enhanced FWI output, nor does a sparse
configuration guarantegoor result A higher number of receivers may introduce
complexity to the waveform comparison process, which can reduce the overall
performance of FWI. This is compounded by the logistical penalty of increased efforts in
the field to set up the larger number of reeesv Conversely, when using only 12 or 6
receivers, data acquisition efforts are reduced but the limited data available may restrict the
velocity updates during the inversion process, potentially hindering the quality of the

results.

3.3.2.2SourceEffects. Whenit comes to the field data gathering in seismic FWI,
strategically spacing sources at every other geophone location (commonly referred to as a
fiskip lined or fhalf spread) can be a viable approach for effectively covering the entire
receiverarray. However, the positioning of sources between the receivers presents a
complex and time&onsuming challenge as it can increase the potential for interference or
noise, reducing the signtd-noise ratio in the collected data. Additionally, it is ingiere
to carefully assess the associated costs of these operations. Consequently, this study aims
to evaluate the impact of reducing the number of seismic sources on anomaly detection
accuracy. Furthermore, instead of exclusively utilizing interior soptitestudyexplores
the inclusion of exterior sources in the same quantity, which may offer a more manageable
solution. By concentrating solely on exterior sources, the operational complexity is

reduced, leading to more streamlined survey logistics artednpally costeffective
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fieldwork. Figure 326 illustrates the adopted strategy for modeling the sources for each
sinkhole scenario in this study. The selected methodology involves evaluating the
placement of 24, 12, 6, and 4 sources for both exteriomaedor source configurations

within each sinkhole scenario. The receiver configuration was consistently maintained at
48 channels and 1 m spacing between each receiver location for all scenarios. In fact, the
scenario with 24 sources works out to a dkip arrangement where sources are positioned
every other geophone, while in other cases, the number of sources were reduced
systematically to assess their respective impacts. To ensure a meaningful and valid
comparison, the fixed receiver locations nedased an uneven placement of interior shots

to prevent interference with the receiver locations.

As in the previous section, the analysis will begin with an assessment of the FWI
performance in detecting anomalies along the-reak boundary for both terior and
exterior shot configurations. Subsequently, the results pertaining to anomalies located

deeper within the rock will be examined.
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Figure3-26. Visual representation of the seleceggproach for modeling the sources in
various sinkhole scenarios.

114



Figure 3-27 presents the RMSE comparison for FWI results of an-siaped
anomaly on the border between soil and rock. At first glance, the overall RMSE behavior
is quite similar in bothcenarios with average values around 60 m/s. However, upon closer
examination to discern the best performers based on RMSE, the 24 and 12 sources exhibit
slightly better performance in the interior case. Meanwhile, in the exterior case, the 6
sources alsoamonstrate performance comparable to the other two scenarios. However,
when focusing on the middle of the domain where the anomaly exists, the 24 interior
receivers perform better as indicated by their lower RMSE value.

As indicated in Table-3 andFigure3-28, the R values exhibit a similar pattern
to the RMSE averaged values. While these values are quite close to each other, the 24
interior source models perform better. Nevertheless, a more reasonable approach would be
to prioritize attention on the amaly detection aspect to arrive at a more comprehensive

and informed final conclusion.

Table3-7. R? comparison for FWI results of ovahaped anomaly on the border for
different source scenarios.

The coefficient of determination (B

ar?c:/rigsl;iﬁet?\e 24 Sources 12 Sources 6 Sources 4 Sources
border
Interior 0.93 0.92 0.91 0.91
Exterior 0.92 0.92 0.92 0.91
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Figure3-27. RMSE comparison for FWI results of owvsthaped anomaliy the soil (a)
interior shots, (bgxterior shots.
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Figure3-28. R? values of the ovashaped anomaly models with 24 sources in soil: (a)
interior, (b)exterior.

For a more detailed analysibe decision was made to subdivide the spatial domain
between x = 20 and 40 meters and from 0 to 10 meters alongatkis.in this reduced
region, the ovakhaped anomaly within the true model encompasses approximately 10.1%
of the total arearigure3-29 depicts the percentage of the detected anomaly area achieved
through various source selection methods for an-sivaped sinkhole located at the rock
soil boundary.As anticipated, the utilization of 24 sources outperforms the use of 12
sourcesyieldingimprovements in anomaly detection by% and 15% (compared to the
values detected by 12 sourcés) interior and exterior shots, respectively. While these
percentage gains may appear modest, it is important to note their substantial practical
implications. In the context of a grouting program aimed at remedying the sinkidies a
and 15% enhancement in anomaly detection translategptuentialincreasan the grout

