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SUMMARY

Bulk density (p) of soil is an important parameter that reflects the ability of the soil to provide
structural support, solute and water transport, and soil aeration. Subsoil density generally
exhibits significant spatial variation, which is vital information to simulate water/solute
movement in soils, to evaluate embankment stability, estimate groundwater effects for
predicting crop productivity, and forecast the seismic site response, among others. Density of
soil can also vary with time. With rapid climate change and growing use of the underground
space, change of soil density at a given location can eventually increase soil vulnerability,
eventually causing structural failure and ground collapse. There are several established
approaches to measure density in the field or in the laboratory on soil samples. Those
approaches cannot generally capture the spatial variability of density, and often the estimates
do not represent the undisturbed soil condition. There are several surface geophysical
methods that do capture the lateral variability of density in a noninvasive manner, but they
either lack in resolution, or being indirectly linked to density, require empirical relations to
derive density, or are essentially based on the assumption of an one-dimensional (1D) earth
structure.

Seismic full-waveform inversion (FWI) is a nonlinear inversion method that estimates
multiple seismic parameters simultaneously by fitting synthetic seismic waveforms to ob-
served waveforms. FWI can provide spatially varying 2- or 3-dimensional (2D or 3D)
seismic velocity and density images of the subsoil. So far, in near-surface geophysical
applications, FWI has been used mostly to image the shear-wave velocity (Vs) field. Due
to inherent difficulties, reliable estimation of the p variability in soils using FWI is a more
challenging task compared to estimating the spatial variability of Vs. One major difficulty in
estimating reliably p is due to the well-known parameter-coupling problem, wherein elastic
parameters are not independently resolvable in FWI, and errors in Vg propagate into errors
in p. Secondly, it is quite difficult to get a good background p model from FWI, which
further aggravates the parameter-coupling problem. Thirdly, having many seismic sources
and receivers at fine spacing is required to achieve high-resolution seismic imaging of the
near-surface. However, it is expensive, especially to have a dense seismic source distribu-
tion in the field. A sparse source distribution causes spatial aliasing in data, which leads to
artifacts and reduced resolution in the FWI results. Also, having independent ground truths
is important in order to evaluate the FWI results and/or optimize the inversion for reliability
and resolution.

We address these specific challenges of FWI in the context of p estimation. The
overarching goal is to capture subsoil p variability in a more robust and economically
advantageous way than it has so far been possible. First, we concentrate on 2D FWI and
investigate the main difficulties that one faces when deriving the subsoil p image from
the SH/Love-wave-dominated field data. In the second part, we focus on 3D FWI for p
estimation, using both synthetic and field data. Ground truths gathered at our test site through
independent field and laboratory tests are used to improve FWI for subsoil p estimation and

xi



Xii SUMMARY

to validate the FWI results.

We first develop a sequential workflow for FWI that enables weakening the coupling
effect between Vg and p. Our new workflow is made of two stages: in the first stage,
a multi-parameter inversion reduces the errors in Vs, and then in the second stage the p
is updated in the relatively correct direction by starting with a less erroneous Vg model.
We test this workflow on a 2D SH/Love-wave dataset that we acquire at a soil site in the
northern Netherlands. Compared to conventional simultaneous inversion, our workflow
greatly improves the p estimates. The estimated values match well with the independent
measurements of p obtained from density logging and from laboratory experiments on soil
samples collected in boreholes. The sequential inversion, after the convergence, also results
in a better fit between the observed and the synthetic seismograms. We also examine how
good the initial model for Vs needs to be to further mitigate the parameter-coupling issue
in FWI. Inversion tests are conducted to compare two different initial Vg models: an 1D
Vs model derived from smoothing the Vs profile obtained from seismic cone penetration
test (SCPT) data and a 2D Vg model derived from multichannel analysis of Love waves
(MALW). Our results indicate that a smoothed version of the SCPT-derived Vg profile used
for input in FWI results in a less erroneous p variability and a better waveform matching.
The proposed workflow and the SCPT-derived initial Vs model are advantageous in order
to minimize the risk of falling into local minima due to parameter coupling.

On the same 2D field dataset, we investigate the negative effects of spatial aliasing in data
on the FWI result. We find that a sparse distribution of the seismic sources limits the lateral
resolution in both Vg and p fields derived from FWI. Due to spatial aliasing caused by the
sparse source distribution, artifacts showing up as striped pattern are created in the gradient
of the FWI around the shot positions. The artifacts are due to insufficient suppression of the
oscillatory side lobes that appear around each shot location. These artifacts are responsible
for the limited lateral resolution in the obtained images. The absolute values of p also
become less accurate due to spatial aliasing. To tackle this issue, we at first retrieve, using
seismic interferometry (SI), the surface-wave records at each receiver position from the
surface-wave-dominated field shot (common-source) gathers. The retrieved dataset is then
combined with the original field dataset to create densely distributed shot gathers. FWI
is performed on the merged data. To use the retrieved virtual records having a lower S/N
than the original records, we correct the Sl-related (amplitude and phase) errors using a
matched filter, together with additional low-frequency correction. We introduce a weighted
misfit function. We find that these data-correction approaches enable a stable performance
of the FWI on the real+virtual merged dataset. Our proposed approach of FWI on merged
real+virtual data reduces the striped-pattern artifacts, compared to FWI on field data only,
thereby improving the lateral resolution in both the Vg and p models. The spatial distribution
of p obtained from this new approach shows a better correlation with the distribution of
CPT cone-tip resistance, compared to when using only the aliased real (field) data in the
FWIL.

Next, we examine on synthetic data the performance of 3D FWI for estimating subsoil
p distribution depending on the force direction of the used seismic source. Focusing on the
scattered wavefield and the shape of the misfit function (given by its gradient and Hessian),
we evaluate three indicators for the FWI performance for each force-direction dataset: noise
robustness, parameter coupling, and resolution. Given a point-localized perturbation model,
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we evaluate, for all three indicators, the merits of using horizontal-force sources compared
to vertical-force sources. FWI of the seismic data generated by a horizontal-force source
is found to be relatively more robust to noise present in the data, less prone to parameter
coupling, and more promising in reconstructing a high-resolution gradient. Inversion tests
for two different subsoil models also confirm the superiority of the horizontal-force sources
over the vertical-force source. FWI using horizontal-force source data can build a high-
resolution gradient for p without severe parameter-coupling artifacts (i.e., artifacts due to
error in Vy), allowing the update for p to occur in arelatively correct direction. The estimated
p distribution from 3D FWI applied to horizontal-force data correlates well with the actual
distribution in a layered, near-surface soil model.

Finally, we test the performance of 3D FWI on a 3D field dataset that we have acquired.
We investigate how a selective use of the source component may influence Vg and p estimates
from 3D FWI. We focus on three source components, viz. vertical force and two cross-
polarized horizontal forces. FWI applied to inline horizontal-component source data fails
to resolve a subsurface model with good waveform matching, even if the inversion starts
with the lowest frequency available in the data. Thorough numerical investigations reveal
that this issue is attributable to erroneously simulated leaky waves, which are pronounced in
a specific source-receiver component dataset. Based on this finding, we propose excluding
leaky-wave-contaminated components from being used in FWI. For the horizontal-force
data, we use crossline horizontal-component receiver traces dominated by SH/Love waves,
while vertical component traces are used only in FWI of vertical-force source data. The
inversion tests show that FWI of SH/Love-wave dominated data generated by crossline
horizontal-force sources offers better estimates of both Vg and p than FWI of vertical-force
source data. Furthermore, for a greater accuracy of the Vg and p estimates, we recognize
the benefit of using simultaneously data from two cross-polarized horizontal-force sources
in FWI. This happens because, in case of such joint FWI, the misfit function takes a shape
that leads to a better convergence than when a single-component horizontal-force source
data are used.

Throughout this thesis, we have demonstrated that FWI using horizontal-force source
data recorded by a receiver component where SH/Love-waves are dominant, is capable of
mapping subsoil p distribution with good accuracy in both 2D and 3D. The data-selection
strategy allows one to extract p from a seismic dataset at a relatively low cost through a
gradient-based FWI. The obtained p variability in the soil can contribute to improved soil
characterization, such as understanding the spatial distribution of soil types, soil compaction
or hardness, and porosity/void ratio. Successful use of FWI will enable mapping p in a
noninvasive manner over a wide area and also temporal monitoring.

There are several limitations that need to be addressed in the future. First, our under-
standing of the physical mechanisms behind the advantages of using horizontal-force source
data in FWI is still incomplete. In particular, the contributions of the different wave modes
observed in the field data need to be investigated in more detail. Second, the efficacy of
the proposed strategies, especially the sequential inversion workflow and the use of virtual
sources, may depend on the assumed subsurface model. Further synthetic studies using
systematically different near-surface models with different degrees of heterogeneity would
help establish more general guidelines for accurate p estimation using FWI. Finally, addi-
tional information contained in the field data has not been fully exploited in this research,



Xiv SUMMARY

e.g., waveform amplitude information, higher-frequency components, and nine-component
seismic data for 3D FWI. Incorporating this information into the inversion framework could
improve further the achievable resolution and accuracy of the p estimates.



SAMENVATTING

De bulkdichtheid (p) van de bodem is een belangrijke parameter die de capaciteit van de
bodem weerspiegelt om structurele ondersteuning te bieden, het transport van opgeloste
stoffen en water te faciliteren, en de bodemdoorluchting te waarborgen. De dichtheid van
de ondergrond vertoont doorgaans aanzienlijke ruimtelijke variatie, wat cruciale informatie
is voor het simuleren van water- en opgeloste stofbeweging in de bodem, het evalueren van
de stabiliteit van dijken, het schatten van de effecten op het grondwater voor het voorspellen
van de gewasproductiviteit, en het voorspellen van onder andere de seismische respons
van locaties. De dichtheid van de bodem kan ook in de tijd variéren. Door de snelle
klimaatverandering en de toenemende benutting van de ondergrond kan de verandering van
de bodemdichtheid op een bepaalde locatie uiteindelijk de kwetsbaarheid van de bodem
vergroten, wat kan leiden tot structurele falen en grondverzakking. Er zijn verschillende
gevestigde methoden om de dichtheid in het veld of in het laboratorium op bodemmonsters
te meten. Deze methoden kunnen doorgaans de ruimtelijke variabiliteit van de dichtheid niet
vastleggen, en vaak vertegenwoordigen de schattingen niet de ongestoorde bodemgesteld-
heid. Er zijn verschillende oppervlakte-geofysische methoden die de laterale variabiliteit
van de dichtheid op een niet-invasieve manier vastleggen, maar deze hebben ofwel een ge-
brek aan resolutie, zijn indirect gekoppeld aan de dichtheid, vereisen empirische relaties om
de dichtheid af te leiden, of zijn in wezen gebaseerd op de aanname van een eendimensionale
(1D) aardstructuur.

Seismische full-waveform inversie (FWI) is een niet-lineaire inversiemethode die meer-
dere seismische parameters gelijktijdig schat door synthetische seismische golfvormen aan
waargenomen golfvormen aan te passen. FWI kan ruimtelijk variérende twee- en drie-
dimensionaal (2D en 3D) seismische snelheden en dichtheden van de ondergrond bieden
afbeelden. Tot nu toe is FWIin near-surface geofysische toepassingen voornamelijk gebruikt
om het shear-wave snelheidsveld (Vs) in beeld te brengen. Vanwege inherente moeilijkhe-
den is een betrouwbare schatting van de p -variabiliteit in bodems met behulp van FWI een
uitdagendere taak in vergelijking met het schatten van de ruimtelijke variabiliteit van V.
Een uitdaging bij het betrouwbaar schatten van p is vanwege het welbekende parameter-
koppelingsprobleem, waarbij elastische parameters niet onafhankelijk oplosbaar zijn in
FWI, en fouten in Vs zich vertalen in fouten in p. Ten tweede is het vrij moeilijk om een
goed achtergrond p-model uit FWI te verkrijgen, wat het parameter-koppelingsprobleem
verder verergert. Ten derde is het nodig om veel seismische bronnen en ontvangers met fijne
tussenruimten te hebben om hoge-resolutie seismische beeldvorming van de near-surface
te Verkrijgen. Dit is echter kostbaar, vooral om een dichte seismische bronverdeling in het
veld te hebben. Een spaarzame bronverdeling veroorzaakt ruimtelijke vouwvervorming in
de gegevens, wat leidt tot artefacten en verminderde resolutie in de FWI-resultaten. Daar-
naast is het hebben van onathankelijke grondwaarheden belangrijk om de FWI-resultaten te
evalueren en/of de inversie te optimaliseren voor betrouwbaarheid en resolutie.

We pakken deze specifieke uitdagingen van FWI aan in de context van p-schatting.

XV
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Het overkoepelende doel is om de variabiliteit van p in de ondergrond op een robuustere en
economisch voordeligere manier vast te leggen dan tot nu toe mogelijk is geweest. Ten eerste
concentreren we ons op 2D FWI en onderzoeken we de belangrijkste moeilijkheden waarmee
men wordt geconfronteerd bij het afleiden van het p-beeld van de ondergrond uit de SH/Love-
golf gedomineerde veldgegevens. In het tweede deel richten we ons op 3D FWI voor
p-schatting, waarbij we zowel synthetische als veldgegevens gebruiken. Grondwaarheden
verzameld op onze testlocatie door middel van onafhankelijke veld- en laboratoriumtests
worden gebruikt om FWI te verbeteren voor de schatting van p in de ondergrond en om de
FWI-resultaten te valideren.

We ontwikkelen eerst een sequenti€le workflow voor FWI die het mogelijk maakt om
het koppelingseffect tussen Vg en p te verzwakken. Onze nieuwe workflow bestaat uit twee
fasen: in de eerste fase vermindert een multi-parameter inversie de fouten in Vg, en in
de tweede fase wordt p bijgewerkt in de relatief juiste richting door te beginnen met een
minder foutief Vg-model. We testen deze workflow op een 2D SH/Love-golf dataset die we
hebben verkregen op een bodemlocatie in het noorden van Nederland. In vergelijking met
conventionele gelijktijdige inversie verbetert onze workflow de p-schattingen aanzienlijk.
De geschatte waarden komen goed overeen met de onathankelijke metingen van p verkregen
uit dichtheidslogging en uit laboratoriumexperimenten op bodemmonsters die uit boorgaten
zijn verzameld. De sequenti€le inversie resulteert, na de convergentie, ook in een betere
overeenkomst tussen de waargenomen en de synthetische seismogrammen. We onderzoeken
ook hoe goed het initi€le model voor Vs moet zijn om het parameter-koppelingsprobleem
in FWI verder te verlichten. Inversietests worden uitgevoerd om twee verschillende ini-
ti€le Vs-modellen te vergelijken: een 1D Vs-model afgeleid van het gladstrijken van het
Vs-profiel verkregen uit seismische cone penetratietests (SCPT) en een 2D Vs-model af-
geleid van multichannel analyse van Love-golven (MALW). Onze resultaten geven aan dat
een gladgestreken versie van het SCPT-afgeleide Vs-profiel dat als input voor FWI wordt
gebruikt, resulteert in een minder foutieve p-variabiliteit en een betere golfvormmatching.
De voorgestelde workflow en het SCPT-afgeleide initi€le Vs-model zijn voordelig om het
risico te minimaliseren om in lokale minima te vallen als gevolg van parameterkoppeling.

Op dezelfde 2D velddataset onderzoeken we de negatieve effecten van ruimtelijke ali-
asing in de gegevens op het FWI-resultaat. We ontdekken dat een spaarzame verdeling
van de seismische bronnen de laterale resolutie in zowel de Vs- als de p-velden, die uit
FWI zijn afgeleid, beperkt. Door de ruimtelijke aliasing veroorzaakt door de spaarzame
bronverdeling ontstaan er artefacten die verschijnen als een gestreept patroon in de gra-
dient van de FWI rond de schotposities. De artefacten zijn het gevolg van onvoldoende
onderdrukking van de oscillatorende zijlobben die rond elke schotlocatie verschijnen. Deze
artefacten zijn verantwoordelijk voor de beperkte laterale resolutie in de verkregen beelden.
De absolute waarden van p worden ook minder nauwkeurig door ruimtelijke aliasing. Om
dit probleem aan te pakken, halen we eerst, met behulp van seismische interferometrie
(SI), de oppervlaktegolfrecords op bij elke ontvangers positie uit het oppervlaktegolf ge-
domineerde veldschot (gemeenschappelijke bron) verzamelingen. De opgehaalde dataset
wordt vervolgens gecombineerd met de oorspronkelijke velddataset om dicht verspreide
schotverzamelingen te creéren. FWI wordt uitgevoerd op de samengevoegde gegevens. Om
de opgehaalde virtuele opnamens met een lagere S/N dan de oorspronkelijke opnamens te
gebruiken, corrigeren we de SI-gerelateerde (amplitude- en fase) fouten met behulp van een
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gematcht filter, samen met een aanvullende lage-frequentiecorrectie. We introduceren een
gewogen misfitfunctie. We ontdekken dat deze gegevenscorrectiebenaderingen een stabiele
prestatie van de FWI op de samengevoegde echte+virtuele dataset mogelijk maken. Onze
voorgestelde benadering van FWI op samengevoegde echte+virtuele gegevens vermindert
de gestreepte patroonartefacten in vergelijking met FWI op alleen veldgegevens, waardoor
de laterale resolutie in zowel de Vs- als de p-modellen verbetert. De ruimtelijke verdeling
van p die uit deze nieuwe benadering is verkregen, vertoont een betere correlatie met de
verdeling van de CPT-conetipweerstand in vergelijking met wanneer alleen de gealiaseerde
echte (veld)gegevens in de FWI worden gebruikt.

Vervolgens onderzoeken we op synthetische gegevens de prestaties van 3D FWI voor
het schatten van de p-verdeling in de ondergrond, afhankelijk van de krachtrichting van de
gebruikte seismische bron. Door ons te concentreren op het verspreide golfveld en de vorm
van de misfitfunctie (gegeven door de gradient en Hessiaan), evalueren we drie indicatoren
voor de FWI-prestaties voor elke kracht-richting dataset: ruisrobustheid, parameterkop-
peling en resolutie. Gegeven een punt-gelocaliseerd verstoringsmodel, evalueren we voor
alle drie de indicatoren de voordelen van het gebruik van horizontale-krachtbronnen in
vergelijking met verticale-krachtbronnen. FWI van de seismische gegevens die door een
horizontale-krachtbron zijn gegenereerd, blijkt relatief robuuster te zijn tegen ruis in de
gegevens, minder gevoelig voor parameterkoppeling en veelbelovender in het reconstrueren
van een hoge-resolutie gradient. Inversietests voor twee verschillende ondergrondmodel-
len bevestigen ook de superioriteit van de horizontale-krachtbronnen ten opzichte van de
verticale-krachtbron. FWI met behulp van gegevens van horizontale-krachtbronnen kan een
hoge-resolutie gradient voor p opbouwen zonder ernstige parameter-koppelingsartefacten
(d.w.z. artefacten als gevolg van fouten in Vs), waardoor de update voor p in een rela-
tief juiste richting kan plaatsvinden. De geschatte p-verdeling van 3D FWI toegepast op
horizontale-krachtgegevens correleert goed met de werkelijke verdeling in een gelaagd,
near-surface bodemmodel.

Ten slotte testen we de prestaties van 3D FWI op een 3D velddataset die we hebben
verworven. We onderzoeken hoe een selectief gebruik van de broncomponent de Vs- en
p-schattingen uit 3D FWI kan beinvloeden. We concentreren ons op drie broncomponenten,
namelijk verticale kracht en twee kruisgepolariseerde horizontale krachten. FWI toegepast
op inline horizontale-component brongegevens slaagt er niet in om een ondergronds model
met goede golfvormmatching op te lossen, zelfs niet als de inversie begint met de laagste fre-
quentie die in de gegevens beschikbaar is. Grondige numerieke onderzoeken onthullen dat
dit probleem te wijten is aan onjuist gesimuleerde lekkende golven, die uitgesproken zijn in
een dataset van specifieke bron-ontvangercomponenten. Op basis van deze bevinding stellen
we voor om lekkende-golf-gecontamineerde componenten uit te sluiten van gebruik in FWI.
Voor de horizontale-krachtgegevens gebruiken we kruislijn horizontale-component ontvan-
gertracés die gedomineerd worden door SH/Love-golven, terwijl verticale componenttracés
alleen worden gebruikt in de FWI van verticale-krachtbrongegevens. De inversietests tonen
aan dat FWI van SH/Love-golf gedomineerde gegevens die zijn gegenereerd door kruis-
lijn horizontale-krachtbronnen betere schattingen van zowel Vs als p biedt dan FWI van
verticale-krachtbrongegevens. Bovendien erkennen we, voor een grotere nauwkeurigheid
van de Vs- en p-schattingen, het voordeel van het gelijktijdig gebruiken van gegevens van
twee kruisgepolariseerde horizontale-krachtbronnen in FWI. Dit gebeurt omdat, in het ge-
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val van een dergelijke gezamenlijke FWI, de misfitfunctie een vorm aanneemt die leidt
tot een betere convergentie dan wanneer gegevens van een enkele-component horizontale-
krachtbron worden gebruikt.

Gedurende deze thesis hebben we aangetoond dat FWI met behulp van horizontale-
kracht brongegevens die zijn geregistreerd door een ontvangercomponent waar SH/Love-
golven dominant zijn, in staat is om de p-verdeling in de ondergrond met goede nauwkeurig-
heid in zowel 2D als 3D in kaart te brengen. De gegevensselectiestrategie stelt men in staat
om p uit een seismische dataset te extraheren tegen relatief lage kosten via een op gradienten
gebaseerde FWI. De verkregen p-variabiliteit in de bodem kan bijdragen aan een verbeterde
bodemkarakterisering, zoals het begrijpen van de ruimtelijke verdeling van bodemtypes,
bodemverdichting of hardheid, en porositeit/lege verhouding. Succesvol gebruik van FWI
zal het mogelijk maken om p op een niet-invasieve manier over een groot gebied in kaart te
brengen en ook temporele monitoring mogelijk te maken.