volume required
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Figure3-29. Anomaly detection percentage for ossllaped sinkhole at rodoil
boundary(in soil): (a)interior, (b)exterior.
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Anotherintriguing observation is that the results for interior and exterior anomaly
detection are very wiilar among a comparable number of sources. However, the anomaly
detection of 24 interior sources model stands out as the best performer among them all.
This is likely attributable to the interior sources being closer to the anomaly, which
provides bettewaveform coverage at that specific depth. Additionally, it should be noted
that the choice of sources can influence how waves propagate through the subsurface. The
selected 24 interior sources may have generated waves that interacted more favorably with
the anomalgs geological properties, thereby enhancing the sigrabise ratio and
making the anomaly more distinguishable.

It is also imperative to underscore the computational intricacies inherent in
employing an increased number of sourgesticularly within the context of complex
inversion algorithms such as FWI. The judicious balance between computational resources
and inversion quality becomes paramount when determining the appropriate source count.
In this modeling study, irrespectivé whether the sources were positioned in the exterior
or interior regions, a single iteration using 24, 12, 6, and 4 sources required approximately
11, 8, 7, and 7 minutes, respectively. For each scenario, a total of 80 iterations were
executed, which refted in a cumulative runtime of 880 minutes, 640 minutes, 560
minutes, and 560 minutes for the respective source counts. These computations were
conducted on the HPC cluster comprising ten nodes, and in the absence of parallel
processing capabilities, theomputational time would be significantly prolonged. It is
essential to consider that while higher source counts may enhance accuracy, they also

necessitate more tirrmiatensive computations.
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To gain abetter understanding of FWI behavior with respect tonzalies in the
soil, Figure 330 illustrates the FWI accuracy for various source configurations with a
circularshaped anomaly. The overall RMSE pattern mirrors what was observed for the
ovalshaped anomaly with lower RMSE values at the periphery of timaidcand higher
values directly above the center of the anomaly both for interior and exterior sources. While
all source configurations exhibit signs of the anomaly with similar averaged RMSE values,
the configurations with 24 and 12 sources exhibit dyghetter performance for interior
locations, while the distinction is less clear for exterior shotss behavior is also
observable in the Results shown in Tabla-8, making it challenging to distinguish the
bestperforming configuration.

To analyzethis further, the same region of interest was selected as in the case of
the ovalshaped anomaly and the inverted anomaly area was calculated as a percentage of
the total area. Figure 31 presents the anomaly detection percentage for a cishdped
sinkhole at the roclsoil boundary for both interior and exterior shots. In this domain, the
percentage of the area associated with the true cirshbged anomaly is 7.5%.
Percentages closer to this value indicate higher detection accuracy in the innesgitn
Figure 331 demonstrates that all the inverted models perform similar to each other, but
the configurations with either 24 interior or exterior sources outperform others with an
anomaly detection of 5.9% and 5.3% of the area, respectively. Asndtated in the
results for the ovashaped anomaly, the &turce interior configuration exhibits higher
accuracy in detecting the anomaly area with a difference of 0.6%. The possible reasons for

this superiority have been explained previously.
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Table3-8. R? comparison for FWI results of circutahaped anomaly on the border for
different source scenarios.

The coefficient of determinatior(R?)

clsulerehizpes 24 Sources 12 Sources 6 Sources 4 Sources
anomaly on the
border
Interior 0.94 0.94 0.93 0.93
Exterior 0.94 0.94 0.94 0.93
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Figure3-31. Anomaly detection percentage for circutdraped sinkhole at rodoll
boundary(in soil): (a)interior, (b)exterior.
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When comparing the besgierforming source scenarios for ovand circulaf
shaped anomalies, the oxslaped anomaly was detected wd%P6 accuracy and 78%
accuracy was achieved for the circular one. This difference in accuracy was predictable, as
the circular anomaly is smaller in size, which can make it more challenging to distinguish
from the surrounding environment.

While it was demastrated that the 24 interior source configuration performs
slightly better than the 24 exterior source configuration, the deployment of exterior sources
in the field offers advantages in terms of accelerating the data acquisition process. This
reduction n time can also result in cost reductions associated with field operations. These
considerations are of paramount importance when making decisions about source
positioning during field operations, as they encompass both thedffsde accuracy and
the pactical considerations of operational efficiency Itrucial to strike a balance
between data quality and the logistical aspects of the field survey, ensuring that the chosen
source configuration aligns with the specific objectives and constraints pfdfect.