Er zijn echter enkele beperkingen die in toekomstig onderzoek moeten worden aan-
gepakt. Ten eerste is ons begrip van de fysische mechanismen achter de voordelen van
het gebruik van horizontale-krachtbronnen nog onvolledig. Met name moet de bijdrage
van de verschillende golfmodi die in de veldgegevens worden waargenomen nader worden
onderzocht. Ten tweede kan de effectiviteit van de voorgestelde strategie€n, met name de
sequenti€le inversieworkflow en het gebruik van virtuele bronnen, athankelijk zijn van het
aangenomen ondergrondmodel. Verdere systematische synthetische studies met verschil-
lende near-surface modellen met uiteenlopende mate van heterogeniteit kunnen helpen om
meer algemene richtlijnen vast te stellen voor een nauwkeurige schatting van de p-verdeling
met behulp van FWI. Ten slotte is er aanvullende informatie in de veldgegevens die in dit
onderzoek niet volledig is benut, zoals amplitude-informatie van golfvormen, hogere fre-
quentiecomponenten en negencomponent seismische gegevens voor 3D FWI. Het integreren
van deze gegevens in toekomstige inversies kan de haalbare resolutie en nauwkeurigheid
van de geschatte p-verdeling verder verbeteren.
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INTRODUCTION

Bulk density (p) of soil, defined as the dry mass of soil in a given volume, is an important
soil-physical parameter that reflects soil’s ability to provide structural support, solute and
water movement, and soil aeration. Bulk density is used in physical, chemical and biological
assessments of soil quality. It is an indicator of soil compaction. Soil density is controlled
by soil texture, porosity, fluid saturation, and the density of the constituents - sand, silt, clay,
organic matter, and the fluids in the pores. Bulk density, p, is a fundamental property in soil
mechanics, as it plays a crucial role in determining the soil behaviour under various loads.
It is essential in geotechnical engineering — p affects the bearing capacity, stability, and
settlement of structures constructed on soil. A good estimation of p is important not only to
assess soil’s structural supportability, but also to understand the hydrological processes and
to conduct agricultural investigations, e.g., in forecasting crop productivity in a given field.
Density is, therefore, a key parameter to consider for effective utilization of the shallow
subsurface in civil, environmental and agricultural engineering projects.

Bulk density of soil is generally quite variable in space, depending on varying min-
eral/soil types, soil structure/texture, soil moisture content, and presence of organic matter.
The variability of p is directly or indirectly related to the distribution of porosity and hy-
draulic conductivity, which — in turn — is controlled by volume and continuity of the pore
spaces in the soil structure. These properties are essential to simulate the movement of
water/solute in soils and to evaluate the stability of the embankment and the effects of
groundwater. Void ratio or relative density also represents the pore-space characteristics,
and is commonly used to assess the potential for soil liquefaction due to strong seismic
vibrations. The seismic response of the ground is largely influenced by the spatial distri-
bution of the small-strain shear modulus, which is a function of both density and seismic
shear-wave velocity.

Bulk density of soil can change significantly also with time. With the growing effects of
extreme weather events, this issue has lately become more important. Not only the effects
of accelerating climate change, but also those of intensifying human activities triggered by
increasing demand for underground space utilization, lead to increased soil vulnerability,
such as progressive weakening of soil compaction and soil hardness over time. These result
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in destabilization of water-retaining and hydraulic structures including dikes and levees, and
formation of voids in the subsurface, eventually causing subsidence and ground collapse.
In order to prevent such calamities, temporal monitoring of subsoil density is important.

Although spatial and temporal changes in soil bulk density are widely recognized and
known to differ at different scales, capturing such density variability in soil remains still
quite challenging.

1.1. CONVENTIONAL APPROACHES FOR OBTAINING SUBSOIL DEN-

SITY

There are age-old, established approaches in geotechnical engineering to estimate p exper-
imentally. The core and clod methods (VanRemortel & Shields, 1993) are commonly used
in civil engineering and agricultural sciences. In the core method, soil samples of a certain
volume are collected in the field, which are then dried and weighed, followed by estimation
of p. In the clod method, a natural soil clod/lump is coated with a water-repellent wax. The
volume of the waxed clod and the weighed mass of the dried clod are used to estimate p.
The main drawback of these methods is that they are generally labor- and time-intensive
because of the need to collect undisturbed samples. The characteristics of soils in the field,
such as soil types and soil condition, largely determine the reliability of such p measure-
ments on soil samples. It is especially challenging to collect undisturbed samples in loose,
granular soils such as coarse sand or gravel. Also, it is hard to collect samples in very stiff
clays. These difficulties translate to near-impossibility of measuring p in many locations at
multiple depths, and/or at the same location at different times. It is practically not feasible
to infer the spatial or temporal variability of p from direct measurement on samples.

There are also indirect methods to measure p, e.g., radiation and regression methods.
The radiation method makes use of the relationship between p and the degree of gamma-
ray decay (Lobsey & Viscarra Rossel, 2016). This is a useful technique for continuous
measurements of p with depth at a given location. The gamma-gamma density logging,
which has traditionally been used for oil & gas exploration purpose, is performed along a
pre-drilled borehole to obtain the continuous vertical distribution of p (Tittman & Wahl,
1965). For unconsolidated soft soils, a nuclear density cone penetrometer can be used to
obtain vertically varying p without a priori drilling (Tjelta et al., 1985; Shibata et al., 1992;
Karthikeyan et al., 2007). The regression method or the so-called pedotransfer functions
(PTFs) approach provides p estimates from other measured soil properties in a given field,
such as soil types, soil structure, pH, and organic-matter content or OMC (Brahim et al.,
2012). Both these indirect measurement approaches are time-consuming and costly, while
the regression method ideally require site-specific calibration. It is also impractical to obtain
the spatial variability of p over a wide area in the field by performing such one-dimensional
profiling at many locations.

In contrast to these approaches, surface geophysical methods have a distinct advantage
as they attempt to capture the spatial variability of p and that under in-situ conditions. Since
geophysical methods are generally non-invasive and cost-effective, they can be used to cover
a relatively large area; they can also be used for temporal monitoring. The microgravity
method is particularly suitable for estimating subsurface p; by measuring minute changes in
the gravitational field of the Earth, one can estimate the subsurface density variations. This
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method has long been used to detect low-p anomalies indicative of subsurface voids (Yule
etal., 1998; Tuckwell et al., 2008), to delineate sharp boundaries between basement rock and
overlying soil deposits, and to characterize soil layering (Hayashi et al., 2005; Arisona et al.,
2018). While microgravity allows efficient mapping of the distribution of p over wide areas,
its spatial resolution is inherently limited (Hayashi et al., 2005). Also, microgravity surveys
are very sensitive to noise, including microseismic accelerations and lower-frequency noise
sources. Electrical resistivity/conductivity measurements also provide insight into p at very
shallow depths (2-3 m), which are particularly relevant for agricultural and hydrogeological
applications (Weihnacht & Borner, 2007; Allred et al., 2008; Franko & Grote, 2013).
Seismic velocities (Vp and Vg), which are generally positively correlated with p, are also
used to indirectly image the p structure (Ludwig, 1970; Donohue et al., 2012; Anbazhagan
et al., 2016; Romero-Ruiz et al., 2021). However, such empirical approaches result in
limited resolution and limited accuracy. Moreover, the relationships among soil properties
are generally highly site-specific, calling for availability of a priori site-specific database for
a reliable interpretation. Also, recently, muography has emerged as an alternative method
for imaging the distribution of p in soils (e.g., Baccani et al., 2021). Muons, produced by
cosmic ray interactions in the upper atmosphere, experience attenuation depending on the
p of materials along their path. Although this method offers the possibility of wide-area
surveying, its application remains limited due to the requirement of data acquisition in
transmission geometry and long acquisition times (Baccani et al., 2021).

In this dissertation, we explore the possibility of extracting lateral variability of p
from active-source surface-seismic data through special adaptation of the full-waveform
inversion approach. We identify several challenges that must be addressed to fully exploit
the information contained in the seismic data for accurate estimation of p variability.

1.2. SEISMIC FULL-WAVEFORM INVERSION (FWI) FOR SUBSOIL

DENSITY ESTIMATION: BENEFITS AND CHALLENGES

Surface waves generally constitute the most energetic phase in the seismic data. At greater
source-receiver distances the surface wave energy gets significantly attenuated. Near-surface
seismic data that are acquired especially in the near-field region are, therefore, dominated by
surface waves, viz. Rayleigh or Love waves. The dispersive nature of these surface waves
is sensitive mainly to the vertical distribution of the shear-wave velocity (Vs). As a result,
various approaches of inversion of the geometrical dispersion curves of surface waves, that
aim to interpret the 1D or locally 1D Vg structure, such as multichannel analysis of surface
waves (MASW) or multichannel analysis of Love waves (MALW) (Park et al., 1999; Xia
et al., 1999, 2012), have so far been widely used. A guideline for practical use of surface
wave analyses is presented in Foti et al. (2018).

Non-destructive, near-surface imaging using surface waves has a few distinct advantages.
First, the field data acquisition is relatively simple and inexpensive compared to, for instance,
the seismic reflection method. This practical reason has contributed to a wider user-
acceptance of this method. Also, given the energetic presence of surface waves in the
near-surface seismic data, the signal-to-noise ratio is generally high for the surface waves.
Secondly, unlike the seismic refraction method, the inversion of phase velocity of dispersive
surface waves does not require the seismic wave velocities in the subsurface to increase with
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depth, allowing detection of low velocity layers/zones. Thirdly, incorporating the higher
modes of the surface waves can improve the resolution, accuracy and stability of the derived
near-surface velocity model. Recently, it has been shown that transdimensional Markov
Chain Monte-Carlo (MCMC) inversion of surface waves can determine the optimal number
of layers, leading to more accurate results (e.g., Aleardi et al., 2020; Rahimi Dalkhani,
2024). It has also been found that if the target depth is less than 1/2 the dominant shear-
wave wavelength, the surface-wave imaging using time reverse mirrors (TRMs) migration
can theoretically produce even higher resolution (Fu et al., 2018). Last but not least, the
surface-wave inversion approach is quite versatile, as it can be applied to various scales.

However, there are also limitations of the surface-wave-dispersion-based approaches.
First, the conventional surface-wave imaging methods are mainly sensitive to the Vg structure
(depth distribution) in the subsurface, and the sensitivity to Vp and p is intrinsically limited.
Therefore, if the goal is to obtain the lateral variability of p, as it is the case in this research,
the inversion of surface-wave dispersion curves alone fails to provide reliable results (Xia
etal., 1999; Foti & Strobbia, 2002; L. Pan etal., 2019). Secondly, MASW or MALW usually
relies on the assumption of an 1D subsurface model made of a stack of homogeneous elastic
layers. When there is strong lateral variability in the subsurface, these methods generally do
not give acceptable results. Third, inversion of surface waves is a strongly mixed-determined
problem (Foti et al., 2018). This is because near the top surface a detailed and accurate
reconstruction of thin layers may be obtained, as typically dense information is available in
the high-frequency band (especially if active-source data are used) and the sensitivity of the
dispersion curve to model parameters is high. However, the resolution and accuracy drop
markedly with increasing depth. Finally, if higher modes are not recognized and accounted
for in the inversion, large errors may occur in the estimated velocity profile, especially at
greater depths. Higher modes are not always clear in the data, and unambiguous mode
interpretation, particularly at lower frequencies, is generally difficult (e.g., Yan et al., 2022).

In the recent decades, there has been a growing interest to use full-waveform inversion
(FWI) to capture in detail the lateral variability in the shallow subsoil. FWI is a nonlin-
ear inversion method that estimates multiple seismic parameters simultaneously by fitting
synthetic seismic waveforms to the observed waveforms (e.g., Tarantola, 1986; Pratt et al.,
1998; Virieux & Operto, 2009). The multiple seismic parameters are Vp, Vs, p, Qp, and
Qs. Qp and Qg are P-wave and S-wave quality factor, respectively, which represent the
inverse of energy attenuation as the waves propagate in the subsurface. The goals of FWI
applied to near-surface seismic data include detailed soil characterization (Tran & McVay,
2012; Kallivokas et al., 2013; Groos et al., 2017), localization of voids and areas of possible
subsidence (Tran et al., 2013; Tran & Sperry, 2018; Wang et al., 2019), and archaeological
investigations (Kohn et al., 2019; Mecking et al., 2021; J. Liu, Ghose, & Draganov, 2022).
There are many examples of successful FWI performed on 2D seismic datasets. More
recently, 3D FWI has also become feasible primarily due to the availability of sufficient
computational power (Smith et al., 2019; Tran et al., 2019; Teodor et al., 202 1; Irnaka et al.,
2022; Mirzanejad et al., 2022).

FWI can, in principle, redress the above-mentioned shortcomings of the surface-wave-
dispersion-based approaches. It can be used to invert, in addition to Vg, also the p distribu-
tion, which is the target in the present research. Since FWI uses the complete information
contained in seismic wavefields (both phase and amplitude), it enables extracting material
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properties at high resolutions. FWI of SH- and Love-waves has recently gained attention due
to its sensitivity to both Vg and p and the computing advantage over Rayleigh-wave inversion
(e.g., Chen & Tran, 2021). Also, unlike surface-wave-dispersion-based approaches, FWI
does not assume a 1D subsurface. With proper care, the detailed lateral variability in the
subsoil can be imaged through FWI. Finally, supplementing the seismic body-wave reflec-
tion information to the full waveform data of the dispersive surface waves helps improving
the low wavenumber contents (e.g., Masoni et al., 2014; Zhou et al., 2015; Nuber et al.,
2015; Eppinger et al., 2024) and, thereby, achieving improved imaging at greater depths,
where use of MASW alone fails to offer sufficient accuracy and resolution.

There are, however, several well-known technical challenges that one needs to overcome,
in addition to computational challenges, in order to achieve high-resolution, reliable near-
surface imaging using FWI. The main difficulties are the convergence of the misfit function
towards local minima because of the limited accuracy of the starting model, the lack of
low frequencies causing cycle-skipping problem, the presence of noise, the limited source-
receiver offset curtailing the sensitivity of seismic imaging to intermediate depths, uneven
sensitivity distribution to different depths due to uneven body- and surface-wave amplitudes,
the approximate modelling of the wave-physics complexity, etc. These issues have been
subjects of considerable research in the recent decades, many useful references of which
can be found in Virieux and Operto (2009), Nuber et al. (2017), Y. Pan et al. (2019), Wang
et al. (2025), among others.

In near-surface applications, FWI has mostly been used to image the Vg field. There
are relatively few reports on the estimation of the p distribution in soils using FWI. This
is mainly due to some inherent difficulties in p inversion. Several important reasons why
capturing the p variability in the subsurface using FWI is difficult are as follows:

(1) Limited sensitivity of the seismic wavefield to p and the parameter-coupling problem:
One major difficulty in estimating reliably p from near-surface seismic data is due to the
relatively low sensitivity of the seismic wavefield to p compared to seismic velocities. This
is also linked to the well-known parameter-coupling issue, wherein elastic parameters are
not independently resolvable, and errors in one parameter (e.g., Vs) propagate into the
inversion result of another parameter (e.g., p) (Virieux & Operto, 2009). In the context
of the nonlinear inverse problem, parameter coupling is related to the shape of the misfit
function, characterized by its gradient and Hessian. Numerous studies have investigated the
parameter coupling through theoretical analyses of scattering patterns based on the Born
approximation (Virieux & Operto, 2009; W. Pan, Geng, & Innanen, 2018; W. Pan et al.,
2019), numerical examination of the shape of a misfit function (W. Pan, Geng, & Innanen,
2018; W. Pan et al., 2019), and synthetic inversion tests (Dokter et al., 2017; W. Pan,
Geng, & Innanen, 2018; W. Pan et al., 2019; Gao et al., 2021). These works consistently
demonstrate that parameter coupling between Vs and p can be severe, making it difficult to
obtain accurate p estimates. Inversion schemes incorporating accurately the inverse of the
Hessian (unlike the gradient-based approaches) have lately shown promise in estimating p
through FWI (Métivier et al., 2013, 2015; Sun et al., 2017; Gao et al., 2021, 2023), but these
advanced optimization techniques are generally computationally quite demanding and, as
a result, they do not often fit into the budgetary constraints of near-surface geophysical,
geoenvironmental and geotechnical site investigations.

(2) Difficulty in estimating the background density field: Compared to the distribution
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of seismic velocities, the background distribution of p is especially difficult to recover using
FWI. This is a significant problem in p estimation because both body waves and surface
waves produce only weak scattering in response to perturbations in p over wide apertures
(Virieux & Operto, 2009; Operto et al., 2013; W. Pan, Geng, & Innanen, 2018; W. Pan
etal., 2019; Gao et al., 2021), leading to poor recovery of the low-wavenumber component,
and hence poor background p field. A poor model for the background p also aggravates the
above-mentioned parameter-coupling problem.

(3) Need of dense source and receiver coupling: High-resolution Vs and p field recon-
struction through FWI1 requires a dense distribution of seismic sources and receivers to avoid
spatial aliasing, which otherwise degrades the inversion results. However, deployment of
numerous seismic sources leads to logistical challenges, increasing acquisition time and
cost.

(4) Difficulty in obtaining the ground truth: Independent measurements of the target
property is necessary not only to check directly the goodness of the inversion and if necessary
to improve it, but also they are useful to build a starting model which can then be used in
FWI to capture the lateral variability in the subsurface. For p estimation, it has been difficult
to obtain the ground truth at multiple depths and locations in the shallow subsoil and validate
the FWI result.

1.3. RESEARCH GOALS
In light of the key challenges listed above, the specific goals of the present research are:

(1) to investigate the possibility of mitigation of the parameter coupling through enabling
updating of p in a preferred direction in the parameter-space, and incorporating a more
accurate background p model;

(2) to explore if aliasing-free seismic data, reconstructed through enhanced spatial
sampling in the source domain via seismic interferometry, can help extracting more accurate
and higher-resolution p field through FWI;

(3) to examine systematically how choosing correctly the force direction of the seismic
source can contribute to reduction of parameter coupling and increase of p-sensitivity, and
thereby leading to greater accuracy, resolution and robustness to noise of p estimation
through FWI;

(4) to inquire into the possibility of obtaining through FWI more reliable and finer
p-variability in 3D by choosing proper combination of the force directions for the seismic
source; and

(5) to test the FWI results using ground truth, i.e., independent measurements of Vg and
p, and their variability in the near-surface soil.

The overarching goal is to improve on the technical and economic feasibility and the
reliability of estimation of in-situ p and its variability in soil through judicious application
of FWL

1.4. THESIS OUTLINE

In Chapters 2 and 3 of this thesis, we address, in the context of 2D FWI, the above-mentioned
research goals (1) and (2), respectively. The results of our research on goals (3) and (4)
are presented in Chapters 4 and 5, respectively, where 3D FWI is tested. Independent
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ground-truthing data are rigorously used in the research presented in Chapters 2, 3 and 5.
Following is a brief outline of the contents of each chapter.

In Chapter 2, we look into 2D FWI of Love-wave-dominated field data at a soft-soil
site to image spatial variability of p. This chapter primarily focuses on addressing the
parameter-coupling issue. We develop a sequential inversion workflow for FWI based on
how the parameter-coupling occurs in theory. The goal is to reduce the parameter coupling
and, thereby, to improve the accuracy of the p estimates. The proposed workflow is validated
by comparing with a conventional simultaneous inversion. The results are checked using
independent field measurements of p. We also explore how different initial Vs models affect
the degree of parameter coupling.

Chapter 3 addresses the issue of limited seismic source density, which negatively affects
the resolution and accuracy of the estimated p distribution through FWI. While a dense
seismic source spacing improves the performance, it dramatically increases the acquisition
cost. We develop in this research a new approach that integrates seismic interferometry
(SI) with FWI. This enables performing FWI without severe spatial aliasing effects. In
this method, SI retrieves surface waves at each receiver position from active surface-wave
records, and then these two datasets are combined to be used as input data in FWI. To avoid
the deterioration of the FWI result due to erroneous full waveforms of the virtual shot data,
a matched filter is used to correct the amplitude/phase error in the retrieved data, and a
weighted misfit function is introduced. We apply our proposed method to 2D field data
dominated by Love waves.

In Chapter 4, we shift our focus to 3D FWI, and investigate how the choice of the force-
direction of a seismic source can contribute to successful FWI for p imaging. We evaluate
three indicators for FWI performance: noise robustness, parameter coupling, and resolution.
Given a typical near-surface model, we numerically examine the scattered wavefield and
the shape of the misfit function (its gradient and Hessian) for the different force-direction
sources.

Chapter 5 presents results of FWI performed on 3 different source components - vertical
force and two cross-polarized horizontal force sources. The FWI-derived Vs and p models
are validated against independent ground-truthing data from the field. We discover a critical
issue with inline horizontal-force source data: the waveform misfit remains high even when
starting the inversion with the lowest frequency band available in the field data. We perform
in-depth numerical investigations and come up with a data-selection strategy that leads to
reliable FWI results. In this chapter, we also discuss the potential benefits of simultaneous
use of two cross-polarized horizontal-force datasets in 3D FWI.

In Chapter 6, we summarize the key findings of this dissertation and provide recommen-
dations for future work.






IMAGING SUBSOIL DENSITY
VARIABILITY: SPECIFIC
CONSIDERATIONS IN 2D FWI

Bulk density (p) of soil is controlled by soil type, stiffness, and the degree of water saturation.
The spatially heterogeneous distribution of the subsoil p is of great importance in hydrology,
geotechnical engineering, and agriculture. Seismic FWI is a promising method to obtain
a high-resolution p image without conducting geotechnical measurements at many points.
However, accurate p estimates are difficult to obtain by FWI mainly due to the well-known
parameter-coupling issue: an error in a certain parameter class (e.g., Vs) is mapped into
the other parameter class (e.g., p). Additionally, the background p distribution cannot be
easily reconstructed because of the specific pattern of the scattered wavefield due to a p
perturbation. In this chapter, we explore an FWI strategy to solve these issues in practice
using a 2D SH/Love seismic dataset acquired in the field. To mitigate the severe parameter
coupling, we build a sequential inversion workflow to update p in the relatively correct
direction. The comparison with the conventional simultaneous inversion shows that the
estimated p is dramatically improved by employing our inversion workflow. The proposed
workflow also improves the waveform fitting. Another remedy to the parameter-coupling
problem is to reduce the error in the initial Vs, which is a source of parameter coupling. To
achieve that, we build an 1D Vs model from SCPT and a 2D Vs model obtained from MALW,
and then investigate how the different initial Vs models affect the p estimates. The approach
is tested at a field location. In this specific site, SCPT provides much more accurate Vg
distribution than MALW, resulting in a relatively accurate p structure from FWI. In order to
incorporate the background p distribution into the inversion, we derive a reliable initial p
model from the density logging performed on the seismic line. A comparison with the case of
using homogeneous p for the initial model shows that the density-log-derived initial p greatly
contributes to the accurate reconstruction of p up to 15 m depth. The variability obtained

A part of this chapter is published in conference proceedings (Kawasaki et al. (2025)).
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in the distribution of p is consistent with that obtained from independent geotechnical
measurements, including p and Vs, soil type, and cone penetration tests (CPT). Our results
demonstrate that FWI applied to SH/Love-wave seismic data, in combination with a density
log at only one calibration point, can capture with reasonable accuracy the spatial variability
of subsoil density, without the need of geotechnical tests at multiple locations.