After a detailed analysis of neaurface anomalies, it is essential to shift focus to
the challenges presented by deeper anomalies within stiffer layers, such a4/meok.
dealing with deeper anomalies within a stiffer layer, the resultsnaatahrough-WI can
vary significantly. As anomalies extend to greater depths, they introduce several challenges
for seismic inversion. The waveforms become more complex, owing to interactions with
heterogeneous rock structures, leading to intricate pattef multiple reflections,
refractions, and mode conversions. Moreover, higher wave attenuation poses difficulties in
capturing weaker signals associated with these anomalies, resulting in reducetbsignal

noise ratios. Anomaly size also plays a criticde, with smaller anomalies potentially
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going undetected, while larger ones have a more pronounced influence on the recorded
data.Effective handling of deep anomalies may require adaptations to account for source
effects, consideration of higher dataokition and computational deman@&siccessfully
addressing these challenges is essential for accurate seismic anomaly characterization in
deep, stiffer layers.

For the first deep anomaly scenario in this study, an-skaped anomaly within
the rock wasxamined while varying the number of seismic sources. Figid2 @dsplays
the RMSE behavior of both interior and exterior shots compared to the true model. Figure
3-33 presents the inversion results for the different source configuraliofise with
previous findings when the anomaly was positioned closer to the surface, 24 and 12
interiors sources exhibit slightly better averaged RMSE. The exterior case did not exhibit
a consistent trend in the RMSE results. However, the shallow anomaly scenariag@xhibi
substantially lower RMSE values overall (approximately 50% lower). This reduction is
similarly reflected in the R2 values, as presented in TalleThe observed trend aligns
with the expectations, as deeper anomalies introduce greater complexity geigmic

waveforms, making the inversion process inherently more challenging.

Table3-9. R? comparison for FWI results of ovahaped anomaly in the rock for
different source scenarios.

The coefficient of determination

OvaI-Shaped 24 Sources 12 Sources 6 Sources 4 Sources
anomaly in the rock
Interior 0.73 0.74 0.71 0.71
Exterior 0.71 0.71 0.71 0.72
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Figure3-32. RMSE comparison for FWI results of ovgthaped anomaly in the rock: (a)
interior shots, (b) exterior shots.
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Figure3-33. Inverted velocity profiles for the true model with oxgdlaped anomaly
positioned in the rock for different source scenarios.
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As in previous discussions, focusing on a more localized region of interest is
reasonable to examine the anomaly detection chiesbiof the different source
configurations for deep target®y adjusting the domain size to-20 meters in the-x
direction and 20 meters in the-direction,the anomaly area percentages for different
source scenarios within a deep eshbped anomyglcase can be analyzé@éigure 334).

Among both source cases, it becomes evident that the use of 24 sources refines the initial
model more effectively, resulting in anomalous area percentages closer to the true model.
Interestingly, regardless of their source numbers, interior sources tendréstimate the
anomaly area and exterior sources underestiindathis behavior is also evident in Figure

3-33, where the velocities of detected anomalies for exterior shots are higher than those for
interior shots, leading to lower area percentageswdonsidering elements with velocities

of 600m/s or lowerThis can be related to the fact that thierior sources, being closer,

may have shorter and more direct paths, leading to higher sensitivity to ano®alibs.

other hand, erior sources, v longer paths, may experience more averaging effects and
reduced sensitivity.

Theobservations of this study highlight the traafébetween depth and accuracy.
Deeper anomalies may lead to coarser velocity estimates due to the increased path length
and associated measurement uncertainty, which can affect the accuracy of detection.
Conversely, sources in closer proximity to the anomaly can provide a more accurate
estimation of its true velocity but may introduce bias due to their proximity. Thisdfede
between depth, accuracy, and proximity to the source locations is a crucial consideration

in geophysical studies.
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In consideration of the potential influence of anomaly size on inversion results, a
small circular anomaly was strategically introduced witthie rock matrix. After 80
iterations in four stages, the velocity profiles were refined as shown in FiggreEach
scenario successfully pinpointed the location of the anomaly with satisfactory precision.
The key difference, however, rests in the aacy of the inverted velocity values relative
to the true velocity of the anomaly. The visual representation naturally contains constraints,
which could conceal minor yet significant discrepancies present in the results. To
rigorously evaluate the performee of different source configurations, it is essential to

employ quantitative metrics.
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Figure3-34. Anomaly detection percentage fovalshaped sinkhol& rock (a) interior,
(b) exterior.

RMSE values for each source configuration are shown in Figtd& & general,
there is a significant overlap of the RMSE curves for the different source scenarios. This
suggests that the impact of increasing or decreasing the number of sources on the accuracy
of the FWI results is minimal. The individual RMSE lines for 24, 12, 6, and 4 sources (both
interior and exterior) are so closely aligned that they are almost indistinguishable in some
portions of the plot. When comparing interior and exterior sourcéis, appear to have a
similar impact on RMSE values. For instance, the curves for 24 sources, both interior and
exterior, lie close together. This can be interpreted to mean that the placement of sources

(inside or along the border) does not significantlgetfthe RMSE in this specific FWI

setup.
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Figure3-35. Inverted velocity profiles for the true model with circutdraped
anomaly positioned in the rock for different source scenarios.
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Given the similarityin RMSE across different configurations, it is beneficial to
examine the coefficient of determination as shown in Talll®.3rhe R2 values for both
interior and exterior source placements range narrowly from 0.81 to 0.84. This indicates
that all configuations explain a similar variance in the data, with none distinctly
outperforming the others. This further underscores that the choice of source configuration
may be guided more by practical considerations such as operational efficiency-or cost
effectivenes, rather than by substantial differences in the explanatory power of the FWI
model as indicated by R2. Overall, the results from the R2 values do not provide a strong
basis for preferring one source configuration over another within the range of

configurations tested.
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Figure3-36. RMSE comparison for FWI results ofcularshaped anomaly in the rock:
(a) interior shots, (b) exterior shots.

Table3-10. R? comparison for FWI results of circutahaped anomaly in the rock for
different source scenarios.

The coefficient of determinatior(R?)

CircularShaped
anomaly in the 24 Sources 12 Sources 6 Sources 4 Sources
rock
Interior 0.8 0.84 0.84 0.82
Exterior 0.83 0.82 0.82 0.81

A quantitative perspective focusing specifically on the detection of anomalies with
velocities lower than 600 m/s is shown in Figur873 Based on theesults, the vast

majority of the domai@s elements do not meet the anomaly detection criterion with a 0%
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rate indicated across several scenarios. The FWI results did indeed indicate smaller
velocities in the areas associated withahemaly but they didnot fall below the 600 m/s
threshold. In this sinkhole scenario, the combination of the an@sradypth and small size
presents a significant challenge for the inversion process. As the anomaly lies deeper
beneath the surface, the seismic waveforms thaty dnformation about subsurface
features become increasingly complex due to phenomena like attenuation, scattering, and
mode conversion. These complexities can obscure the subtle signals that indicate the
presence of a small, lowelocity anomaly, leadipto a failure in accurately reconstructing

the true velocity values in the inverted model. Furthermore, the inversion process typically
involves a tradeff between fitting the data and maintaining a smooth model
representation, which can result in theesming of velocity contrasts, particularly when

dealing with smalkcale heterogeneities.
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Figure3-37. Anomaly detection percentage for circutdraped sinkhole in the
rock: (a) interior, (b) exterior.

While all configurations displayed the capacity to detect anomalies to some extent,
their effectiveness varied in terms of how closely the inverted velscitirrored the actual
anomaly velocity. Innstances involving anomalies located near the surface, regardless of
their shape, a greater number of sources improved the reliability of inverted velocities.
Specifically, the interior sources demonstrated mmatty superior performance with more
accurate characterization of the subsurface. This trend held true feshad anomalies
embedded within rock; however, challenges arose when imaging circular anomalies in the
rock. Due to their reduced scale anemer location, these features evaded precise velocity
detection, underscoring the inherent limitations of the inversion methods used.

In this analysis, the results showed that each model was capable of identifying the

anomaly despite a different numbersolurces being used. This insensitivity to number of
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sources suggests that practical factors such as acquisition costs, logistical feasibility, and
operational limitations may be more suitable to guide source selection compared to
concerns about inversioma@maly detection capabilities. Such a decisiwaking process

recognizes the inherent complexities and traffie in geophysical survey planning.

3.3.3 Wave Propagation Physics

The initial appeal of representing the E&stlsubsurface with acoustic elastic
models is their mathematicgiimplicity. However, the intricacies of the subsurface are not
adequately captured by such simplifications. Empirical evidence from reservoir
engineering and borehole studies has consistently shown that the behdheEaftiis
interior does not conform to the assumptions of purely acoustic or elastic rfioeleiey
et al. 2021) These investigationsuggesta different reality- one where the Eard
subsurface is not a pristine elastic body but, rather, an imperfectly elastic m@eéium
viscoelastic) However,including viscoelastic effects in thEWI analysisadds to the
complexity of optimizing nonlingr problems by expanding the parameter spabés
expansiorexacerbates the nonlinearity of the misfit funct@andscapalready contains
several local minima due to limited illumination of the subsurface and inadequate initial
models(Gholamiet al. 2013) While the benefits of applying viscoelastic modeling to
largescale seismic explorations are recognized, itstytifi nearsurface investigations
remains a topic of debate. The finer resolution required for shallow subsurface
characterization may not justify the increased computational demands and complexity,
raising the question of whether the pursuit of viscoelastersion in neasurface contexts