2.1. INTRODUCTION

The subsoil p generally exhibits variability in both vertical and lateral directions. The
spatially variable density distribution is of great importance in assessing the structural
support, understanding the hydrological processes, and for natural hazard assessments.
Density value is beneficial for soil characterization like obtaining the distribution of soil
type, soil hardness, and the degree of water saturation. Subsoil density is also closely related
to other crucial soil properties in geotechnical engineering, agriculture, and hydrogeology:
porosity/void ratio, hydraulic conductivity and small-strain shear modulus.

The subsoil density is conventionally measured by laboratory experiments performed
on an undisturbed soil sample collected from a given point, or by radiation and regression
methods using the gamma-ray, for example from a density logging performed in a borehole.
Both of these approaches are time-consuming and expensive. Also, it is generally not easy
to collect undisturbed soil sample from multiple depths for accurate measurement of the
density changes. From an economic point of view, the existing approaches are often not
feasible for application at multiple locations in a given field. Consequently, inferring the
spatial variability of density in soil remains quite challenging.

In recent years, the distribution of subsoil density has been obtained from FWI applied
to SH/Love wave seismic data that are independent of the compressional-wave velocity (Vp)
(Dokter et al., 2017; Wittkamp et al., 2018; Chen et al., 2021; Chen & Tran, 202 1; Mecking
et al., 2021). SH FWI is capable of simultaneously reconstructing multiple parameters,
namely the shear-wave velocity (Vs), density (p), and seismic attenuation (Qg), by fitting
the synthetic seismic data with the observed seismic data. The estimation of accurate p from
FWI, however, remains a daunting task. The main difficulty in estimating p is attributed
to the well-known parameter-coupling issue: error contained in a certain parameter class is
mapped into the other parameter class. Previous research involving numerical studies has
demonstrated that strong parameter coupling occurs especially between Vs and p (W. Pan,
Geng, & Innanen, 2018), resulting in erroneous p estimates.

Several approaches of FWI have been proposed to mitigate the parameter-coupling effect
and to simultaneously retrieve multiple parameters with high accuracy. For example, the
optimization approach that incorporates the accurate Hessian inverse into the inversion
(e.g., truncated-Newton method) is a powerful tool to obtain high-resolution subsurface
images without suffering from the severe coupling issue (Métivier et al., 2015; Yang et al.,
2016; Sun et al., 2017; Gao et al., 2021, 2023). However, this sophisticated optimization
method requires huge computation resources to solve iteratively Newton’s equation using
the second-order adjoint-state method (Métivier et al., 2013). This is computationally
prohibitive for the typical near-surface applications with limited available funding. Another
idea is to avoid the severe parameter-coupling effect by adopting a sequential inversion
workflow that is specially designed for the multi-parameter inversion. Earlier research
has demonstrated, on both synthetic and field data, that this approach is superior over the
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conventional simultaneous inversion in terms of accurate p estimation (Jeong et al., 2012;
Prieux et al., 2013; Ren & Liu, 2016); however, these studies have mostly been focused on
body-wave-dominated wavefields. How the sequential inversion workflow can be effective
on the surface-wave-dominated near-surface seismic data still needs to be investigated.

In FWI, compared to the background distribution of seismic velocities (Vp and V),
the background distribution of p is generally difficult to be recovered satisfactorily. This
problem is attributed to the fact that due to a p perturbation the seismic wavefields are
not scattered with a wide aperture, making it difficult to resolve the large wavelengths of
the p structure (Virieux & Operto, 2009). Sun et al. (2017) applied a truncated Newton
method to a synthetic dataset in order to mitigate the parameter-coupling effect for accurate
p estimation. However, such an approach has not helped to reconstruct well the background
p distribution. To overcome this difficulty in practice, either the low-wavenumber content
of p should be sufficiently present in the initial model, or a joint inversion scheme utilizing
additional independent data (e.g., gravity data) should be used (Sun et al., 2017).

In this chapter, we apply FWI to 2D SH/Love seismic data acquired in the field, in order
to investigate what is necessary for improving the accuracy of the p estimates. To tackle the
parameter-coupling problem, we construct a new sequential inversion workflow based on
how the parameter coupling occurs in theory (e.g., W. Pan, Geng, & Innanen, 2018; W. Pan
etal., 2019; Kawasaki et al., 2024). The effectiveness of our workflow is verified through a
comparison with the conventional simultaneous inversion workflow, in terms of the accuracy
of p estimates and the finally obtained misfit value. We also investigate how an initial Vg
model needs to be accurate in order to mitigate further the parameter-coupling effect, by
comparing between the use of the initial Vs models derived from SCPT data and initial Vg
models obtained from the inversion of Love-wave dispersion (MALW). To incorporate the
background p distribution into FWI, we use a good initial p model obtained from density
logging performed in a borehole. We examine the need of a good initial model by comparing
with the case when a constant p value is assumed initially for the whole model. An in-depth
evaluation of the FWI results is carried out based on independently measured Vs from SCPTs
and p from density logs and laboratory experiments conducted at multiple locations along
the seismic line. This research aims to demonstrate on field data that the spatial variability
of the p distribution in soil can indeed be obtained through a dedicated FWI of the seismic
SH/Love wave data, and that performing expensive soil-physical measurements in boreholes
at many locations in the field is not necessary to capture the density variability.

2.2. METHODOLOGY

We first review briefly the theory of 2D SH FWI which is adapted in this research. Then,
we provide the details on investigating the FWI strategy to address the two major issues
introduced in Section 2.1, namely the parameter-coupling effect and the background p
distribution.

2.2.1. 2D SH FWI

FW1 is a nonlinear inversion process to obtain an optimum subsurface model by minimizing
the misfit function E which measures the difference between the synthetic and observed
seismic waveforms. In this study, we use the global correlation norm (GCN) for the misfit
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function defined as follows (Choi & Alkhalifah, 2012):
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where uY" is the synthetic seismic (displacement) data calculated for a given model m
(Vs and p, in this study) and u°" is the observed seismic data. ns and nr represent
the number of shots and receivers, respectively. Note that the misfit function does not
include explicit regularization terms. Instead, the inversion stability is ensured by applying
several preconditioning filters to the gradient of the misfit function, as often done in FWI
studies (e.g., Dokter et al., 2017; Kohn et al., 2019). These include wavefield-energy-
based preconditioning to compensate for uneven illumination, circular tapers around source
locations, and Gaussian smoothing to suppress small-scale artifacts below the resolution
limit. These filters provide implicit regularization and help stabilize the inversion. The
details of the adopted filters are given in Section 2.3.5. Here we consider the visco-elastic
SH/Love wavefield to simulate ©%Y" through a finite-difference time-domain (FDTD) method
(Virieux, 1984). Viscoelatic damping is implemented considering a generalized standard
linear solid with one relaxation mechanism (e.g., Bohlen, 2002).

The GCN focuses on phase matching (rather than amplitude matching) by maximizing
the cross-correlation of the normalized synthetic and observed waveforms (see eq. 2.1).
This may reduce the sensitivity to p variations, as the subsurface p primarily influences
seismic amplitudes (Plonka et al., 2016). Nevertheless, we choose the GCN here, instead of
the conventional square of I, norm, to address the strong anelastic attenuation in soil that is
observed in field data (Qg ~ 5, see Section 2.3.4). The amplitude of the seismic waveform
propagating in such a highly attenuating medium drops rapidly with the increase of the
source-receiver offset, making it difficult to use effectively the small-amplitude, far-offset
data in the inversion. The GCN allows both near- and far-offset data to contribute to the
inversion regardless of their amplitudes, thereby improving the robustness of the inversion.
This phase-focused misfit function also weakens the distortion of the FWI result due to
insufficient 3D to 2D correction of the geometrical spreading effects (Forbriger et al., 2014;
Schifer et al., 2014; J. Liu, Ghose, & Draganov, 2022; J. Liu, Draganov, & Ghose, 2022),
and the receiver coupling effect varying at receiver positions (Dokter et al., 2017; Kohn
et al., 2019). Although the use of the square of the I, norm could potentially improve
the accuracy of p estimation by incorporating amplitude information, it would require more
accurate attenuation modelling and/or incorporation of attenuation parameters into the FWI.

Since FWI is a nonlinear large-scale optimization problem, the misfit function E is
typically minimized by iteratively updating the model m through a local optimization
approach based on the following equation:

Mp+1 = My + apAmy, (2.2)

where m;, is the model parameter at the nth iteration, Am,, is the descent direction of the
misfit function E, and a, is the step-length which is estimated by a line-search method
(Nocedal & Wright, 2006). In a line-search method, each iteration computes the search
direction Am, and then decides how far to move along that direction. In this study,
to calculate Am, we employ a gradient-based approach such as steepest descent (SD),
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or nonlinear conjugate gradient (NCG), or limited-memory Broyden-Fletcher-Goldfarb-
Shanno (I-BFGS). The simplest of these approaches, SD, is based on the following formula:

Amy, =—-PVy, Ey, 2.3)

where V,,, E, is the gradient of the misfit function with respect to a given model parameter
m, and P is a preconditioning filter. NCG and /-BFGS also use the same formula at the
first iteration, but after that Am,, is calculated using the gradient at the current iteration
and the previous history of V,, E;,. In this research, we adopt the NCG method (Nocedal &
Wright, 2006) to calculate Am,, in the time domain to make the convergence speed faster.
Am,, is normalized by the maximum value of each parameter class, and then scaled by the
representative value of each model parameter. This allows using the same step-length a,
for all parameter classes to simultaneously update multiple parameters.

We do not use a Newton-based method, which incorporates the accurate Hessian in-
verse into the inversion (e.g., truncated-Newton method), although it is a powerful tool to
significantly reduce the parameter coupling. This choice is made apprehending a high com-
putational cost for a Newton-based method. In the approach implemented here, two forward
simulations are required per nonlinear iteration to compute the gradient. In contrast, the
truncated-Newton method requires solving Newton’s equation iteratively using the second-
order adjoint method. In total, this involves 2 + 2 Njir forward simulations per nonlinear
iteration, where Njier is the number of inner iterations required by the second-order adjoint
method (Métivier et al., 2013). Assuming an averaged value of Njr =5 as in Métivier
et al. (2013), the truncated-Newton method would require approximately twelve forward
simulations per nonlinear iteration. This corresponds to roughly six times more forward
simulations per iteration compared to the gradient-based method. We, therefore, adopt the
conventional NCG approach to keep the computational time for FWI manageable.

2.2.2. INVERSION WORKFLOW ADDRESSING PARAMETER COUPLING
The conventional multi-parameter FWT inverts for several model parameters simultaneously.
The simultaneous inversion generally suffers from the coupling among different parameters.
To mitigate the severe parameter coupling in multi-parameter FWI, we build the inversion
workflow based on how the parameter coupling occurs in theory. Parameter coupling origi-
nates from parameter ambiguity inherent in multi-parameter inversion problems, reflecting
similar radiation patterns of the scattered wavefields for different model parameters (e.g.,
Virieux & Operto, 2009; Operto et al., 2013; W. Pan, Geng, & Innanen, 2018). This makes
it difficult to determine uniquely which parameter perturbation is responsible for the misfit
between the observed and the simulated waveforms. In the gradient-based simultaneous
inversion, this ambiguity manifests itself as the transfer of imaging errors between different
parameters. In the case of SH FWI, for example, errors in Vg contaminates the gradient for
p, resulting in erroneous updates of p.

When the misfit function is assumed to be a quadratic function of m (i.e., the model
m is sufficiently close to an optimum solution m°Pt), the gradient V,,E with respect to
each model parameter class (m: Vs and p, in this study) is written based on the Newton’s
equation in the matrix form:

Vv E
V,E

Hysvs  Hygp
Hpys  Hpp

2.4)

AVsN
ApN |
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where Hp,,m J is the multi-parameter Hessian of the misfit function E (m;, m;: Vs and
p), and Am" is the model-update direction toward an optimum solution (i.e., Newton
step). In eq. 2.4, the diagonal elements of the Hessian matrix (i.e., Hyzv; and Hpp) are
the coeflicients for the Newton step, while its off-diagonal elements (i.e., Hysp and Hpyy)
represent the coefficients for the inter-parameter trade-off. Here, we focus on the gradient
with respect to p as follows:

—VpE = Hyy, AVs™N + HppAp™. (2.5)

The second term on the right-hand side of eq. 2.5 is required to update p in the correct
direction, while the first term on the right-hand side of eq. 2.5 controls how errors in Vg (i.e.,
AVs™) is mapped into —V,E. Since the model is updated along —V, E in the framework
of the gradient-based inversion, p can be updated in the incorrect direction due to AVg!;
this is indeed the parameter-coupling effect considered in this study. In order to avoid the
parameter coupling, one needs the less contaminated gradient for p by minimizing the Vg
error, AVSN .

Similar to the gradient for p, —VyE is also contaminated by error in p (i.e., Ap
However, this contamination is not significant as demonstrated in previous synthetic studies,
in case the initial Vs and p models are not too far off the truth (Dokter et al., 2017; W.
Pan, Geng, & Innanen, 2018; Kawasaki et al., 2024). Based on this observation, we build
a new sequential inversion workflow that makes use of the difference in the degree of the
parameter-coupling effect on Vg and p (Fig. 2.1). The workflow first inverts for Vg and
p simultaneously as in a typical multi-parameter inversion. This results in a relatively
accurate Vs model without severe parameter coupling, but in an erroneous p owing to the
error contained in the initial Vs model. The updated Vs model is kept for the subsequent
stage, and the erroneous p after the first stage is dropped. In the second stage, we perform
the simultaneous inversion again starting with the updated Vg in the first stage and the very
initial p. This two-step strategy is expected to reduce the dominance of the coupling term
(i.e., the first term on the right-hand side of eq. 2.5) in V, E by increasing the accuracy of
the initial Vs model for the second stage, thereby enabling the update of p in a relatively
more correct direction than in the first stage.

There are earlier-proposed sequential workflows that are built on similar concepts as ours
(e.g., Jeong et al., 2012; Prieux et al., 2013; Ren & Liu, 2016). However, they mostly focus
on seismic body waves and are tested in oil and gas exploration scale. Near-surface seismic
data, on the other hand, are typically dominated by the surface waves. Therefore, in this
research, we examine how the adaptation of a sequential inversion workflow can contribute
to the success of p estimation in the scale of near-surface seismic studies to image the
unconsolidated soils up to ~15 m depth. The efficacy of our workflow is evaluated in
Subsection 2.4.1 by investigating the accuracy of p estimates and the finally obtained misfit
value compared to conventional simultaneous inversion workflows (i.e., only the first stage
of our workflow).

N).

2.2.3. INITIAL MODEL BUILDING STRATEGY

In FWI, a good initial model is needed to avoid falling into the local minima due to the
well-known cycle-skipping issue. In this subsection, we discuss briefly the reasons why
good initial Vg and p models are required for estimating an accurate p model in the end.
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Input: Initial Vg and p

v

Stage 1 Simultaneous inversion of Vg and p

Input: inverted model of V from stage 1
and the initial p
(inverted p from stage 1 not to be used)

!

Stage 2 Simultaneous inversion of Vgand p

!

Final V and p

Figure 2.1: Sequential inversion workflow.

important to mitigate the strong parameter-coupling effect on p estimates due to errors in
Vs (AVsN in eq. 2.5). Our sequential inversion workflow (see Section 2.2.2) is expected
to reduce the risk of an inferior estimation of p due to the parameter-coupling problem.
However, to reduce further the parameter-coupling effect, the initial Vs model needs to be
good, such that AVs? is small.

The need of a good initial model for p is to be considered also from a different perspective:
the initial model of p should contain sufficient background p information for the success
of the FWI. Earlier research on synthetic data has shown that the scattered wavefields due
to a p perturbation propagate mainly in the backward direction (with a small aperture and
hence little back-scattered energy at larger angles), leading to a lack of the low-wavenumber
contents of p in the wavefields (Virieux & Operto, 2009; W. Pan, Geng, & Innanen, 2018;
Kawasaki et al., 2024). This makes it difficult to retrieve the background p model through
FWIL

In Subsection 2.4.2, we investigate on field data how different initial Vs and p models
having different accuracies affect the estimated p model. We first focus on how the p
estimates differ due to two different initial Vs models: an 1D initial Vg model derived from
an SCPT conducted on the seismic line, and a 2D initial V5 model obtained by MALW (e.g.,
Xia et al., 2012) applied to the observed Love wave data. Next, as a good initial p model,
we use the 1D p model derived from a highly smoothed version of the density log obtained
in a borehole located on the seismic line; we assume that this model contains sufficient
information on the low-wavenumber component of the p distribution. We discuss why the
density log is needed to build the initial model for a reasonably accurate reconstruction of
the p field through FWI, by comparing with the results of FWI performed with a starting
homogeneous p model. The performance of FWI with different initial Vg and p models is
evaluated through examination of both the p estimates and the final misfit values.
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Figure 2.2: (a) Acquisition geometry for 2D seismic survey and geotechnical (SCPT and density) measurements.
(b) An example of a filtered (10-80 Hz) shot gather with source at x = 118 m. For visualization, each trace is
normalized individually by the maximum amplitude in that trace. (c) Love-wave dispersion image calculated

from this shot gather for x <118 m in (b), and (d) for x >118 m in (b). (e) Amplitude spectrum of the shot gather

for x <118 m in (b), and (f) same as (e) but for x >118 m

2.3. FIELD DATA APPLICATION: DATA ACQUISITION AND PREPRO-

CESSING
We acquire a 2D SH/Love seismic dataset at a soft soil site in the northern part of the
Netherlands to investigate how FWI captures the spatially varying p using different FWI
strategies. At this site, for an independent evaluation of the FWI results, Vg and p are also
measured by SCPT, density logging and laboratory tests carried out on soil samples collected
in boreholes located on the seismic line. This section presents a detailed description of the
seismic and geotechnical data acquisition, and data preprocessing for FWI.
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2.3.1. DATA ACQUISITION

2D SH/Love seismic data are acquired along a 600-m-long line. Since we need to perform
FWI multiple times for a good comparison of different FWI strategies (see Section 2.2),
to keep the computation time short, we restrict our analysis to a seismic line length of
150 m only (Fig. 2.2(a)) and up to a depth of 15 m. The locations of the independent
geotechnical measurements are shown in Fig. 2.2(a). Geotechnical laboratory and field
tests are performed by the company Fugro. In the seismic survey, to generate SH-waves
we use an electrical linear-motor-driven shear-wave vibrator which was developed by the
company Seismic Mechatronics in collaboration with TU Delft (Noorlandt et al., 2015;
Brodic et al., 2021). The frequency band for the linear sweep is 8250 Hz, the sweep length
is 20 s. The vertical (source) stack count is 4. The fixed receiver array consists of 152
3-component geophone nodes with a natural frequency of 5 Hz, planted at 1 m spacing
along the seismic line. The source is moved along the seismic line at 2 m spacing. We
cross-correlate the raw vibrograms for each shot with a pilot (reference) trace. 76 common-
source (shot) gathers are used in our research. The maximum frequency used in FWI is
restricted to 80 Hz, to keep the computation time manageable.

Fig. 2.2(b) shows a typical shot gather. The dispersive Love waves dominate the observed
wavefield, while the body waves (i.e., direct wave, refracted wave, and reflected wave) are
not distinct in the band-limited data between 10 and 80 Hz. To further characterize the
dispersive Love waves, we calculate the dispersion images of Love waves. This is illustrated
for a shot gather (Fig. 2.2(b)) with the source located at x = 118 m, separately for the
left-side (x < 118 m) and the right-side (x > 118 m) of the shot gather (Figs 2.2(c) and
(d), respectively). The higher modes are visible in the dispersion images at frequencies
exceeding 15 Hz. The left and right sides of the shot gather exhibit different dispersion
patterns for the higher modes, suggesting lateral heterogeneity in the subsurface. Note
that the fundamental mode is primarily present at the low frequencies (< 15 Hz), and the
amplitude at this frequency range is much smaller than that of the higher-frequency higher
modes (see Figs 2.2(e) and(f)). This makes it difficult to identify the fundamental mode
clearly in the time domain. Most of the events observed in Fig. 2.2(b) are, therefore,
dominated by the higher modes rather than the fundamental mode. The fundamental mode
is more clearly identified in the dispersion images (Figs 2.2(c) and (d)). The remaining
differences (see on the left side of the shot gather in Fig. 2.2(b)) between the observed
data and the synthetic data for the final FWI model is due to the remaining discrepancy in
reconstructing a part of the higher modes. This can be noticed in Figs 2.2(c) and (d), and
will be explained further in Fig. 2.14

In Fig. 2.3 we show an example of the results of geotechnical tests performed on the
2D seismic line (in this case, at the centre of the line, i.e., in borehole BH2 as shown in
Fig. 2.2(a)). Fugro’s geotechnical tests consist of CPTs, SCPTs to estimate Vg as a function
of depth, and the p measurements from both density logging performed in boreholes and
laboratory experiments on soil samples collected in the same boreholes (see Fig. 2.2(a)).
The density logging is carried out in boreholes BH1 and BH2, while laboratory tests are
done on soil samples collected at certain depths in all 4 boreholes shown in Fig. 2.2(a) —
BHI1-BH4. It has been possible to collect undisturbed soil samples at these depths in the
boreholes.