is a practical endeavor.
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Onepotential compromise is to use passive viscoelastic FWIs, where viscoelastic
modeling is applied only in the forward simulation step without adjusting the quality factor
during inversionBy performing passive viscoelastic, the aim is to capture some benefits
of viscoelastic modeling (more accurate wave propagation) while avoiding the full
complexity and computational cost of full viscoelastic inversion (which would include
optimizing for he Q parameter). Considering the literature, the deployment of passive
viscoelastic FWI in near surface applications is limited, and the reported results exhibit
discrepancies with respect to its effectiveness in improving inversion results. This variation
underscores the need for more targeted research to better ascertain theGsmethod
capabilities relative to traditional elastic approaches. Indeed, a deeper investigation into the
passive viscoelastic FWI could reveal details that might address curremjuaiebiand
possibly affirm its superiority or identify specific contexts where it offers distinct
advantages.

2-D Box Domain. Extent: [0.0, 84.0] x [0.0, 20.0] meters.
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Figure3-38. Modelled domain and its sourceceiver configuration.

In this studythe impact of passive viscoelasticity and the selection of the quality
factor on inversion accuracy was examined for cases featuring sinkhole anomalies of

various sizes and depths. Thedeling domain extends 65 meters in the horizontal (x)
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direction and 20 meters in depth, equipped with 48 surface receivers and 12 symmetrically
placed sources (Figure3B). Consistent with the previous models, the geological setup
comprises a soil layaverlying rock. The sinkhole location varies within either the rock

or the soil with consistent velocity and density properties across the different scenarios.
However, when transitioning to passive viscoelastic modeling, it becomes necessary to
introducethe quality factor as an additional parameter for domain materials. A quality
factor of 150 for rock and 10 for the sinkhole was chosen based on T&bésl223. Due

to the high stiffness, of rock a value near the upper limit of reported values ectsded

reflect its lower attenuation properties. Conversely, the lowest value was deemed
appropriate for the sinkhole, which is a highly attenuative feature. Two different quality
factor values were selected to model the full spectrum of possible kawibe for each
sinkhole scenario, employing both the lowand uppetbound limits of the quality factor
indicated in the literature. The viscoelastic modeling strategy for the true models is shown

in Figure 339.

Modeling Strategy
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Figure3-39. Viscoelastic modeling scenario for true models.
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To better understand the reason for using different quality factors for the soil, it is
beneficial to review the forward modeling results (waveforms) that consider quality factors
of 10(labeledd-OW9, 35 (labeledMIDDLE 9, and 50 (labeledHIGH{ for the soil layer.

This examination is carried out with constant values for the sinkhole and rock layers,
specifically for the scenario that features an araped sinkhole embedded within the
rock layer. Additionally 48 receivers were positioned on theface, and a single source
was placed 3 meters preceding the first receligure 340 presents a series of waveform
comparisons generated from forward modeling, revealing the effects of varying soil quality
factors on the recorded seismic data.

The waveforms depicted in Figure-48 highlight the significant amplitude
variations that manifest due to the émihttenuation properties, with these variations
becoming more pronounced at greater distances from the source. The comparison of
waveforms withiMIDDLE 0 (35) andfiHIGHO (50) quality factor values shows relatively
similar characteristics, implying only subtle changes in the @&esteength and travel time
within this range. In contrast, the waveform witRL&®OW6 (@0) quality factor displays a
markeddifference, with significantly greater attenuation of signal strength and higher
frequency content, especially as the waves propagate further from the source. This
pronounced difference in tH&OWO0 quality factor scenario underscores the matrial
dampeimg effect on seismic waves and its critical influence on the accuracy of subsurface
imaging. Thdifferencesamong the waveforms with different quality factors illustrate that
while factors of 35 and 50 produce comparatively minor effects, a factorinfré@uces
a change in wave behavior that is critical to acknowledge in viscoelastic inversion

processes
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Figure3-40. Waveform comparison for different quality factors ion the soil layer : (a)
receiver one, (b)receiver ten, (c) receiver twenty, (d) receives thirty, (e) receiver forty,
(f) receiverforty-eight
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