In Figs 2.3(b) and (c) we illustrate also the initial models that are built for the FWI
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Figure 2.3: Independent geotechnical measurements done in borehole BH2 (see 2.2(a)). (a) Cone-tip resistance
qc from CPT. (b) Vg derived from SCPT, and two different initial models of Vg for the FWI. (c) p from density
logging and from the laboratory tests on soil samples, and the initial model of p for the FWI. (d) Soil type
estimated from CPT (Robertson, 1990).

(see Section 2.3.3 for details). The shallowest part of the soil column is composed of sand
with high Vg and p, while below ~ 10 m depth, there are alternating layers of clay and
sand having generally low Vs and p. Based on laboratory soil tests, the difference in Vg
and p between the shallow and the deep sand layers is due to the difference in grain size —
relatively coarse-grained sand is present at the very shallow part, while at greater depths the
sand is relatively fine. The specific soil structure at this site, particularly the high-velocity
layer at the shallow depth excites significant higher-mode surface waves that are visible in
the dispersion images (Figs 2.2(c)-(d)). The groundwater table at this site, as known from
multiple boreholes, is located at ~ 1.3 m depth, allowing us to assume full water saturation
in soils below 1.3 m. Therefore, the observed variability of p, as illustrated in Fig. 2.3(c),
mainly reflects changes in porosity in different soil types. The goal of the FWI here is to
capture the spatially variable p structure which, in turn, should offer information on the
distribution of the soil type and the porosity.

2.3.2. DATA PREPROCESSING FOR THE FWI

It is necessary to preprocess the raw field-seismic data before FWI can be successfully
performed. The acquired point-source data contain the effect of geometrical spreading in
3D, while the forward simulation in 2D FWI assumes line-source data with 2D geometrical
spreading. Therefore, the observed 3D effects need to be transformed into 2D wavefields.
We first apply the 3D to 2D point-to-line source correction by convolving the observed
records with V=1 , where ¢ is the recording time (Forbriger et al., 2014; Schifer et al.,
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2014). To transform 3D to 2D geometrical spreading, we follow the hybrid transformation
proposed by Forbriger et al. (2014) and Schifer et al. (2014), and tested by many others
more recently (e.g., J. Liu, Ghose, & Draganov, 2022; J. Liu, Draganov, & Ghose, 2022).
The traces at relatively small offsets (< 5 m in our case) are scaled by /2rv,;,, where r
is the source-receiver offset and vy, is the phase velocity. This scaling factor is gradually

shifted by applying a v/¢=1 time-domain taper, and is finally replaced by rv/2 at the large
offsets (> 10 m in our case). We assume vy, = 200 m/s based on the dispersion image
(see Figs 2.2(c)-(d)). Also, the traces from receivers which are located within 1 m distance
from the source are killed because signals in such near-offsets are generally clipped (Y. Pan
et al., 2019). We additionally kill the traces with low signal-to-noise ratio (S/N) to make
the inversion stable. Finally, we apply a time delay (0.25 s) to the data so that the estimated
source-time function is not leaked to the acausal part.

2.3.3. BUILDING OF INITIAL MODELS FOR THE FWI

As explained in Section 2.2.3, we construct two different initial models for Vg and p, and
investigate their impact on the FWI results. A depth-dependent (1D) Vs model is obtained
by smoothing the SCPT-derived Vg profile at the centre of the seismic line (BH2) (orange
line in Fig. 2.3(b) and 2D image in Fig. 2.4(a)). This serves as one of the two tested initial
Vs models for FWI. A second initial Vs model is built by applying MALW to the dispersive
Love waves present in the observed data (see Fig. 2.3(b) and Fig. 2.4(b)). We adopt the
CMPCC (common-midpoint cross-correlation) method to calculate the dispersion image,
avoiding strong distortions due to lateral heterogeneity (Hayashi & Suzuki, 2004). This
is followed by picking the dispersion curves at common midpoints (CMPs) at an interval
of 2 m. To build the initial model for MALW, we apply the empirical 1/3 wavelength
transformation to the dispersion curves (Hayashi, 2008). In the inversion, the multimodal
dispersions in the observed data are used, following the approach of Hayashi (2012); the
inversion minimizes the difference between observed and synthetic phase velocities that have
the maximum relative amplitude among all modes at each frequency. Finally, we obtain
the 2D Vs model by applying spatial smoothing to the pseudo-2D Vg models obtained from
MALW (Fig. 2.4(b)). This model serves as the second initial model for FWI. The MALW-
derived Vs model at BH2 matches well with the SCPT-derived Vg till ~ 8 m depth (see
green and orange lines in Fig. 2.3(b)). These two initial Vg models have different spatial
distribution of accuracy; the SCPT-derived initial Vs is 1D and hence does not contain any
lateral variations, while the MALW-derived initial Vs model is laterally varying and it differs
from the SCPT-derived Vs model below ~ 8 m depth. We focus on the difference in the
derived p distribution due to the two different initial Vg models.

Next, to construct a good initial model of p for FWI, we apply smoothing to the density
log from a borehole located at the center of the seismic line (BH2). Since the density log
could not measure well the p values at the very shallow (shallower than 4 m) depths due to
the local soil condition, we assume p = 2000 kg/m3 as a realistic value for the shallowest
depths, considering also the fact that the sand layer just below 4 m depth is known to have
a density value of 2000 kg/m3 (see Fig. 2.3(c)). This is justified also because a thick
sand layer with high g, and Vs is known to be present here from 1 to 5 m depth (see Figs
2.3(a)-(b)). The density-log-derived initial p is shown in Fig. 2.3(c) (light blue line) and
Fig. 2.4(c) (2D image). Additionally, we use a homogeneous p model with a constant p
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Figure 2.4: Initial models of Vg and p for FWI for p inversion. (a) Initial 1D Vg model derived by smoothing the
Vg profile from the SCPT at BH2. (b) Initial V5 model derived from MALW applied to field seismic (Love wave)
data. (c) Initial p model from the density log at BH2. (d) Initial homogeneous p model.

value of 2000 kg/m3 as the second initial model for p for FWI (see Fig. 2.4(d)).

2.3.4. ESTIMATING OoPTIMUM Qg FOR THE FWI

Anelastic attenuation in soil must be carefully taken into consideration in order to obtain
reliable FWI results (Groos et al., 2014). Gao et al. (2020) demonstrated on synthetic data
that use of an inaccurate attenuation value produces much more artifacts in the inverted p
image than in the inverted Vs image. In this research, we assume a constant Qg value for the
entire model space. An optimum value for Qg is derived following two different approaches.

First, we use the approach of Groos et al. (2014), where the Qg value that offers the
minimum misfit between the observed and the synthetic data is derived through a grid
search. To do this, we use the highly smoothed version of the SCPT-derived Vs (Fig. 2.4(a))
and the density log-derived p (Fig. 2.4(c)) as the initial models. The source-time function
is estimated by a stabilized deconvolution, considering an initial model (Groos et al., 2014).
Since the anelastic attenuation mainly affects the waveform amplitude rather than the phase
information, the square of the I, norm misfit function is used for Qg estimation. The traces
within a source-receiver offset range of 40 m are used in the grid search, assuming their
amplitudes are less influenced by the 3D structure, compared to traces at greater offsets.
The grid search finally provides an optimum Qg value of 5 that corresponds to the minimum
misfit value (Fig. 2.5(a)).

In order to validate the estimated Qg from the grid search, we roughly calculate a constant
value for Qg by making use of the amplitude information of Love waves (e.g., Xia et al.,
2013). Assuming the observed Love wave to be a plane wave propagating in a homogeneous
medium, the quality factor of Love wave Qr is determined based on the following equation
(Johnston & Tokso6z, 1981):

nf

CZLVL,

QL (2.6)
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Figure 2.5: Estimation of an optimum value for Qg. (a) Grid search. (b) Estimated Qg from a linear fit for each
shot and each frequency. (c) Histogram of the estimated Qg shown in (b).

where @ represents the attenuation coefficient of Love wave, vy is the Love wave velocity,
and f is the frequency. a; is calculated using U(x + dx) = U(x)e”***, where U is Love
wave amplitude, x is the nearest source-receiver offset, and dx is the receiver interval (Kudo
& Shima, 1970). The offset for the calculation of «a; is restricted to 40 m, similar to the
grid search. vy is assumed to be 200 m/s based on the dispersion images (Figs 2.2(c)-(d)).
We assume that the Qy value calculated from eq. 2.6 roughly represents the Qg value in a
homogeneous medium. The estimated Qg value for each shot record and frequency generally
varies between 3 and 10 (Fig. 2.5(b)) with a peak at Qs = 5-6 (see Fig. 2.5(c)), which is
consistent with the estimated Qg value from the grid search (Fig. 2.5(a)). Accordingly, we
consider Qg = 5 as an optimum value for the attenuation parameter to be used in FWIL.

To examine further the goodness of the chosen Qg value, we compare the synthetic
waveforms with the observed waveforms, without any amplitude scaling (Fig 2.6). The
observed seismic amplitudes decay rapidly with increasing source-receiver offset, which is
reproduced in the synthetic data for Qg = 5 (compare between Figs 2.6(a) and (c)).

2.3.5. FWI PARAMETER SETTINGS

In FWI, we perform multi-parameter inversion to obtain both Vg and p, while Qg is con-
sidered fixed (same value for the entire model space). The inversion starts with the low-
frequency band of 10-15 Hz to avoid falling into the local minima due to cycle-skipping.
The maximum frequency for the inversion is then gradually increased to 25 Hz, 40 Hz, 50
Hz, 60 Hz, 70 Hz, and 80 Hz in the framework of the multi-scale inversion (Bunks et al.,
1995). In order to further reduce the nonlinearity, we start the inversion with data at short
source-receiver offset (< 40 m) for the first frequency stage (10-15 Hz) only, and then the
maximum offset is increased to 90 m for the subsequent inversion. The new workflow of
sequential inversion designed to reduce the parameter-coupling effect, as discussed in Sec-
tion 2.2 (Fig. 2.1), is applied to each frequency stage. The iteration at each frequency stage
is stopped when the relative change between the misfit of the current iteration step and that
of the second to the last iteration step is less than 1%. We estimate the source-time function
using the near-offset data (< 6.5 m) at the first iteration of each frequency stage, and then it
is fixed during the same frequency stage. For the preconditioning, we apply circular tapers
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Figure 2.6: Validating the chosen Qg value. (a) Observed data. (b) Synthetic data with Qg=40. (c) Synthetic data
with Qg=5.

to the gradient around the source locations. A preconditioning filter based on the wavefield
energy (Zhang et al., 2012) is also applied to the gradient in order to make the convergence
faster. Finally, a Gaussian filter with the length of half the dominant wavelength is applied
for damping small-scale artifacts below the FWI resolution limit (Ravaut et al., 2004).

2.4. FIELD DATA APPLICATION: INVESTIGATING FWI STRATEGIES
We investigate the impact of the adopted FWI strategy (i.e., inversion workflow and initial
model) on the estimated p distribution. The accuracy of the p estimates obtained by FWI
is evaluated based on an in-depth comparison with the measured p by density logging and
the laboratory estimates of p on soil samples from boreholes BH1-BH4 (Fig. 2.2(a)).
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2.4.1. EFFECT OF THE USED INVERSION WORKFLOW

In this subsection, we discuss results regarding how the new sequential inversion workflow
(Fig. 2.1) contributes to the accuracy of the estimated p compared to the conventional
simultaneous inversion workflow of FWI. In both workflows, we use the same initial models,
that is the smoothed version of the SCPT-derived Vg profile and the smoothed version of the
log-derived p (Figs 2.4(a) and (c), respectively). This allows us to concentrate on the sole
impact of the two different workflows on the FWI result.

After the convergence, both workflows result in similar Vg images (see Figs 2.7(a) and
(b)), with only slight difference in the resolution. The Vs values in the vertical direction
approximately corresponds to the results of geotechnical (SCPT) measurements; high Vg for
sand at the shallow part and low Vg for the alternating layer of clay and sand at the deeper
part (see Fig. 2.3). However, unlike Vg, the inverted p models differ dramatically depending
on the employed FWI workflow, as shown in Figs 2.7(c) and (d). The colour scale is same for
Figs 2.7(c) and (d). The conventional simultaneous inversion workflow produces unrealistic
p values (Omin ~ 800 kg/m3, pmax ~ 2500 kg/m3, see Fig. 2.7(e)). Given the fact that the
soil at this site (made of sand and clay) below ~ 1.3 m depth is fully water-saturated (Fig.
2.3(a)), the inverted p values are indeed unrealistic. Furthermore, these inverted p values
are very different from the measured p values in the laboratory on soil samples (sand: ~
2000 kg/m3, clay: ~ 1800 kg/m3, see Fig. 2.3(c) and Fig. 2.7(e)). Our proposed sequential
inversion workflow (Fig. 2.1), however, provides much better p estimates (Fig. 2.7(d)); the
p estimates (Omin ~ 1750 kg/m3, pmax ~ 2100 kg/m?) are within the range of the measured
p values in the field (logging) and in the laboratory (see Fig. 2.7(f)).

We compare the data misfit, after the convergence in FWI, to investigate how the synthetic
waveforms fit with the observed waveforms (Fig. 2.8). The proposed sequential inversion
reaches a lower misfit (-0.69) value compared to the conventional simultaneous inversion
(-0.67). The new sequential inversion possibly prevents the distortion of the p estimates that
occur due to the severe parameter coupling, as discussed in Subsection 2.2.2.

Our results demonstrate that it is important to minimize the parameter-coupling effect
for the success of the p reconstruction through FWI, and that, for this purpose, the proposed
sequential inversion workflow is beneficial.

2.4.2. EFFECT OF THE USED INITIAL MODELS

We investigate the impact of the different initial Vs and p models on the inverted p. We first
compare the estimated p from FWI between the MALW-derived 2D Vg as the initial model
(Fig. 2.4(b)) and the smoothed version of the SCPT-derived 1D Vg as the initial model (Fig.
2.4(a)). The smoothed version of the density log-derived 1D p (Fig. 2.4(c)) is used as the
initial p model in both these cases. The workflow for this investigation is shown in Fig. 2.9.
The results are shown in Figs 2.7 and 2.10. The overall characteristics and resolution of
inverted Vs and p are similar between FWI with the MALW-derived initial Vg (Figs 2.10(a)
and (b)) and FWI with SCPT-derived initial Vg (Figs 2.7(b) and (d)). However, we notice in
both inverted Vs and p images blocky structures (see black circles in Figs 2.10(a) and (b))
when the MALW-derived 2D Vg field is used as the initial model. Such blocky structures
are not anticipated in our test site based on independent information. These structures do
not appear when the smoothed version of the SCPT-derived velocity profile is used as the
initial Vs model. The laterally varying accuracy in the 2D Vs field derived from MALW
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Figure 2.7: Comparison of results for two different FWI workflows. (a) Inverted Vg from the conventional
simultaneous inversion workflow. (b) Inverted Vg from the new sequential inversion workflow proposed in this
research (Fig. 2.1). (c) Inverted p from the conventional simultaneous inversion workflow. (d) Inverted p from
the new sequential inversion workflow. (e) Comparison of the histogram of p estimates from the conventional

simultaneous inversion workflow with the histogram of the initial p model derived from smoothing density

logging at BH2, and the histogram of the p values from logging and laboratory tests. (f) Same comparison as (e),
but for the proposed sequential inversion workflow.
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Figure 2.8: Comparison of the data misfit evolution for the two FWI workflows (the conventional simultaneous
inversion and the new sequential inversion) . Normalized GCN = -0.67 for the conventional simultaneous
inversion, while normalized GCN = -0.69 for the proposed sequential inversion after the convergence. Note that
the misfit increases as higher-frequency data are incorporated into the inversion, because the model is still not
sufficiently accurate to reproduce the corresponding shorter-wavelength seismic waveforms.
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Figure 2.9: Workflow for investigating the effect of the used initial V5 on FWL

might produce such structures: it is likely that MALW has provided relatively inaccurate
Vs models at locations where blocky structures appear in the inversion result. The blocky
structures are not present in the MALW-derived initial Vg, but are produced during FWL.
This could happen as FWI attempts to reduce the waveform differences that are caused by
errors in the initial V.

To evaluate more critically the accuracy of the p estimates from FWI for different
initial models, we use independent measurements made at different locations on our seismic
line. In Figs 2.10(c)-(f) the estimated value of density from the laboratory tests made on
collected soil samples are plotted at 4 borehole locations — BH1-BH4. Also, the density
logs at BH1 and BH2 are shown. Note that, at BHI, the density logging did not succeed to
measure continuously the density values due to the influence of the borehole casing joints:
these disturbed data points are removed from the log (see Fig. 2.10(c)). The density logs
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Figure 2.10: FWI results using the smoothed version of the MALW-derived 2D Vj field as the initial model. (a)
Inverted Vg. (b) Inverted p. (c)-(f) Checking the p estimates from FWI using independent density measurements
(density logging and laboratory estimates made on soil samples). Note that, at BH1, the density logging could not
continuously measure accurate density values due to the influence of the casing joints; removal of these disturbed

data points is responsible for the discontinuous nature seen here.
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clearly show the existence of a thin layer with high p value at around 7-8 m depth (see red
arrows in Figs 2.10(c) and (d)). This is correctly captured by FWI only when the smoothed
version of the SCPT-derived Vg is used for the initial model (red lines in Figs 2.10(c) and
(d)). Assuming that the SCPT-Vs represents the true distribution of Vg, MALW has not
constrained the low Vs existing at depths greater than 10 m depth (see green line in Fig.
2.3(b)), which is consistently observed at other SCPT points too (BH1, BH3, BH4). Thus,
for this test site, SCPT provides a more accurate and useful initial Vs model than MALW.
This SCPT-derived initial Vg allows us to minimize the parameter-coupling effect. This
results in a less erroneous estimate of p through FWI, even though both inversions start with
the same initial p. Since the accuracy of the MALW-Vj is site-specific, the SCPT-Vg may
not always be necessary. However, in soft soil sites, one SCPT performed on the seismic
line for building a good initial Vs model might be a good option in order to successfully
estimate p by FWL

Next, we examine the estimated p from FWI when the initial p value is either constant
(Fig. 2.4(d)) or it is the smoothed version of the p profile obtained by density logging (Fig.
2.4(c)). For this experiment, the initial Vg model is fixed to the smoothed version of the
SCPT-derived Vg profile (Fig. 2.4(a)). Fig. 2.11 shows the workflow for this investigation.
The results are illustrated in Fig. 2.12. Clearly, the estimated p by FWI is more erroneous
when a constant value of p is used for the initial p model. For the two different initial p
models and the same initial Vg, we obtain almost identical image of the inverted Vg from
FWI (see Fig. 2.7(b) and Fig. 2.12(a)). This indicates that the parameter-coupling effect
due to errors in p is not severe, which has been also demonstrated in the past synthetic
research (Dokter et al., 2017; W. Pan, Geng, & Innanen, 2018; Kawasaki et al., 2024). This
effect is also much less than the parameter-coupling effect on the p estimates due to errors
in Vg (see Fig. 2.10), which could be due to the greater sensitivity of the surface-wave
dominated seismic data to Vs than to p (e.g., Kawasaki et al., 2022). The FWI starting with
different initial p models resolves similar p structure at depths shallower than 10 m. For
example, the anomaly with low p at x ~ 80 m and that with high p at x ~ 150 m is clear
in both inversion results (see Fig. 2.7(d) and the black arrows in Fig. 2.12(b)). However,
those soft soils having a low p occurring at depths greater than 10 m, which are clearly
recognisable in the density logs and in the laboratory density-measurement results (see the
low p values at depths of 10 m and deeper in Fig. 2.3(c)), is not reconstructed well by
the FWI starting with a homogeneous initial p model (see the light blue lines and the red
arrows in Figs 2.12(c)-(f)). Such depth-dependent differences in the accuracy of p estimates
could be attributed to the spatially varying accuracy of the initial p model. The assumed
constant p value (= 2000 kg/m?) for the initial model represents the trend of the true p above
10 m depth, while it is too far from the mean p value (~ 1750 kg/m3) below 10 m depth
(see brown dashed line in Figs 2.12(c)-(f)). This suggests that the initial p model needs to
contain sufficient background p information in order to estimate accurately p values from
FWL. In this regard, a density log, as used here, is a promising tool to build such a good
initial model.

Finally, we investigate the final data misfit in FWI for different initial V5 and p models
(Fig. 2.13). We first examine the difference in the misfit due to the different initial Vg
models (see red and green lines in Fig. 2.13). The FWI using the MALW-derived 2D
initial Vs converges with a slightly higher misfit value (-0.68) compared to that using the
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Figure 2.11: Workflow for investigating the effect of the used initial p on FWI.

smoothed version of the SCPT-derived 1D initial Vs (-0.69). Besides, the misfit value at
the very first iteration for the MALW-derived initial Vs (-0.60) is much worse than that for
the SCPT-derived initial Vg (-0.67): the SCPT-derived initial Vg provides synthetic data
that are more in agreement with the measured data. This suggests that the SCPT-derived
initial Vg does allow the inversion to start at a point which is much closer to the optimum
solution, compared to the MALW-derived initial Vs. Starting the inversion at a point close
to the optimum solution is obviously much more desirable in FWI. For two different initial
p models, the density log-derived initial p produces much better waveform fitting between
the observed and the synthetic data than the homogeneous (constant value) initial p model
(compare the red and blue lines in Fig. 2.13). In Fig. 2.2(b), we have seen an example
of the comparison of the observed waveforms with the synthetic waveforms for the best
case, i.e., when using the smoothed version of the SCPT-derived initial Vs model and the
density log-derived initial p model. To check how the dispersive Love waves match after the
convergence, we calculate the dispersion image for the synthetic waveforms (Fig. 2.14). A
comparison with the measured dispersion image (Figs 2.2(c)-(d)) shows that the fundamental
mode (< 15 Hz) is well reconstructed. In contrast, there are remaining discrepancies in a
part of the higher modes, corresponding to the unmatched waveforms at late time in Fig.
2.2(b).

The results in this section indicate that, compared to Vg, p being a much more difficult
parameter to estimate, the initial models of Vs and p based on independent geotechnical
measurements might be of great value in order to achieve acceptable accuracy in the spatially
varying p image, with a good fit between the observed and the synthetic seismic waveforms.

2.5. DiscussioN

2.5.1. SPATIALLY VARYING DENSITY STRUCTURE ESTIMATED FROM FWI

In Section 2.4, the comparisons of different FWI workflows have demonstrated that, starting
with smooth versions of the SCPT-derived 1D Vs model and density-log-derived 1D p
model, our proposed scheme of sequential inversion applied to SH/Love-wave data can
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Figure 2.14: Love-wave dispersion images calculated from the synthetic data for the final model to compare the
observed dispersion images shown in Figs 2.2(c)-(d).

capture the spatially varying distribution of the p in soils. In this subsection, we look
again into the obtained p image from the FWI along with a closer check of the independent
geotechnical data: the p measurements (Fig. 2.15(a)), the soil classification from the CPTs
based on Robertson (1990) (Fig. 2.15(b)), the Vs from SCPTs and FWI (Fig. 2.15(c)), and
the pseudo-2D section of the cone tip resistance g, constructed by interpolating all CPTs
performed on our seismic line as shown in Fig. 2.2(a) (see Fig. 2.15(d)).

The image of p in soil obtained from FWI is mainly characterized by a sharp transition
from a high p to a low p at around 10 m depth — which is laterally continuous (Figs
2.15(a) and (b)). This sharp change in p corresponds to the boundary between sand and
the alternating layers of clay and sand from the soil classification (see red arrows in Fig.
2.15(b)). This transition depth in the FWI result matches well with the p measurements
in boreholes BH1-BH4 (see red arrows in Fig. 2.15(a)). Both FWI and geotechnical p
measurements show low p values in the sand layer below ~ 10 m depth (see Fig. 2.15(a)),
reflecting a difference in grain size; sand at the deeper part is finer than that in the shallower
part, which is confirmed in soil sampling made in the boreholes. This could indirectly
result in a relatively larger porosity at the deeper part, which in turn offers lower p. In
theory, porosity is not controlled by the grain size, as the inter-grain space is determined
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by the grain packing which, in turn, is controlled by many factors like grain shape, grain
sorting, cementation/diagenesis, etc. However, previous studies have shown a reduction
of the sand-grain size correlating with an increase of the void ratio or porosity (Pryor,
1973; Al-Homadhi & Hamada, 2001; Patra et al., 2010; Ogolo et al., 2015; Bell, 2016;
Atapour & Mortazavi, 2018). Rice-Birchall et al. (2022) showed that compaction by grain
rearrangement, which is generally grain-size dependent, can be significant.

Another characteristic of our test site is a hard sand layer having high p (> 2000 kg/m?)
occurring at very shallow depths. This high-p sand layer is laterally continuous. This layer
is observed also in the density logs (BH1 and BH2), almost at the same depths in the two
boreholes (see purple arrows in Fig. 2.15(a)). The hard sand layer has a peak p value at
around x = 150 m (see black arrows in Figs 2.15(a) and (b)). We mark the existence of the
highest Vs and g, at the same lateral distance (see black arrows in Figs 2.15(c) and (d)).
The highest value of p appears at a relatively deep part compared to that of Vg and q..
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The discrepancy in depth among the different parameters may represent the true subsurface
structure, although the impact of limited resolution in the FWI results cannot be ruled out.
Additional Vg and p measurements at that lateral distance (x = 150 m) might help unravelling
this discrepancy. The low-p anomaly is also visible at around x = 80 m (see yellow arrows
in Figs 2.15(a) and (b)) where the low Vg and ¢, are observed too (see yellow arrows in Figs
2.15(c) and (d)), indicating the presence of the very soft clay. These observations suggest
that the lateral variability in p that has been derived by FWI is meaningful, and this should
be beneficial for soil characterization including finding soil type, stiffness, and porosity.

2.5.2. LIMITATION OF THE ANALYSIS

Our proposed sequential inversion workflow and the initial model-building strategy enabled
reconstruction of p that matched well with the independent p measurements and CPT data.
The proposed approach can facilitate p estimation from SH-wave FWI. The sequential
inversion workflow has previously been shown to be effective in exploration-scale applica-
tions, mostly focusing on body waves (Jeong et al., 2012; Prieux et al., 2013; Ren & Liu,
2016). Our results suggest that this strategy is also effective in near-surface conditions,
where surface waves dominate the recorded wavefield. However, our investigations have
been focused primarily on field data. To evaluate the robustness of the sequential inversion
to reduce parameter-coupling effects, synthetic tests using a spatially uncorrelated model as
in Kawasaki et al. (2024) would be beneficial.

The efficacy of our initial model-building strategy may depend on the degree of lateral
heterogeneity in the subsurface. In our field application, the use of an 1D initial V5 model
derived from SCPT has given more accurate results than MALW-derived initial Vs model.
This is possibly because the subsurface in this case does not have strong lateral variations.
For more heterogeneous environments, MALW can capture 2D variations to some extent
and, therefore, may be a more appropriate option for initial Vs model building for FWIL.
To substantiate this, one needs to perform systematic synthetic tests using models with
varying degrees of heterogeneity. This would help establish more general guidelines for p
reconstruction using SH-wave FWI.

2.5.3. VALIDATING Vg ESTIMATES FROM FWI usiNG SCPT pata

We evaluate the accuracy of the Vg obtained from FWI using SCPT data. The overall spatial
distribution of Vg from FWI is comparable with the SCPT-derived Vs as shown in Fig.
2.15(c) and Fig. 2.16. Note that while the initial 1D Vs model for FWI is derived here by
smoothing the SCPT-derived Vs at BH2, the lateral variability in Vg, shown in Fig. 2.15(c)
is captured by the FWI. In order to check the validity of the Vg estimates from the FWI,
we calculate the first-arrival travel times by seismic ray tracing using the SCPT-derived Vg
and the FWI-derived V5. We then compare these first-arrival travel times with the arrival
times observed in the SCPT data. The result is illustrated in Fig. 2.16. The first-arrival
travel times for the FWI-derived Vg fit surprisingly well with the arrival times in the SCPT
waveforms that are acquired independently of the SH/Love surface-seismic data. This is
strongly indicative of the robustness of the estimated Vs from FWI. We notice only minor
mismatches at some specific depth ranges between the first-arrival travel times for the SCPT-
derived Vs and those for the FWI-derived V. For example, at depths of 7-10 m at BH4 (see
Fig. 2.16(d)), the travel times for the FWI-derived Vs appear to fit better the travel times in
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Figure 2.16: 1D validation of the FWI-derived Vg at four different boreholes. Notice the fit among the first-arrival
travel times calculated for the FWI-derived Vg, that for the SCPT-derived Vg, and the arrival times seen directly
in the SCPT waveforms. The first-arrival times for the 2D FWI-derived and 1D SCPT-derived Vg fields are
computed by seismic ray tracing. On the left of each plot the SCPT-derived Vg and the FWI-derievd Vg are
checked against each other at the same location.

the SCPT waveforms rather than those for the SCPT-derived Vs. This might, however, be
due to an inaccuracy in the SCPT-derived V5. The SCPT-derived Vs is estimated from the
difference in the travel times at two consecutive depths calculated from the cross-correlation
between the waveforms observed at those depths, thus providing a high-resolution 1D Vg
profile (e.g., Campanella & Stewart, 1992). However, for the acquired SCPT data at BH4 in
our test site, the observed waveforms at depths of 7-10 m have relatively low S/N as can be

seen in Fig. 2.16(d). This might have resulted in an inaccurate Vg in this depth range from
the SCPT.

2.5.4. CONSIDERATIONS FOR BUILDING THE INITIAL DENSITY MODEL

Our results in Section 2.4.2 have shown that a good initial p model from the density log
performed on the seismic line helps to obtain rather accurately the spatial variability of the
p in soil. However, in some cases, the density log may not be available due to budgetary
constraints. In such situations, one may avoid the use of the density log to build the
initial p model for FWI. For example, our investigations have demonstrated that, starting
with a homogeneous (constant) initial p model, FWI can still provide a meaningful spatial
variability of p. Note in Figs 2.12(c)-(f) that reasonably good p values are obtained above
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10 m depth where the assumed constant p value in the initial model is close to the true
background p. Another typical approach for building an initial p model is to rely on a good
empirical relationship between seismic velocities (Vp and Vgs) and density (e.g., Ludwig,
1970; Gardner et al., 1974; Anbazhagan etal., 2016), or employing a linear gradient model as
used in Dokter et al. (2017) and Gao et al. (2020). One may, however, encounter a difficulty
in choosing an appropriate initial p model for the soil at a given site, and a site-specific
calibration might be required. Also, to build a sufficiently accurate initial p model, one
may consider using a nuclear-density cone penetrometer (Tjelta et al., 1985; Shibata et al.,
1992; Karthikeyan et al., 2007) which is less expensive than performing density logging in
an a-priori drilled borehole.

In this research, we could not evaluate quantitatively how or to what extent an initial p
model needs to be accurate for the success of p reconstruction from the FWI. Addressing this
problem might help to choose an appropriate initial model-building strategy at a specific
site. Such evaluation could be achieved by investigating the differences in the accuracy
of the p estimates due to different initial p models having different range of wavenumber
contents, for several types of near-surface models.

2.6. CoNCLUSIONS

In this chapter, in order to estimate the spatial distribution of the soil density, we investigated
FWI applied to the SH/Love-wave seismic data acquired in the field. We explored practical
strategies in order to address two major issues that arise when estimating density through
FWI, namely the parameter-coupling effect and the building of the background (initial)
density model.

We proposed a sequential inversion workflow to effectively suppress the severe parameter-
coupling effect. Compared to the conventional simultaneous inversion workflow, the work-
flow proposed here improves greatly the accuracy of the estimated density field and the
goodness of the seismic-waveform fitting. The derived, spatially varying density field by
FWI is relatively accurate, which is validated by independent density measurements at our
test site. Building a good 1D initial Vs model for FWI based on the SCPT data from one loca-
tion in the field provided a less erroneous density structure, compared to a 2D initial model
derived from the MALW. This is due to additional mitigation of the parameter-coupling
effect due to small error in the SCPT-derived initial Vs model. To incorporate sufficient
background density information into the inversion, we derived an initial density model from
the data of density logging performed at one point on the seismic line. This 1D density field
obtained from the logging data is beneficial for obtaining the well-resolved spatial variability
of the soil density up to at least 15 m depth. Here, the 15 m depth restriction is imposed only
to keep the computation time short. Our results illustrate on the field-seismic data that the
spatial variability of the soil density can be captured reasonably accurately from SH-wave
FWI in combination with SCPT and density log data collected at only one location in the test
site for the initial model-building purpose. The subsoil density distribution obtained from
the FWI offers useful information viz. the spatial variability of the soil type, soil stiffness,
and porosity, without the need to perform expensive density measurements at many points
in the field to derive finally a rather imperfect image of the density variability. This will
open up important possibilities for practical applications in the field.



2D FWI FOR SUBSOIL DENSITY:
BUILDING ALIASING-FREE SEISMIC
DATA USING SEISMIC
INTERFEROMETRY

Seismic FWI is capable of providing the spatial distribution of subsurface properties such
as Vp, Vs, and p. To obtain a high-resolution subsurface image through FWI, we need to
perform a seismic survey with many seismic sources and receivers positioned at sufficiently
fine spacing (in the wavelength sense); otherwise, spatial aliasing limits the achievable
resolution in an inverted image. However, having many sources is logistically and econom-
ically more challenging than having many receivers, due to the time-consuming process of
generating seismic vibration at many points in the field. To tackle this issue, we propose
to enhance the spatial sampling in the source domain by making use of surface waves re-
trieved by SI. This enables one to obtain aliasing-free seismic data by merging the virtual
shot gathers with the field-observed shot gathers enriched in surface waves. This chapter
demonstrates the applicability of our proposed concept through tests on actual field data.
2D SH-wave seismic data dominated by Love wave are used. In practice, SI cannot retrieve
fully accurate amplitude and phase information of surface waves mainly due to the insuffi-
cient distribution of seismic sources used in SI. In this regard, we effectively use virtual shot
records together with real shot records in FWI, through application of a matched filter and
defining a new weighted misfit function. We find that, at our specific site, the spatial aliasing
produces artifacts appearing as striped patterns in the gradient of the misfit function and
in the inversion result, disturbing the lateral continuity of an underground structure. The
reason for such artifacts is that a sparse distribution of seismic sources fails to suppress the
oscillatory side lobes that occur around the source positions in the gradient of the misfit
function. Also, spatial aliasing can cause a loss of accuracy in the estimated p value. The
aliasing-free seismic data from our proposed approach help reducing the striped patterns,
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leading to an improved resolution in both Vs and p images. Furthermore, an in-depth
investigation made through a comparison with the CPT data also confirms the possibility
of improvement of the accuracy of the p estimate in this way. Our data-driven approach
allows us to avoid the time-consuming seismic acquisition in the field using many seismic
sources in order to derive a high-resolution image of the subsurface via FWI.

3.1. INTRODUCTION

A high-resolution spatial distribution of seismic properties in soil, such as Vp, Vg, and p, is
important for various near-surface applications in areas like geoengineering, urban planning,
and disaster prevention. Field-acquired seismic data in the near-surface scale is generally
dominated by the surface waves, which are sensitive to the Vg structure in the subsurface.
Accordingly, soil characterization has been conventionally achieved using the distribution
of Vs obtained from a dispersion-curve-based inversion using Rayleigh wave (MASW, Xia
etal., 1999; Park et al., 1999) or Love wave (MALW, Xia et al., 2012). These methods have
been successfully applied to solve many geotechnical engineering problems over the years;
however, there is a difficulty in capturing the lateral variability in soil layers with a high
resolution due to the made 1D assumption. Furthermore, the dispersion curves are not much
influenced by the variation of other seismic properties like Vp and p (Xia et al., 1999; Foti
& Strobbia, 2002), limiting the applicability of the above-mentioned surface-wave methods
to the estimation of Vg only.

In the recent decade, seismic FWI has received the attention as a promising tool for
simultaneously estimating multiple parameters (Vp, Vg, and p) at the near-surface scale
(e.g., Tran et al., 2013; Kohn et al., 2019; J. Liu, Ghose, & Draganov, 2022; J. Liu,
Draganov, & Ghose, 2022). More recently, synthetic and field studies have shown that
FWI applied to SH/Love wavefields (thus independent of Vp) enables one to reconstruct in
high-resolution the Vg and p images without suffering from the well-known inter-parameter
coupling problem (Dokter et al., 2017; Wittkamp et al., 2018). In this regard, we have
already shown on field data (Chapter 2 of this thesis) that 2D SH-wave FWI, following a
specific workflow and utilizing a good initial model, can capture the spatial variability of
Vs and p, as confirmed by independent geotechnical measurements (see Chapter 2).

For a successful seismic imaging, in general, a dense sampling of the seismic wavefield
in both time and space is of great importance in order to achieve a high-resolution image
without generating artifacts due to aliasing. To avoid aliasing in both time and space
domains, we must acquire seismic data with a time sampling Afsamp < 1/2 fmax, and a
spatial sampling Asamp < 1/2kmax, Where fmax is the maximum frequency considered in a
specific application and kpax is the maximum horizontal wavenumber for the propagating
plane wave. Here, kmax is defined as follows:

ind
max=—fma"sm , (3.1)

Umin
where vpip, is the minimum velocity of the seismic waves in the subsurface medium, and 6 is
the emergence angle of a propagating seismic wave. AS kmax becomes maximum at 8 = 90°,
one can perform completely aliasing-free seismic imaging with the following relationship
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regarding spacing of seismic sources (As) and receivers (Ar):

(A1, A8) < Asamp = % (3.2)
where Apmin is the minimum wavelength. Spatial aliasing makes it difficult to map steeply
dipping structures at the correct location using seismic migration, especially at high fre-
quencies (Yilmaz, 2001). Such difficulties have been conventionally avoided, for example,
by trace interpolation (e.g., Spitz, 1991; Gray, 1992).

In the context of waveform inversion, the computation of the gradient of a misfit function
is equivalent to the conventional pre-stack migration operation (Mora, 1987). Hence,
spatial aliasing can also distort the inverted subsurface image obtained from a gradient-
based waveform inversion. Brenders and Pratt (2007) showed, through synthetic study
at the lithospheric scale, that increasing either As or Ar (> Agamp) produces spurious
lateral artifacts in the velocity model derived from FWI. However, in their research, three
times larger spacing for the seismic sources than the requirement given by eq. 3.2 (i.e.,
Asamp < As < 3Agamp) still provided an acceptable velocity model for a receiver spacing
which is shorter than Asamp. At the near-surface scale, Romdhane et al. (2011) investigated
the sensitivity of an inverted model to source spacing for a realistic synthetic landslide
model. In contrast to the results of Brenders and Pratt (2007), the sparse distribution of
seismic sources (As =4 m < 3Agamp = 5.34 m) in Romdhane et al. (201 1) is found to produce
many artifacts especially near the free surface and to cause a decrease in resolution of a
deeper structure. These different observations at different scales reflect the difference in the
horizontal-wavenumber components of the propagating seismic waves that dominate each
observation. Brenders and Pratt (2007) stated that the wavefields that are mainly considered
in their research possibly propagate with 8 < 90° (i.e., refracted/reflected waves), allowing
(Ar,AS) > Asamp = Amin/2 to provide a reasonably good inverted model (see eqs 3.1 and
3.2). On the contrary, the near-surface FWI can be relatively strongly influenced by the
spatial aliasing resulting from the high horizontal-wavenumber components of the surface
waves that propagate parallel to the free surface (i.e., 8 ~90° in eq. 3.1).

In a typical seismic survey, having many sources, thus respecting eq. 3.2, is much more
difficult than planting receivers densely. This is because, in order to have many seismic
sources, one needs to generate seismic vibration at many points in the field - with the source
aligned in a specific direction - and multiple times at each source location to enhance the
signal-to-noise ratio (S/N); this increases the costs of seismic acquisition. Optimizing the
acquisition configurations for an arbitrary number of sources and receivers is possible, for
example by employing the experimental design (ED) tools (Nuber et al., 2017). However,
such technique needs a rough subsurface model in advance. A simple approach for mitigating
the spatial aliasing effect is to precondition the gradient of a misfit function using a spatial
smoothing filter in either space or wavenumber domain, unfortunately at a cost of decreasing
the resolution of the inverted model (Mao et al., 2016).

In this research, we propose to retrieve the virtual surface-wave records at each receiver
location by using SI, for building aliasing-free seismic data by combining such virtual
seismic records with surface-wave dominated real records. Given the dense distribution of
receivers (Ar < Amin/2) in the field, one can generate virtual shot gathers with the same
lateral spacing for the sources as the receivers in the field (As < Apin/2), using data from
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real sources that are sparsely distributed. Our approach does not need a priori information
regarding subsurface (velocity and structure). However, amplitude and phase errors occur in
the retrieved surface waves mainly due to the insufficient distribution of the sources used in
SI (Wapenaar & Fokkema, 2006; D. Halliday & Curtis, 2008; Kimman & Trampert, 2010;
van Dalen et al., 2013). We correct errors in the virtual records by means of a matched filter
estimated using the shot record for the nearest source to the virtual source location (e.g.,
J. Liu et al., 2018; Balestrini et al., 2020; J. Liu, Draganov, & Ghose, 2022). Since the
estimated matched filter may not completely correct the erroneous virtual-shot records, we
define a new weighted misfit function specifically designed for FWI applied to the merged
data of the virtual shot records and the real shot records. This chapter aims to examine on
field data how our approach is effective in performing an aliasing-free subsurface imaging
through FWL.

3.2. METHODOLOGY

In this section, we first explore the associated challenges and the possible benefits/merits
of using virtual shot records simultaneously with real shot records in FWI. The detailed
procedure of our proposed approach is then provided.

3.2.1. BUILDING ALIASING-FREE SEISMIC DATA FROM SI
SI provides a virtual seismic wavefield propagating between two receivers as if a seismic
signal were generated at one of the receiver positions. The retrieved virtual seismic records
are merged with the real records, which is equivalent to acquiring many shot-gathers where
the sources are located densely in space. To illustrate the possible benefits of using SI
in terms of spatial aliasing, we suppose (i.e., synthesize) a near-surface seismic survey
with a sparse distribution of seismic sources (Asg > Apin/2) and densely spaced receivers
(Ar < Anin/2) (Fig. 3.1(a)). Here, we consider a 2D survey, i.e., sources and receivers
along one line. We consider seismic sources to be located at the middle of two adjacent
receivers, preventing receivers from interfering with the generation of seismic vibrations.
Such source-receiver configurations (i.e., Asg > Ar) are typically used in a near-surface
seismic survey to save time. We first apply SI to the shot records acquired in the field (Dg)
in order to retrieve virtual seismic records (Dy ) associated with each receiver position. Dy
is then merged with Dg, providing a large seismic dataset with AR = Ar < Amin/2 (see
Fig. 3.1(b)). We perform FWI using this aliasing-free seismic data (Dpgy) instead of using
the real data only (Dg), in an attempt to facilitate high-resolution imaging. Note that this
technique does not need any a priori velocity or structural information of the subsurface.
When the sources and the receivers in a seismic survey are distributed on the free surface
only (Fig. 3.1(a)), a seismic response recorded at a receiver B due to a virtual source at a
receiver A, which is denoted by u(xp, x4), is calculated in the frequency domain as follows
(Wapenaar & Fokkema, 2006; D. Halliday et al., 2007):

N

u(xp, xa) +u*(xp,xa) = ), u(xp, xn)u*(xa,%n), (3.3)
n=1

where the symbol * represents the complex conjugate and N is the number of sources.
In case only the surface sources are used as in a typical near-surface seismic survey, SI
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Figure 3.1: Concept of the proposed approach for creating aliasing-free seismic data using SI.

preferentially retrieves the surface waves over the body waves. This is mainly because any
sources on the free surface on one side of the receiver pair fall into the so-called stationary-
phase region for the surface waves, thereby facilitating preferential retrieval of the surface
waves over the body waves through SI (D. Halliday et al., 2007, 2008). In shallow seismic
datasets, the surface waves are generally much more energetic than the body waves, which
also contributes to retrieving well the surface waves through SI. Our proposed approach is,
therefore, anticipated to be effective for surface-wave dominated near-surface seismic data.
Because the FWI at the near-surface scale also makes a greater use of the surface-wave
information, which generally dominate the observed data (e.g., Wittkamp et al., 2018; J.
Liu, Draganov, & Ghose, 2022; Y. Pan & Gao, 2023), the results of FWI are likely to be
benefited when the input data are more enriched with surface waves.

Retrieving accurate amplitude and phase information while using eq. 3.3 needs several
assumptions to be met (Wapenaar & Fokkema, 2006). First, one must calculate the sum of
cross-correlated waveforms (i.e., u(xp, x,)u* (x4, x5)) over the enclosing source boundary;
this boundary should surround the medium of interest and be in the form of a sphere with
a large radius. Also, the medium at and outside the enclosing source boundary should be
homogeneous, and the whole medium should be lossless. In the case of the retrieval of
surface waves, seismic sources should exist also in the subsurface to accurately obtain the
multiple modes of the surface waves by cancelling intermodal correlation (cross terms) (D.
Halliday & Curtis, 2008; Kimman & Trampert, 2010; van Dalen et al., 2013). In practice,
one cannot conduct a near-surface seismic survey meeting all the above requirements. As
a result, amplitude and phase errors arise in the retrieved data, deviating from the seismic
wave equation. These errors are subsequently mapped onto an inverted (FWI) subsurface
image as artifacts, because FWI assumes that the observed seismograms respect the wave
equation.

To properly incorporate the retrieved virtual shot records into FWI, we correct amplitude
and phase errors using a matched filter (e.g., J. Liu et al., 2018; Balestrini et al., 2020; J.
Liu, Draganov, & Ghose, 2022). A matched filter f is estimated by solving the following
minimization problem between the retrieved virtual record (Dy) and the real record for a
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source position which is nearest to the virtual source (D*):
mfin DR — fDyl. (3.4)

This provides the corrected virtual shot record ( f Dy ), which can then be used in FWI. Note
thatin eq. 3.4, Dy approximates D}*®" through the use of the matched filter f. However, in
case a virtual source does not coexist in location with a real source as shown in Fig. 3.1(b)
(which is also the case of our field data), the subsurface information contained in Dy would
slightly differ from D}*3". This slight difference in information makes it possible to avoid
the severe spatial aliasing effect, finally improving the resolution in the FWI result. Since a
matched filter has a 2D window in both space and time domains (e.g., D. F. Halliday et al.,
2010; J. Liu et al., 2018; Balestrini et al., 2020; J. Liu, Draganov, & Ghose, 2022), fDy
does not completely correspond to D, resulting in some residual even after solving eq.
3.4. We expect that the remaining residuals include meaningful subsurface information due
to the difference in the shot positions between Dy and D",

In the past decades, a matched filter has been successfully applied for various purposes
including adaptive multiple elimination (Dragoset, 1995; F. Liu et al., 2000; Rickett et al.,
2001; Guitton & Verschuur, 2004), adaptive subtraction of surface waves (D. F. Halliday
etal., 2010; J. Liu et al., 2018; Balestrini et al., 2020; Shirmohammadi, 2024), and accurate
retrieval of the surface waves by super-virtual interferometry (J. Liu, Draganov, & Ghose,
2022). In this research, we concentrate on investigating how a matched filter performs in
terms of offering stability to the FWI results when both real+SI-retrieved merged data are
used as input to FWI. Note that the calculation of SI and the estimation of a matched filter
that we discuss in this chapter follow the work of Shirmohammadi et al. (2023).

3.2.2. DESIGNING A WEIGHTED MISFIT FUNCTION FOR THE MERGED DATA

We perform 2D SH-wave FWI using FDTD forward modelling and NCG, as also discussed
in Chapter 2. GCN is again used to measure the difference between the observed and the
synthetic seismograms (see eq. 2.1). FWI with the GCN updates a model parameter by
maximizing the cross-correlation between the normalized measured and synthetic seismic
waveforms, focusing on phase matching rather than amplitude matching. Such phase-
focused misfit function would weaken the impact of the remaining amplitude error in the
corrected virtual shot records on FWI, while the remaining phase error would possibly
degrade the inverted image quality.

In order to address this problem, we introduce the following weighed misfit function
that aims at reducing the contribution from the erroneous virtual shot records to the misfit
function:

nsp . nsy .
E:ER+EV=ZE§;)+ijE§}’, (3.5)
i J
where Er and Ey are the misfit functions for the real and the virtual records, respectively,
while nsg and nsy are the number of real and virtual sources, respectively. w; is weight
given for each virtual shot record (0< w; <1). To define the variable weight, we compare

the misfit value for the virtual record of virtual source j (E‘(/] )) with that for the real record
with the nearest real source (ER°*). When the real source is located sufficiently (in the
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wavelength sense) close to the virtual source, those two misfit values (E g) and Ep®") should

not be significantly different. Eg/] > ER®" implies the existence of much error in the virtual
shot record. In that case, we need to reduce the impact of this virtual shot record on FWI,
thus mitigating possible distortion in the inversion result. We define the following condition
to determine w; for each virtual shot record:

08 (EY <0.8Em)

0.6  (0.8E1 < EY <0.6Enr)
04 (0.6E1 <EY <0.4ER)’
0.01 (0.4EM <E\)

(3.6)

Here, E}®®" is assumed to be negative, meaning that the observed and synthetic seismograms
for a given subsurface model are positively correlated (see eq. 2.1); this is the case for our
field application. We have chosen the above definition (eq. 3.6) based on several test runs
of FWI considering different values for w;. w; is calculated for an initial model at the
first iteration, and then it is fixed during the subsequent iterations. To explore the potential
benefit of our weighting strategy, we compare the inverted models from FWI using weighted
and unweighted misfit functions (i.e., w; = 1 in eq. 3.5).

3.3. FIELD-DATA APPLICATION

We demonstrate here the effectiveness of our method using the 2D SH/Love-wave seismic
data acquired in the field; see Subsection 2.3.1 for details of field data acquisition. In Chapter
2, we have discussed how the overall subsurface structure is constrained by FWI compared
to sparse geotechnical data. In this chapter, we delve into the possibility of improving the
resolution by making use of the virtual shot records.

As mentioned earlier, our proposed approach is suitable for near-surface seismic data
which are typically dominated by surface waves. We, therefore, restrict our analysis to
the relatively lower frequencies (< 40 Hz) in the field data where much of the recorded
wavefield energy can be attributed to the Love wave (e.g., see Figs 2.2(c)-(d)). Having higher
frequencies will enhance the presence of body waves, and then the proposed approach will
become less effective. Additionally, limiting the frequency components in FWI makes the
computation time manageable. This is helpful because, when using the merged real+virtual
source dataset in FWI, one needs to perform nsg+ nsy forward simulations for each iteration
in FWI, and that is computationally demanding. Therefore, we use three inversion stages
only within the framework of the multi-scale inversion: 10-15 Hz, 10-25 Hz, and 10-40 Hz
(see Subsection 2.3.5). Other FWI processing steps used for the results presented in this
chapter are exactly same as those in Chapter 2, including data preprocessing and sequential
inversion for accurate estimation of subsoil density (see Section 2.3). We use a good initial
model for FWI that is derived from SCPT and the density logging (see Subsection 2.3.3).

3.3.1. CHARACTERIZING ARTIFACTS DUE TO SPATIAL ALIASING

In this subsection, we investigate the effect of increasing the spacing of the seismic sources on
the FWI results, focusing on the following two datasets: 76 real shot gathers with Asg =2 m
and 38 real shot gathers with Asg = 4 m. These two datasets correspond to relatively densely
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sampled data and sparse data, respectively. Both datasets meet the requirement for avoiding
severe spatial aliasing as suggested by Brenders and Pratt (2007), i.e., Asg < 3Agamp ~ 5.625
m.

We first compare the gradients of the misfit function for different source configurations.
The gradients are calculated using the following equation (e.g., Dokter et al., 2017):

oE 2 ns pT

—=- Z At(BxyTxy+0y202),

0Vs pz 1 (3.7)
0E )

— = f At(OxyGry+ 0,0y, +VE 26&&)
o pll xyOxy *OyzOyz* Vs P 5 ty)
where gy, 0y, and v, represent the shear stresses and particle velocities of the forward
wavefield for all ns shot positions, while 6y, 6., and 1, are stresses and displacements
of the adjoint wavefield. We first perform FWI at the lowest frequency stage (10-15 Hz)
independently for the two source-configuration datasets, and then calculate the gradients
at the second frequency stage (10-25 Hz) using each updated model at the end of the first
stage. We do not investigate the gradients at the first stage, because the inversion results for
the two datasets are almost the same due to the very long wavelength at that stage (~ 13
m). The comparison of the gradients at the first iteration of the second stage for the two
datasets is presented in Fig. 3.2. When using the shot records with Asg = 2 m, the gradient
with respect to Vg smoothly varies in both vertical and lateral directions (Fig. 3.2(a)), while
the gradient for p is characterized by vertical stripes at some locations (see red arrows in
Fig. 3.2(b)). With increasing the spacing of sources (Asg = 4 m), the overall structure of
the gradient for p is comparable to the situation when Asg = 2 m; however, much more
striped patterns are visible over the whole area when Asg = 4 m (Fig. 3.2(d)). There are a
few vertical stripes also in the gradient for Vs when Asg = 4 m (see the red arrow in Fig.
3.2(c)). As noted earlier, the subsurface models used for the calculation of the gradients are
nearly identical for the two cases. Therefore, it is the different source configurations that are
responsible for producing different extents of the striped patterns in the gradients. This is
clearly a consequence of spatial aliasing that we discuss here.

We next investigate how these vertical stripes are produced in the gradients of the misfit
function. To achieve that, we calculate the gradients using a pair made of a single source
and a single receiver using eq. 3.7 with ns=1 (see Figs 3.2(e)-(f)). In the gradient for
Vs, one can clearly recognize the yellow region appearing in between the source and the
receiver (Fig. 3.2(e)), where Vg needs to be updated to reduce the misfit. On the contrary,
the oscillatory side bands are visible outside that region for both Vg and p (white arrows
in Figs 3.2(e)-(f)). These are artifacts reflecting the shape of the sensitivity kernel for a
point force (for example, see Fig. 5(b) in Virieux and Operto (2009)). We notice that the
width of the side bands varies with depth; a narrower band is observed at the shallow part
rather than at the deep part (see white arrows in Figs 3.2(e)-(f)). This reflects the effect
of the difference in the wavenumber component of the sensitivity kernel depending on the
scattering angle (Virieux & Operto, 2009). In this regard, the gradient for p is dominated
by high wavenumber components due to the fact that the wavefields are scattered due to a
perturbation of p predominantly propagating in the backward direction (Virieux & Operto,
2009; W. Pan, Geng, & Innanen, 2018; Kawasaki et al., 2024). This results in the dominance
of the oscillatory side bands in the gradient for p rather than that for Vg (compare between
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Figure 3.2: Comparison of the gradients calculated for different source configurations, (a)-(b) Asg = 2 m and
(c)-(d) Asp =4 m. (e)-(f) The gradients are calculated for a pair made of a single source and a single receiver.
The red arrows mark the artefacts (appearance of stripes) created by the use of aliased surface waves in FWI. The
white arrows indicate the side bands (artifacts) whose width varies with depth.

Fig. 3.2(e) and Fig. 3.2(f)). The summation of all gradients for densely distributed source-
receiver pairs can suppress the oscillatory artifacts; otherwise, the acquisition footprint
occurring in the gradient distorts the lateral resolution of an inverted image (Guasch et al.,
2019). Our investigations suggest that the source spacing tested (especially when Asg = 4
m) is not sufficiently small for mitigating the oscillatory artifacts. In the framework of the
gradient-based inversion as adopted in this research (see Subsection 2.2.1 for details), the
model is updated in the direction along the gradient shown in Figs 3.2(a)-(d). The inverted
model also includes artifacts appearing as vertical stripes in the gradients (e.g., Fig. 3.2(d)),
definitely in the first iteration.

Next, we compare the estimated models using the two different source configurations
after all frequency stages in the inversion. Since the inversion finally uses high-frequency
components up to 40 Hz, the effect of spatial aliasing should be visualized more clearly in
the estimated models rather than in the gradients (Fig. 3.2). This is illustrated in Fig. 3.3.
When Asgr = 2 m, there are a few vertical stripes in the estimated Vg (see red arrow in Fig.
3.3(a)), while stripes are slightly visible above 5 m depth in the estimated p (Fig. 3.3(b)).
Such shallow artifacts for p are caused by the narrow side bands at the shallow depth due
to the high wavenumber component of the sensitivity kernel, which is demonstrated while
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Figure 3.3: Comparison of FWI results for the different source configurations, (a)-(b) Asg = 2 m and (c¢)-(d)
Asgp =4 m. The red arrow marks the artefacts (appearance of stripes) created by the use of aliased surface waves
in FWI. The yellow arrows mark the difference in p estimates due to different source configurations.

investigating the gradients (white arrows in Fig. 3.2(f)). In comparison, FWI of data when
Asr = 4 m (Figs 3.3(c)-(d)) exhibits two clear differences. Firstly, more artifacts having
striped patterns are visible in both Vg and p images, disturbing the lateral continuity of
the subsurface structure. This is demonstrated earlier too while looking at the gradients.
Another difference is that the estimated p values slightly differ due to different source
spacing (compare yellow arrows between Figs 3.3(b) and (d)). The estimated p using many
sources located at a short spacing is, in general, more accurate. Our results demonstrate
that spatial aliasing deteriorates not only the lateral continuity of the subsurface structure,
but also negatively affects the absolute value of p obtained by FWI.

To evaluate quantitatively the extent of spatial aliasing in the estimated model, we define
model roughness by the Laplacian operator A applied to the estimated model as follows
(Kohn et al., 2016; Kohn et al., 2019):

(3.8)

1(02m azm)
Am = .

— R + R
4\ ox2  0z2

The vertical stripes produced by spatial aliasing cause an abrupt change of the estimated
properties in the lateral direction, resulting in large Am values. Fig. 3.4 shows the
comparison of the spatial distribution of Am between the cases of Asg =2 m and Asg = 4
m. The quantification using eq. 3.8 helps visualizing many vertical stripes for both Vg and
p when Asg = 4 m (see Figs 3.4(c)-(d)). One can also recognize the laterally continuous
structure having high Am, for example, around 4 m depth in Fig. 3.4(a). This possibly
reflects the true subsurface structure. Besides, the magnitude of Ap over the whole model
space differs due to using the different source configurations (compare between Figs 3.4(b)
and (d)), suggesting possible distortion of the absolute p values with increasing source
spacing. We also calculate the square of I, norm of Am, lAm|2, to quantify the overall
model roughness; these values are marked in Fig. 3.4. The model roughness drastically
increases with increasing source spacing. Especially for p, the effect of a sharp change in
the estimated p on the model roughness is clear.

The degradation in the inverted image due to spatial aliasing as illustrated in this
subsection invites misinterpretation and/or misunderstanding of the subsoil structure.
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Figure 3.4: Same comparison as in Fig. 3.3, but for model roughness (Am) of the inverted subsurface images
(Fig. 3.3) calculated using eq. 3.8. The striped pattern in Am is a consequence of using the sparse distribution of
seismic sources.

3.3.2. RESULTS: RETRIEVED VIRTUAL LOVE WAVE DATA

To mitigate the effect of spatial aliasing, we make use of the virtual Love wave records that
are retrieved at each receiver position using SI in combination with the use of a matched
filter. This subsection shows the characteristics of the virtual shot gathers with (fDy in
eq. 3.4) and without the matched-filter correction (Dy in eq. 3.4), compared with the real
shot gather (D3*" in eq. 3.4). We use all available real sources (76 shots with Asg = 2
m) to obtain an inversion result as good as possible for our experiment site. Our proposed
approach, presented in Section 3.2 above, provides an aliasing-free merged dataset with
ARF=Ar=1m <Agamp = 1.875 m.

Fig. 3.5 shows a comparison of the raw virtual shot gather (Dy) with the real shot
gather (D) at a source location which is nearest to the location of the virtual source.
Both shot gathers are similarly dominated by the dispersive Love waves. However, there are
a few differences visible between them (see red arrows and rectangles in Figs 3.5(a)-(b)).
The undesired noise from SI applied to the data of surface seismic survey is responsible for
such differences (see Section 3.2.1). The difference in subsurface information from these
two shot gathers is due to their slightly different source location (0.5 m). This has possibly
contributed to the slight differences in the waveforms. We investigate the difference in
the dispersive characteristics in the phase velocity-frequency domain (Figs 3.5(c)-(d)). A
significant difference between the two dispersion images exists at the fundamental mode
below 15 Hz. We notice much less energy in the virtual record than in the real record
(see red arrows in Figs 3.5(c) and (d)). Considering the corresponding wavelength (A ~
13 m), it is unlikely that the slightly different source location has any such effect. This
difference suggests that the retrieval of the low-frequency fundamental mode by SI is not
successful in this case. In general, intermodal correlation makes it difficult to retrieve
accurately the higher modes having lower energy than the fundamental mode (Kimman &
Trampert, 2010; van Dalen et al., 2013). In this field application, however, we face difficulty
in retrieving the fundamental mode, for which the cause is not obvious. One possible
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Figure 3.5: (a) Real shot gather. (b) Virtual shot gather retrieved from SI. (c) Dispersion image calculated from
the real shot gather shown in (a). (d) Dispersion image calculated from the virtual shot gather shown in (b).
Arrows and red boxes point out some differences between these two shot gathers.

explanation is the balance of modal energy in the observed data. The subsurface structure at
this test site might have generated energetic high-frequency higher modes, thus impacting
negatively the retrieval of the fundamental mode through cross-correlation and summation
in SI. There is also a slight difference in the relative energy of the high-frequency higher
mode between Dy and D}J*" (see green arrows in Figs 3.5(c) and (d)). This difference
might be significant because the corresponding wavelength is relatively short (1 ~ 6.67 m),
indicating the potential for successfully retrieving subsurface information through SI.

We next correct the errors in the retrieved surface waves using a matched filter following
the approach described in Subsection 3.2.1. In the case of our field data, however, we could
not design a matched filter using eq. 3.4 to properly correct for the erroneous fundamental
mode at the low frequencies (< 20 Hz). This failure could be caused by the insufficient
retrieval of the fundamental mode, as mentioned above. To tackle this problem, we extract
the low-frequency components (< 20 Hz) from D", and then add them into the virtual-shot
record. After Shirmohammadi et al. (2023), we outline the procedure:

(1) The low-frequency components (< 20 Hz) in the virtual record with a matched filter
(fDy in eq. 3.4) are erroneous, and therefore these components are removed by
applying the low-cut filter.

(2) We extract the low-frequency components from the nearest real shot gather (D3*").
This is achieved by first applying the same low-cut filter to D};*®", and then subtracting
the filtered D3*" from the raw D"

(3) The extracted data (output from step (2)) are added to the filtered virtual shot record
(output from step (1)).

Once these steps are implemented, the virtual shot record is finally composed of f Dy above
20 Hz, and D%ear below 20 Hz. We anticipate that this procedure will be effective, because
the low-frequency components (corresponding to wavelength > 10 m) should be nearly
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Figure 3.6: (a) Virtual shot gather with amplitude/phase corrections. (b) Dispersion image calculated from the
virtual shot gather shown in (a). The red symbols mark the improvements compared to the uncorrected virtual
data (Figs 3.5(b) and (d)), while the green arrow marks some difference in characteristics with respect to real
seismic data (Figs 3.5(a) and (c)).

identical between the virtual and the nearest real records. The finally retrieved surface
waves are shown in Fig. 3.6. The very similar waveforms are clear (compare red arrows
and rectangles between Fig. 3.6(a) and Fig. 3.5(a)), while there is the slight remaining
difference for the higher modes at high frequencies (= 20 Hz) compared with the nearest
real shot gather (see green arrows in Fig. 3.5(c) and Fig. 3.6(b)). This difference suggests
that additional information from the virtual shot gather may contribute to the improved
resolution in the results of FWI. Further investigation into the characteristics of the retrieved
Love waves will be carried out in Subsection 3.4.2.

3.3.3. Resurts: FWI APPLIED TO THE MERGED REAL+VIRTUAL SEISMIC SOURCE

DATA

We perform FWI for the aliasing-free dataset obtained by merging the corrected virtual
shot gathers with the real shot gathers acquired in the field. We find that the virtual shot
gathers are relatively noisy at the near offsets. Balestrini et al. (2020) earlier demonstrated
that applying a matched filter produces artifacts at the earlier times, depending on the filter
length. Thus, the minimum source-receiver offset used for FWI is limited to 5 m. In this
subsection, we investigate how our proposed steps, namely the correction of the retrieved
surface waves and the weighting strategy (eqs 3.5 and 3.6), are useful in order to avoid the
severe spatial aliasing effect as discussed in Subsection 3.3.1.

POTENTIAL BENEFITS OF CORRECTING ERRORS IN VIRTUAL RECORDS

We investigate the benefit of correcting the SI-retrieved surface waves in the context of FWI.
For that purpose, we compare the results of FWI using corrected and uncorrected virtual
shot gathers. The merged real+virtual shot gathers are used in both cases. As demonstrated
in Subsection 3.3.2, for our dataset, SI fails to retrieve successfully the low-frequency
components (< 20 Hz), making it impossible to execute the first inversion stage of FWI
using the uncorrected virtual records. The comparison therefore focuses on the inversion
results at the second stage (10-25 Hz) using the input model from the first stage (10-15
Hz). This comparison is possible because severe spatial aliasing does not occur with the
corresponding long wavelength at the lowest frequency stage, which is also pointed out in
Subsection 3.3.1. Here, the real and virtual records are equally treated during the FWI by
assigning w; = 1ineq. 3.5. Fig. 3.7 summarizes the investigation workflow.




3. 2D FWI FOR SUBSOIL DENSITY. BUILDING ALIASING-FREE SEISMIC DATA USING SEISMIC
48 INTERFEROMETRY

Real data

Initial V; and p

yL Merged data of real Merged data of real
Sequentsl omconested [ oo

Stage 1 (10-15 Hz) virtual records

Initial Vg and p from >

stage 1 with real data v i

Sequential FWI Sequential FWI

Stage 2 (10-25 Hz) Stage 2 (10-25 Hz)
‘ Updated V and p ‘ ‘ Updated Vg and p ‘

Figure 3.7: Workflow for investigating the impact of correcting the errors in the virtual shot records on the FWI
results. Note that sequential FWI is composed of two simultaneous inversions for Vg and p, and designed for
accurate density inversion (see Fig. 2.1).

A comparison of the inversion results using the above two datasets is illustrated in Fig.
3.8. When the uncorrected virtual records are used, the vertical stripes are more clearly
visible in both Vs and p images produced by FWI (see red arrows in Figs 3.8(a)-(b)) than
when using the real data alone (see Figs 3.3(a)-(b)). The erroneously retrieved surface waves
do not properly respect the seismic wave equation, resulting in such unrealistic heterogeneous
structure. The striped patterns are also partly caused by the significant difference in the
spectral components between the real and the uncorrected virtual shot gathers, especially
at the low frequencies (see Subsection 3.3.2). As low-frequency components are essential
for updating the low-wavenumber structures, FWI using the uncorrected virtual records
fails to update properly the low-wavenumber components. Furthermore, as shown in Fig.
3.1(b), the virtual sources are located in between the neighbouring real sources. The use
of datasets with different frequency contents can, therefore, produce periodic perturbations
in the gradient, and finally result in the striped-pattern artifacts in the inverted model. On
the contrary, the corrected virtual records contain frequency components similar to those of
the real records due to the additional low-frequency correction (see Subsection 3.3.2). This
results in significantly less striped patterns, which in turn leads to more laterally continuous
Vs and p images derived from FWI (Figs 3.8(c)-(d)). Our proposed approach for correcting
the errors due to SI enhances the stability of FWI results when using virtual shot records.

POTENTIAL BENEFITS OF THE WEIGHTED FWI

So far, we have equally used real seismic and virtual seismic data during the inversion.
Next, we look into the benefit of using the weighted misfit function (eqs 3.5 and 3.6) to
merged real+virtual seismic data. The merged data is input to FWI. At first, we compare
the inversion results between weighted and unweighted FWI. Both FWIs involve multi-scale
inversion up to 40 Hz, starting with the same initial model. The workflow is summarized in
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Figure 3.8: Comparison of FWI results for the merged data between (a)-(b) using the uncorrected virtual records
and (c)-(d) using the corrected virtual records. The red arrows mark artifacts appearing as striped patterns due to
errors contained in the virtual data.
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Figure 3.9: Workflow for investigating the impact of the weighted misfit function on FWI applied to the merged
data of real and corrected virtual shot gathers. Note that sequential FWI is composed of two simultaneous
inversions for Vg and p, and is designed for accurate density inversion (see Fig. 2.1).

Fig. 3.9.

We first calculate the weight for each virtual shot record at the first frequency stage (10-
15 Hz) following eq. 3.6. Fig. 3.10(a) shows the misfit values for real and virtual records
calculated using the initial model (Figs 2.4(a) and (c)). Note the very oscillatory distribution
of the misfit values for the virtual shot records (red line in Fig. 3.10(a)) than for the real
shot records (black line in Fig. 3.10(a)). Such abrupt changes in the misfit value are not
expected between two neighbouring shot locations, considering the minimum wavelength
at the current frequency stage (~ 13.3 m). The oscillatory nature likely represents the
difference in the extent of errors contained in each virtual seismic gather. Therefore, one
needs to assign a variable weight to different virtual shot gathers. Fig. 3.10(b) shows the
calculated weight. There are virtual shot records at both edges of the survey line, i.e., 40
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Figure 3.10: (a) Normalized GCN for real and virtual shot gathers at stage 1 (10-15 Hz) using the same initial
model. (b) Calculated weight for each virtual shot gather from eq. 3.6, for which the misfit distribution is shown
in (a). (c) Normalized GCN for the real and virtual shot gathers at stage 1 (10-15 Hz) for the final model.

m < x < 80 m and 150 m < x < 190 m, that show low weights. A possible reason is that,
at the edges of the survey line, the summation of the cross-correlation waveforms cannot
be performed for a homogeneous source distribution, resulting in errors in the wavefield
retrieval through SI. The misfit distribution after the convergence is shown in Fig. 3.10(c).
The inversion provides a good fit between the observed and the synthetic seismograms for
both real and virtual seismic records, excluding the less weighted virtual shot records (see
Figs 3.10(b)-(c)). In the subsequent stages, we also calculate the variable weights using the
estimated model from the previous stage (Fig. 3.11). At high-frequency stages, the misfit
values for the virtual records vary a lot with the source position compared to the real records,
even after the convergence (see Figs 3.11(a), (c), (d) and (f)). This shows the difficulty in
accurate retrieval of the higher modes at the high frequencies through SI. Nevertheless, after
the weighted inversion, the misfit values for both the real and the virtual shot records are
greatly reduced (Figs 3.11(c) and (f)).

We compare in Fig. 3.12 the subsurface images obtained from unweighted and weighted
FWI. In contrast to FWI applied to real shot gathers only, the use of the merged data reduces
the striped patterns produced by spatial aliasing, regardless of the used misfit functions.
This leads to lateral continuity of structures in the FWI-derived image (compare Figs 3.3(a)-
(b) and Fig. 3.12). For instance, the anomaly appearing as vertical stripes when using
the real records only (red arrows in Fig. 3.3(a)) disappears by incorporating the virtual
records (notice at (x, z) = (80 m, 5 m) in Figs 3.12(a) and 3.12(c)). One can also notice in
Fig. 3.12 the benefits of the proposed weighting strategy. The unweighted FWI partially
distorts the lateral continuity in both Vg and p images, which is visible in the inversion
result from the real shot data only (see black rectangle and red arrow in Figs 3.12(a)-(b)
compared with Figs 3.3(a)-(b)). The missing lateral continuity is restored by the weighted
FWI. Clearly, introducing the variable weights is necessary in order to use beneficially the
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Figure 3.11: Same as Fig. 3.10, but for (a)-(c) stage 2 (10-25 Hz) and (d)-(f) stage 3 (10-40 Hz).
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Figure 3.12: Comparison of inversion results between (a)-(b) unweighted FWI and (c)-(d) weighted FWI with
weight shown in Figs 3.10 and 3.11, both applied to the merged data. The black rectangles and the red arrows
show improvements in the lateral resolution due to assigning a suitable weight to each virtual shot gather.

merged real+virtual source data in FWI.

Finally, we calculate the model roughness Am using eq. 3.8 to evaluate how the spatial
aliasing effect can be reduced by making use of the virtual data (Fig. 3.13). The use of the
merged data results in a laterally smooth model with very small || Am||?> compared to using
the real data only in the FWI (compare between Figs 3.4(a)-(b) and Fig. 3.13). This happens
due to reduction of the vertical stripes, as demonstrated also in the comparison of the derived
models in Fig. 3.12. We then explore the impact of our weighting strategy on the model
roughness. In FWI applied to the real data only, there is an anomaly with high Am at (x,
z) = (90 m, 3 m), shown in Figs 3.4(a)-(b). The same structure is not clear when using the
merged data without weight (purple arrows in Figs 3.13(a)-(b)), while the high Am anomaly
exists when applying the weighted FWI (purple arrows in Figs 3.13(c)-(d)). This anomaly
likely represents a true subsurface structure, because its shape is completely different from
the artifacts due to spatial aliasing, that appear as striped patterns. This suggests that using
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Figure 3.13: Same comparison as Fig. 3.12, but for model roughness (Am) of the inverted images (Fig. 3.12)
calculated using eq. 3.8. Note that there are fewer striped patterns compared to using the real shot records only.
The red and the purple arrows mark the improvements of resolution due to using suitable weight for each virtual

shot gather.

the virtual shot records in FWI without any constraints can cause a risk of deteriorating the
achievable resolution. In this regard, our weighting strategy is beneficial for avoiding such
risk, in turn enabling an increase of the imaging capability of the retrieved surface waves
through FWI. We notice that [|Ap||? for the weighted FWI is slightly larger than that for the
unweighted FWI (see values shown in Figs 3.13(b) and (d)). This could have resulted from
the successful reconstruction of the laterally continuous structure with a high value for p
(see red arrows in Fig. 3.13(d) and in Fig. 3.12 (d)) due to adopting the weighting strategy.

Our investigation demonstrates that a weighted misfit function in FWI is of great im-
portance to avoid losing information on subsurface due to the error in the virtual shot
data.

3.4. DiscussioN
3.4.1. IMPROVED SUBSURFACE STRUCTURE DUE TO THE USE OF VIRTUAL SHOT

RECORDS
In Subsection 3.3.3, we have demonstrated that the weighted FWI applied to the merged
data of real+virtual seismograms helps avoiding the spatial aliasing in the source domain.
This section focuses on how the estimated subsurface structure is improved by incorporating
virtual seismic data retrieved from SI into the inversion.

We first investigate the Vg estimates through the weighted FWI using the merged data
compared with using the real data only (Figs 3.14(a)-(b)). Although both cases reconstruct
almost the same Vg structure, the differences at some locations are clear. One such location
is at x ~ 150 m, where some lateral variability is recognizable when using the real data only,
while the use of the merged data results in a much smoother image in the lateral direction
(compare red arrows in Figs 3.14(a)-(b)). It is not possible to discuss the reliability of this
difference in the absence of independent measurements at this location (see Fig. 2.2(a)).
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Figure 3.14: Comparison of Vg estimates: (a) FWI using the real seismic data only, (b) weighted FWI using the
merged real+virtual seismic data, and (c) unweighted FWT using the merged real+virtual seismic data. The red
arrows mark apparent improvements in resolution due to supplementing the virtual seismic data. The yellow
arrows mark possible artifacts due to the use of the virtual seismic data, which is mitigated by using the weighted
misfit function.

However, it is possible that the use of the aliasing-free seismic data does enable imaging
the subsurface structure at the correct location as in conventional seismic migration (e.g.,
Yilmaz, 2001). Fig. 3.14 presents another difference arising from using the virtual records
at x ~ 100 m; note the shape of Vg structure exhibiting Vs > 225 m/s (see yellow arrows in
Fig. 3.14). The corresponding layer, when using the merged data in the FWI (Fig. 3.14(b)),
is rather thick, and it dips slightly than when using the real data only in the FWI (Fig.
3.14(a)). To interpret this difference better, we show the inverted Vs from the unweighted
FWI applied to the merged data in Fig. 3.14(c). We notice a much thicker high-Vg layer is
with a larger dip angle than when weighted FWI is used (see yellow arrow in Fig. 3.14(c)).
This suggests that the difference found in the high-Vs layer might be due to the existence
of errors in the virtual shot records. These errors are mitigated by applying the weighting
strategy, although some errors might still remain, resulting in the pattern observed in Fig.
3.14(b). These findings suggest that incorporating virtual seismograms may help improve
the lateral resolution of the reconstructed Vg image, and reduce the artifacts associated with
spatial aliasing, when combined with an appropriate weighting strategy.

Next, we investigate the possible improvement of the p image obtained from FWI
through incorporation of the virtual shot data (Fig. 3.15). The major difference between
using the merged real+virtual data and using only the real data is the presence of anomalous
features showing very low p values below 7 m depth at x = 80-100 m (red arrows in Fig.
3.15(a)-(b)). The use of the merged data resolves the laterally varying structure with much
smaller p values than when using the real data only. For a comparison, we present the spatial
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distribution of CPT cone tip resistance (g.) also in Fig. 3.15(c) (see Subsection 2.3.1 for the
details of CPT surveys). At the same lateral distance, a soft clay layer having low g, exists
at much shallower part than the surrounding (see red arrow in Fig. 3.15(c)). The use of
the virtual seismic shot gathers apparently helps capturing such local anomalies. To further
interpret the reliability of the improvements, one needs to perform numerical investigations
assuming specific models and the correct acquisition geometry.

In our field application, the lateral variability of the subsurface parameters is relatively
moderate. As a result, the spatial aliasing in the source domain may not have caused
severe distortions in the FWI results when using the real data alone. This may explain
why the improvements due to incorporating the virtual shot gathers, although visible in
certain localized areas, are somewhat limited. It is important to note that while it is true
that virtual sources are created from the acquired seismic data and, in that sense, they do
not introduce new independent information, yet creating virtual sources not only improves
the effective source sampling and the wavefield illumination, but also it helps obtaining
subsurface information that is present in the acquired wavefield but is not utilised when only
actual sources were used. The impact of using additional virtual sources could be more
significant in case there was much stronger lateral heterogeneity in the subsurface. Since this
research is focused solely on field data, where the true subsurface structure is unknown, we
have conducted only the limited evaluation for the improved resolution. Systematic synthetic
reconstruction tests using heterogeneous models and realistic acquisition geometries would
be required to rigorously assess the robustness and effectiveness of incorporating virtual
sources into FWI.

3.4.2. FURTHER INVESTIGATION INTO THE RETRIEVED LOVE WAVE DATA
In this subsection, we explore the characteristics of the dispersive Love waves retrieved by
SI compared to the dispersive Love waves observed in the field data. We compare how the
dispersion characteristics vary in the space domain between real and virtual shot gathers.
In Fig. 3.16, we show the Love-wave energy at each source position for 10 Hz, 20 Hz,
30 Hz, and 40 Hz frequencies. We also mark the phase velocity that shows the maximum
amplitude at each source position in Fig. 3.16, enabling us to visualize the spatial variation
of the dispersive energy (see the black lines in Fig. 3.16). Note that more data samples
are available for the virtual shot records (Figs 3.16(e)-(1)) than for the real shot records
(Figs 3.16(a)-(d)); this is because the real and virtual sources exist at 2 m and 1 m spacing,
respectively. For this reason, one can observe highly variable dispersion characteristics for
the virtual Love waves (for example, compare between Figs 3.16(a) and (i)). At the lowest
frequency (10 Hz), the virtual shot records do not have any coherent dispersion energy
without corrections (see Fig. 3.16(e)), which is also discussed in Subsection 3.3.2. The
real shot gather nearest to the virtual-source location compensates for this missing Love
wave energy as shown in Fig. 3.16(i) (also see Subsection 3.3.2). At 20 Hz, their spatial
distribution fluctuates highly in the uncorrected virtual data, compared to the real data
(compare between Figs 3.16(b) and (f)). Considering the long wavelength corresponding
to that frequency (~ 10 m), the existence of such highly fluctuating subsurface structure
appears unrealistic; errors occurring during SI are partly responsible for this issue. Such
errors are dampened by the matched filter in combination with the low-frequency correction,
resulting in a stable distribution as we observe in Fig. 3.16(j). At further higher (30 Hz and
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Figure 3.15: Comparison of p estimates: (a) FWI using the real seismic data only, (b) weighted FWI using the
merged real+virtual seismic data, and (c) pseudo-2D image of the CPT cone tip resistance (), also shown in
Fig. 2.15(d). The red arrows mark apparent improvements due to incorporating the virtual seismic data in FWI.

40 Hz) frequencies for the Love waves, one can notice fine variations in space of the phase
velocity showing maximum dispersive energy in the corrected records (compare between
Figs 3.16(g) and 3.16(k) for 30 Hz, and between Figs 3.16(h) and 3.16(1) for 40 Hz). This
result indicates that our approach of correcting the error caused by SI is effective, and it
helps retrieving subsurface information from the virtual seismic data. The spatial variations
observed in these frequencies and the corresponding wavelengths seem realistic.

In this research, we could not evaluate the accuracy of the estimated matched filter. In
case a real source used for this estimation (D" in eq. 3.4) does not coexist with a virtual
source, which is the case for our field dataset, it is difficult to estimate a matched filter
accurately. This problem becomes much more acute when the available seismic sources are
further limited (for example, when Asgr = 4 m). In that situation, one may not rely on a
matched filter for correcting the errors in the SI-retrieved seismic data. A possible alternative
approach is first to separate the multimodal dispersive data into individual modes, and then
apply SI to each separated mode independently (D. Halliday & Curtis, 2008; Luo et al.,
2009; Gao & Pan, 2018). This should be finally followed by the summation of the separately
retrieved modes to create the fully dispersive surface wave dataset (D. Halliday & Curtis,
2008). This approach provides accurate phase information on surface waves without any
cross-term spurious events. Then, the retrieved data can be directly (without matched-filter
correction) used in FWI with a phase-focused misfit function as in our research (eq. 2.1).
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Figure 3.16: Comparison of Love-wave dispersion characteristics at monochromatic frequencies in: (a)-(d) the
real (field) shot gathers, (e)-(h) the uncorrected virtual shot gathers, and (i)-(1) the corrected virtual shot gathers.
The black lines indicate the phase velocities showing the maximum amplitude at each source position.
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Also, one may define a new misfit function based on the forward modelling of the cross-
correlation waveforms (i.e., u(xp, x4)+ u* (xp, x4)) (e.g., Wang et al., 202 1). This will allow
one to include SI-errors due to the distribution of seismic sources in the forward-modelled
data.

3.5. CoNCLUSIONS

In this chapter, we proposed the use of surface waves retrieved by SI in order to build aliasing-
free seismic data for input to FWI. This approach enables enhancing the spatial resolution
of the estimated subsurface image through FWI. We have concentrated on investigating
potential challenges and benefits of the proposed approach through tests on Love-wave
dominated, near-surface field-seismic data.

Through tests on field data for decimated source configurations, we illustrated that
spatial aliasing in the source domain produces artifacts appearing as striped patterns in
the gradient of the misfit function and in the estimated model. Additionally, the absolute
value of the density becomes inaccurate with increasing spacing of the seismic source.
These invite risks of misrepresentation and misinterpretation of the subsoil structure. We
corrected amplitude and phase errors of the retrieved surface waves using a matched filter in
combination with additional low-frequency correction. Compared with uncorrected virtual
shot gathers, amplitude and phase corrected virtual shot gathers used in FWI provide greater
lateral continuity and resolution in the dispersive characteristics of the Love waves. This
leads to a more reliable subsurface characterization through FWI. In the inversion, we
introduced a weighted misfit function to prevent worsening of the FWI results due to the
remaining errors after the above-mentioned phase and amplitude corrections. The weighted
FWTI allows one to incorporate subsurface information from the SI-retrieved surface waves
without severe distortions due to the errors in the virtual shot gathers. Tests on field
data suggest that the proposed approach helps increasing the reliability of FWI results in
terms of lateral resolution and estimated density value. This new technology will provide
an opportunity to enhance the capability of 2D FWI without severe economic burden in
seismic data acquisition, which is critical in many near-surface applications.







3D FWI FOR SUBSOIL DENSITY:
TEST ON SYNTHETIC DATA FOR
DIFFERENT FORCE DIRECTIONS OF
THE SEISMIC SOURCE

Bulk density (p) of soil is an important indicator of soil compaction and type. A knowledge
of the spatial variability of in-situ soil density is important in geotechnical engineering,
hydrology and agriculture. Surface geophysical methods have so far shown limited success
in providing an accurate and high-resolution image of 3D soil-density distribution. In this
pursuit, 3D seismic FWI is promising, provided the robustness and accuracy of density
inversion via this approach can be established in the near-surface scale. However, simulta-
neous reconstruction of p and seismic wave velocities through multi-parameter FWI remains
a challenging task. Near-surface seismic data are commonly dominated by dispersive sur-
face waves whose velocities are controlled by the value and distribution of Vs. One major
difficulty in estimating reliably p from near-surface seismic data is due to the relatively
low sensitivity of the seismic wavefield to p compared to seismic velocities. Additionally,
the accuracy of the estimated p decreases due to errors in Vs, i.e., parameter coupling.
Parameter coupling makes it difficult to estimate accurately p within the framework of con-
ventional gradient-based FWI. More sophisticated optimization approaches (e.g., truncated
Newton) can reduce the effect of parameter coupling, but these approaches are commonly
not affordable in near-surface applications due to their heavy computational burden. We
investigate how choosing correctly the force direction of the seismic source can contribute to
a higher accuracy of p estimates through 3D FWI. Using scattered wavefields, the Hessian,
and inversion tests, we carry out an in-depth and systematic investigation of datasets corre-
sponding to different force directions. Using a comparison of the scattered wavefields due to

This chapter is published in Geophysical Journal International (Kawasaki et al. (2024)). For consistency with other
chapters of this thesis, minor changes have been made.
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a point-localized p perturbation for different force directions, we show the robustness of the
horizontal-force dataset to noise compared to the vertical-force dataset. Furthermore, for a
point-scatterer model, analysing the gradients of the misfit function using the Hessian, we
show that utilizing a horizontal-force source enables one to reconstruct the high-resolution
gradient with relatively small parameter coupling. Finally, performing inversion tests for
two different subsoil models, we demonstrate that 3D FWI on a horizontal-force-source
seismic dataset is capable of providing a more accurate 3D p distribution in soil compared
to a vertical-force-source dataset. Our results show that the use of a horizontal-force source
might allow avoiding computationally demanding, costly optimization approaches in 3D
FWIL

4.1. INTRODUCTION

The distribution of density in the subsoil is generally quite heterogeneous. A knowledge of
the 3D distribution of soil density is beneficial in numerous engineering and environmental
applications, in urban planning and constructions, and in natural-hazard assessments. Bulk
density (p) controls the soil’s ability to provide structural support and determine water/solute
movement and soil aeration. Bulk density is regarded as a key factor controlling soil
compaction. Subsoil bulk density is closely linked to physical, chemical and biological
properties of the soil layers. Different soil types and soil textures/structures correspond to
different soil density. Density is also related to key geotechnical or hydrological parameters
like porosity or void ratio, hydraulic conductivity, and small-strain shear modulus.

Soil density is conventionally measured by direct methods, e.g., excavation sampling,
core and clod methods (VanRemortel & Shields, 1993) or by indirect methods, e.g., radiation
and regression approaches (Lobsey & Viscarra Rossel, 2016). While the direct methods
are affected by sampling disturbances, both methods are generally expensive and time-
consuming. These conventional approaches are limited to a given point from where the soil
sample is collected or to a 1D profile along a borehole. It is challenging to infer the 3D
spatial variability of subsoil density.

Surface geophysical methods have occasionally been used to map the distribution of
soil density. These methods are advantageous because they are mostly noninvasive, are
generally useful for mapping large areas, and allow temporal monitoring. The microgravity
method has been used for mapping variations in subsoil density related to cavities and voids
and geological structures (e.g., Tuckwell et al., 2008; Arisona et al., 2018). Electrical and
electromagnetic properties have been correlated to density and compaction distribution in
the ground, mostly in the very shallow (< 2—3 m) soil layers which are relevant for agriculture
and hydrogeology (e.g., Weihnacht & Borner, 2007; Allred et al., 2008; Franko & Grote,
2013). The bulk density inferred from these approaches is an empirical estimate, with
limited spatial resolution and accuracy. Seismic wave velocities, both for P and S waves,
have also been correlated to compaction and bulk density distribution in soil (Donohue
et al., 2012; Anbazhagan et al., 2016; Romero-Ruiz et al., 2021).

More recently, seismic FWI has been used to obtain the 2D spatial variability of density
in the near-surface (e.g., Dokter et al., 2017; Gao et al., 2020; Chen et al., 202 1; Mecking
et al., 2021). FWI has proven to be a powerful tool to reconstruct in high-resolution the
subsurface properties by fitting the observed seismic data with synthetic data. With the
increase of computation power, 3D FWI in the near-surface scale has lately been plausible
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(e.g., Tran et al., 2019, 2020; Irnaka et al., 2022; Irnaka, 2022). 3D FWI can capture
subsurface heterogeneities more accurately than 2D FWI because of incorporation of actual
3D wave propagation in the subsurface (Butzer et al., 2013; Irnaka et al., 2022). However,
most 3D FWI studies so far concentrated on estimation of the high-resolution, near-surface
seismic velocity field, and not density (e.g., Tran et al., 2019, 2020; Smith et al., 2019;
Teodor et al., 2021; Irnaka et al., 2022; Irnaka, 2022).

FWI is capable of evaluating simultaneously multiple parameters viz. seismic velocities
(Vp, Vs), density (p) and attenuation (Qp, Qg), across a variety of spatial scales. Herein, we
will focus on 3D p estimation in the near-surface scale using active seismic sources. The
main difficulties in resolving the p distribution with reasonable accuracy arise mainly from
the low sensitivity of the seismic wavefield to p (compared to Vp and Vs) and strong coupling
among multiple parameters, especially between p and Vg (W. Pan, Geng, & Innanen, 2018).
Near-surface seismic data are typically dominated by surface waves which are most sensitive
to the Vs distribution and much less sensitive to p. As a result, any differences in waveform
due to p perturbations can easily be hidden by noise in real-world data.

Several approaches have so far been proposed to mitigate the parameter coupling effect
in FWI (Kohn et al., 2012; Métivier et al., 2015; Wang et al., 2016; Yang et al., 2016;
W. Pan, Geng, & Innanen, 2018; Gao et al., 2021). However, these approaches are mostly
computationally prohibitive for near-surface applications. For instance, taking the shape of
the misfit function between observed and synthetic seismic waveforms into consideration,
Meétivier et al. (2015) and Gao et al. (2021) applied truncated Newton method with an
accurate Hessian inverse. They showed, using 2D synthetic seismic data, the superiority
of this approach over gradient-based optimization approaches such as NCG and BFGS for
multi-parameter FWI. However, solving the Newton’s equation iteratively using the second-
order adjoint-state method requires at each nonlinear iteration up to several tens of forward
simulations more than the gradient-based inversion (Métivier et al., 2013). Because a
typical unconsolidated and fully saturated soil column including very soft peat and clay
layers can have Vg as low as 50 m/s and Vp about 1500 m/s, the forward calculation of the
seismic wavefield requires very fine spatial and temporal sampling. This results in a very
high computational cost. This computational burden, in addition to the low sensitivity of
seismic data to p, have been the limiting factors for application of 3D FWI for estimating
high-resolution p distribution in the subsoil.

The parameter-coupling effect has been conventionally evaluated by comparing the the-
oretical radiation pattern of the scattered wavefields between different parameter classes
based on the Born approximation (e.g., Virieux & Operto, 2009; Operto et al., 2013). This
theoretical approach does not take the various factors included in seismic data into account,
such as the complexity of a subsurface model, the effect of finite frequency, and the acqui-
sition geometry. This limitation can bring misunderstanding and/or misinterpretation of the
parameter-coupling effect. In order to quantitatively evaluate the parameter coupling on the
gradient of the misfit function in a realistic situation, W. Pan, Geng, and Innanen (2018)
proposed a method that uses numerically calculated Hessian-vector products. However, this
technique has not been applied to surface-wave dominated, 3D near-surface seismic data.

To mitigate the low-sensitivity and parameter-coupling issues in FWI for p estimation,
another idea is to make a judicious choice of the force direction while generating the seismic
wavefield. Previous studies have shown that, compared to a vertical-force seismic source,
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using a horizontal-force source results in less parameter coupling in 2D FWI and higher
resolution of the obtained Vs and p models (Dokter et al., 2017; Wittkamp et al., 2018). If
the parameter-coupling issue is less severe in case a horizontal-force source is used, then that
will lead to computational efficiency. Smith et al. (2019) and Irnaka (2022) have also shown
that using a horizontal-force source has helped increasing the accuracy in the deeper part of
the near-surface model obtained via 3D FWI. However, the reasons why a horizontal-force
source should offer better results in FWI (greater accuracy and less parameter coupling)
than a vertical-force source are not yet sufficiently understood.

In this research, we systematically investigate the effect of using different force directions
on the accuracy of the 3D FWI. We first investigate the waveform differences due to a p
perturbation, and the impact of different source-force directions on the noise robustness. To
evaluate the parameter-coupling effect, we then investigate the differences in the shape of the
misfit function (i.e., the gradient and Hessian). We use the numerically calculated Hessian
for this purpose. The Hessian is also used to compare the resolution of the estimated density.
Finally, we perform 3D FWI using synthetic data considering realistic near-surface subsoil
models and different force directions.

This chapter is organized as follows. First, we briefly explain the theory of FWI
that is relevant for comparing systematically the three factors mentioned above (i.e., noise
robustness, parameter coupling, and resolution) for the purpose of 3D p estimation. We
then explore in detail the effect of force directions on these three factors for a point-scatterer
model. Lastly, we perform 3D FWTI for a spatially uncorrelated model and a realistic subsoil
model derived from field measurements, and compare the accuracy of the reconstructed p
for different force directions.

4.2. METHODOLOGY
4.2.1.3D FWI

FWTI solves a nonlinear optimization problem to reconstruct the subsurface model by min-
imizing the misfit function E defined by the synthetic and the observed seismic data (e.g.,
Pratt et al., 1998). In this study, we use the square of I, norm of the waveform differences
as the misfit function E:

1
E(m) = < l|ttoyn () - Uobs 1%, (4.1)

where usyn (m) is the synthetic seismic (displacement) data calculated assuming a subsurface
model m, and uyps is the observed seismic data. We choose this misfit function, instead
of the GCN used in Chapters 2 and 3, in order to utilize the whole waveform information
contained in each force-direction dataset. Note that the misfit function does not include the
explicit regularization terms. Instead, the inversion stability is ensured by applying several
preconditioning filters to the gradient of the misfit function, as discussed also earlier (see
Section 2.2.1). The details of the adopted filters are given below. The model parameters
m are the elastic properties (V,,, Vy, and p) that are functions of space in 3D. We use the
FDTD method to calculate the synthetic seismic data (Virieux, 1986; Levander, 1988). We
generate body force in different directions (fx, fy, fz) in the Cartesian coordinate system, at
the same position and with the same amplitude (unit: N/m3).
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The minimization of the misfit function E in eq. 4.1 and finding an optimal solution
for m over the large parameter space is a nonlinear, large-scale problem. Therefore, a local
optimization approach is commonly employed to solve this problem (e.g., Mora, 1987; Pratt
et al., 1998; Brossier et al., 2009). The local optimization approach iteratively updates the
model parameters m using the following formula:

Mps1 = My + ayAmy, “4.2)

where m,, is the model parameter at nth iteration, Am,, is the descent direction of the misfit
function E, and a, is the step length that is estimated by a line search method (Nocedal &
Wright, 2006). Among various nonlinear optimization approaches to calculate Am,,, the
gradient-based approaches, such as SD, NCG, and [-BFGS, are considered in this study,
given the respective computation costs. In the case of SD, the following simple formula is
used for the calculation of Am,,:

Amy = =Py Vi En, “4.3)

where V,, E;, is the gradient of the misfit function calculated by the adjoint-state method
(Plessix, 2006), and Py, is the preconditioning filter. The other approaches (NCG and
I-BFGS) use the same formula (eq. 4.3) at the first iteration, and after that they use Am,,
which is calculated using V,,, E, at the current iteration n and the previous history of V,, E;,.
Therefore, the characteristics of P,,V,,E, are the key elements for effectively solving the
optimization problem using these approaches (SD, NCG, [-BFGS).

To reconstruct p models, we apply 3D FWI to the synthetic datasets generated using
different force directions for the seismic source. First, to reduce the memory requirements,
we adopt the time-frequency approach (Sirgue et al., 2008; Sirgue et al., 2010): the seismic
wavefield ugy is simulated in the time domain, but the descent direction of the misfit
function Am,, is calculated in the frequency domain. During the nonlinear inversion, the
descent direction Am,, is calculated using the NCG method (Nocedal & Wright, 2006).
Am,, is then normalized by the maximum value of each parameter class, followed by scaling
with the representative value of each model parameter. The same step length a, is assumed
for all parameter classes; a, is estimated by a line search method in order to invert all model
parameters simultaneously.

The preconditioning filter P, in eq. 4.3 is also essential in controlling accuracy and
efficiency of FWI. For P,,,, we take the diagonal elements of the approximate Hessian for each
parameter class (Subsection 4.7.1). In FWI, this filter is conventionally used to compensate
for the effect of the limited illumination on V,,E,, such as geometrical spreading (e.g.,
Ravaut et al., 2004; Operto et al., 2004, 2006). This filter also calculates suitable scaling
for each parameter class, as the diagonal elements of the approximate Hessian contain the
information of the scattering radiation pattern (for details see Subsection 4.7.1). Finally, in
order to reduce the computational cost to calculate the Hessian, we estimate P, only at the
first iteration, and use the same filter for the rest of the inversion. Note that this strategy
can decrease the performance of FWI, e.g., convergence speed and accuracy of an estimated
model, when the initial model is very far from an optimum model.
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4.2.2. APPROACH TO EVALUATE DIFFERENT FORCE DIRECTIONS IN 3D FWI ror

DENSITY
We investigate the capability of 3D FWI to estimate p by concentrating on three factors viz.
noise robustness, parameter coupling, and resolution (Section 4.3). We then evaluate the
reconstructed p models using different force directions (Section 4.4). In this subsection, we
discuss our approach of assessing the efficacy of these different force directions, considering
the above-mentioned three factors and the theory introduced in Subsection 4.2.1.

NOISE ROBUSTNESS

For real-world applications of FWI on noisy field data, the robustness is a crucial factor.
As shown in eq. 4.1, FWI finds the model parameter m that minimizes the square of the I,
norm of the waveform residuals. Suppose the observed data with noise can be divided into
data calculated using the true model and noise, i.€., Uohs = Usyn (Mitrue) + Unoise- In this case,
when we consider a specific model parameter m = mg (# Muue), €9. 4.1 can be written as,

1
E(myg) = E | st (mo) + unoisenzy 4.4

where the scattered wavefield ugc¢ (719) due to the model perturbation (m2ye — M) is defined
as Usct (Mo) = Usyn (Mirue) — Usyn (Mo). Eq. 4.4 shows that the value of E is determined by
the amplitude of noise when the amplitude of upgise i larger than that of ugc (m9). This
makes it difficult to effectively distinguish the difference between miyye and my.

We consider a specific pair of the model (g, mye) Where the difference is only in p, and
other properties (Vp and Vs) remain the same. Then, we calculate numerically the scattered
wavefield uget (mp) and the squared norm of the amplitudes. Here, seismic sources and
receivers are distributed on the free surface. We compare the noise robustness for different
force directions using the squared norm of the amplitude in the scattered wavefields.

PARAMETER COUPLING

As shown in eqs 4.2 and 4.3, the preconditioned gradient P,,V ,,, E;, contains key information
to obtain the accurate descent direction Am,, close to the true model-update direction at the
first iteration when using SD, NCG, and [-BFGS. The gradient P,,V, E,, partly represents
the shape of the misfit function E in the model domain. Generally, evaluating the shape of
E is crucial in order to solve the inverse problem advantageously in terms of both accuracy
and efficiency. For example, —V,,E,, represents the direction in which E decreases, but
it is not always identical to the direction toward the true model: assuming that the misfit
function E is a quadratic function, there is a possibility that the descent direction to an
optimum solution of a certain parameter class (e.g., Vs) contaminates the descent direction
of another parameter class (e.g., p). In this research, we delve into this parameter coupling
contained in the gradient. As illustrated in eqs 4.2 and 4.3, the inversion at the first iteration
seeks an optimum solution along the direction of —P,,V ,E,, using a line search method.
This procedure implies that a significant parameter coupling effect in —P,,,V,,, E;; can make
the model parameter fall into local minima at early iterations, and the inversion fails to
converge to an optimum solution. For FWI, using datasets corresponding to different force
directions implies optimizing E having different shapes in the model domain. We, therefore,
investigate the shape of E and explore the parameter-coupling effect in —P,,,V;, E,, due to
the force direction.



4.2. METHODOLOGY 65

First, we define the parameter-coupling effect in V,,E. When the misfit function E is
quasi-linear, i.e., m,, is close to the optimum solution, E can be approximated as a quadratic
function of m. In this case, V,, E follows the Newton’s equation:

~VmE(my) = Himy,)Am", (4.5)

where H(m,,) is the Hessian of E at m = m,,, and AmY is the model-update direction toward
the optimum solution. Eq. 4.5 indicates that the update direction based on the gradient (i.e.,
—VmE(mp)/ |V E(my)]) is not identical to the Newton-step direction (i.e., Am™/|Am™|).
This difference is the parameter coupling considered in this study, which is characterized by
the Hessian H(my) in eq. 4.5. Here, the Hessian has a multi-parameter form H,,; and is
written using Jacobian (dusyn/dm) as follows:

Oigyn \* ( Osyn Pusyn "
Hym: =R -
mim; {(Omi) (amj)+ Smiam; | (o = tovs) 4.6)
:Hl?'limj-i_Rmimj’

where m; and m; are model parameters (Vp, Vs, p), and the symbol * denotes the complex
conjugate in the frequency domain. The first term Hy,. m; ON the right-hand side of eq. 4.6 is
the approximate Hessian, which is the cross-correlation between Jacobians with respect to
m; and m;. The second term Ry, m; on the right-hand side of eq. 4.6 is the cross-correlation
between the second-order partial-derivative wavefield and the data residual, which represents
the second-order scattering (Pratt et al., 1998). In this study, assuming that the residuals are
small due to small model perturbations, the second term R, m; is neglected and only the
approximate Hessian Hfflimj is considered. Thus, eq. 4.5 can be rewritten as follows:

Vv, E H‘L}PVP HT[}PVS ngp AVp N
- |VwE| = |Hyy, Hyy, Hy, AVSIf[V . 4.7)
a a a
VoE HPVP HPVs pr Ap

The diagonal elements of the matrix on the right-hand side of eq. 4.7 (e.g., Hy,) represent
the coefficients for the Newton step (e.g., Ap™) in the gradient of the same parameter class
(e.g., VpE). On the other hand, the off-diagonal elements represent how the gradient for a
certain parameter class (e.g., V,E) is influenced by the Newton step of the other parameter
classes (e.g., AVsN), i.e., the parameter-coupling effect. Therefore, the effect in the gradient
can be evaluated by investigating the relative strength of the off-diagonal elements with
respect to the diagonal elements. Note that the diagonal elements are the auto-correlation of
Jacobians for a certain model-parameter class (i.e., m; = m;), and the off-diagonal elements
are the cross-correlation between Jacobians for two different model parameter classes (i.e.,
m; # m;). In this research, we calculate directly Jacobians for each parameter class using
the receiver-side Green’s functions and the forward-propagated wavefields, following eq.
5.6 in Butzer (2015). This is followed by the cross-correlation of Jacobians to compute the
approximate Hessian (H%) explicitly.

We evaluate eq. 4.7 using numerically calculated Hessian for a specific model in order
to compare the parameter-coupling effect for different force directions (Subsection 4.3.2).
Furthermore, to take into account the preconditioned gradient in the actual implementation
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of FWI (eq. 4.3), we consider the preconditioning filter P,, in eq. 4.7. By multiplying both
sides of eq. 4.7 with P,,, we have the following relations:

—Py, Vv, E= Py, Hyj , AVp" + Py, HY)  AVS" + Py, Hyy Ap™

4.8)
= Kvp—vp + Kvg—vp + Kp—vp,
a N a N a N
—PVSVVSE:PVSHVSVPAVP +PVSHV5V5AVS +PVSHV5pAp 4.9)
= KVP—'VS + KVsHVS + Kp—*Vs!
_ a N a N a N
_PprE~PpHpVPAVp +PpHstAVS +PpprAp (4.10)

= Kvp—p + Kyg—p + Kpep,

where we call K, ., and Ko — my(mim) the update kernel and the contamination kernel,
respectively (W. Pan, Geng, & Innanen, 2018). Note that W. Pan, Geng, and Innanen (2018)
do not include the preconditioning filter in the definition of the kernels. Furthermore, when
Am?" is localized at a single point, the kernels are identical to the point-spread functions
(PSFs, Fichtner & Trampert, 2011; Fichtner & van Leeuwen, 2015; W. Pan, Geng, &
Innanen, 2018; W. Pan et al., 2019), which is used for evaluating the resolution in this
study (see the next section). In this research, we numerically calculate the kernels in eqs
4.8-4.10 using a point-scatterer model considering typical near-surface seismic acquisition
parameters. We then investigate how the relative strength between the update and the
contamination kernels differ due to different force directions.

REsoLUTION

Resolution is another important indicator to evaluate the performance of FWI. For instance,
in near-surface engineering problems, it is sometimes important to detect the existence of a
thin layer in the subsurface or to image the accurate shape of an anomaly like a void. We
investigate here how the resolution of FWI in such cases might differ for the different force
directions.

First, we define the resolution using kernels introduced above. Given a point-localized
perturbation as Am” in eqs 4.8—4.10, the spatial distribution of the value of the update
kernel in the model domain represents how Am” is smeared around a point scatterer
in the preconditioned gradient. On the other hand, the distribution of the values of the
contamination kernel in the model domain represents the spatial extent where the parameter
coupling prevails around a point scatterer in the preconditioned gradient. We define the
spreading width of the kernels as the distance between the point scatterer and the location
where the value of the kernels is half of the maximum value of the update kernel. A large
spreading width of the update kernel will indicate low resolution of the reconstructed model,
while a large spreading width of the contamination kernel will imply occurrence of spatial
parameter-coupling in a wide area around the point scatterer.

Evaluating the resolution using the kernels defined above is similar to the resolution
analysis in W. Pan, Geng, and Innanen (2018), except that we use the inverse of the
diagonal elements of the approximate Hessian as the generalized inverse of the Hessian in
the resolution matrix (see equation 54 in W. Pan, Geng, and Innanen (2018)). As before,
we numerically calculate the kernels using a point-scatterer model considering typical near-
surface seismic acquisition parameters and then investigate how the spreading widths of the
kernels differ for different force directions (Subsection 4.3.3).
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Figure 4.1: A synthetic model for investigating noise robustness, parameter coupling, and resolution.
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4.3. ResurLts oF 3D FWI FOR DIFFERENT FORCE DIRECTIONS:

NOISE, PARAMETER COUPLING AND RESOLUTION

For these numerical tests, we consider a depth-dependent 3D model with a point scatterer at
a location where Vs and p perturbations are allocated at a single grid ([, y, z] = [25 m, 25
m, 7.5 m] in Fig. 4.1). The model is discretized with 100x 100x 50 grid points in x-, y-, and
z-direction, respectively, with a grid spacing of 0.5 m. The background values of Vp, Vg and
p are kept within the typical ranges found for soils, assuming fully water-saturated condition
(Vp: 1600-1800 m/s, Vs: 200-450 m/s, p: 1800-2200 kg/rn3). Sources and receivers are
distributed on the free surface as shown in Fig. 4.1. Such a setup for the numerical study
allows investigating the scattered wavefields due to a point scatterer. Given a good initial
model, FWI aims to reconstruct the true model using the scattered wavefield dominated
by first-order scattering due to small perturbations in medium properties. The following
discussion using a point scatterer can be applied to a complex wavefield in the real world, as
such a wavefield can be approximated as superposition of scattered wavefields due to point
scatterers distributed over the entire model space.

4.3.1. NOISE ROBUSTNESS

We investigate for different source directions the noise robustness of p estimation using
wavefields scattered due to a perturbation in p only (Subsection 4.2.2). For calculating the
scattered wavefields, the background models without Ap and with Ap located at [X, y, z] = [25
m, 25 m, 7.5 m] are denoted as mg and mye, respectively (Fig. 4.1). As model perturbation,
a Ap which is —10% of the background value is considered. We calculate three-component
particle-velocity wavefields (i.e., vy, vy, vz) due to a seismic source, denoted by the cyan
symbol in Fig. 4.1. For a comparison between different force directions, three sources with
three different force directions (i.e., fx, fy, fz) are considered at the same location. Here,
the directions for the two horizontal-force sources are either in the 2D plane containing both
of the source and a point scatterer (x-direction) or perpendicular to it (y-direction), which
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Table 4.1: Squared norm of the amplitude in the nine-component scattered wavefields shown in Fig. 4.2.

Uy vy v, total
fx  10.6e-09 4.1e-09 7.9e-09 22.6e-09
fy 74e-09 16.7e-09 1.2e-09 25.2e-09
fz  57e-09  43e-09 6.5¢-09 16.4e-09

enables one to take into account scattered wavefields generated by significantly different
incident wavefields (i.e., SV/Rayleigh waves for an f; source and SH/Love waves for an f}
source). We use the following Fuchs-Miiller wavelet (Fuchs & Miiller, 1971) with a centre
frequency f. =20 Hz:

f(t)=sin(2ntf.) - 0.5sin (47t f,). (4.11)

To keep the computation time for the 3D FWI manageable, this frequency is not chosen to
a higher value. Sources and receivers are located on the free surface.

In Fig. 4.2, we show the snapshots at 0.14 s, illustrating different characteristics of
the wavefield due to different force directions. With horizontal-force sources, the energy
of the scattered wavefields at the location of Ap dominates in the backward direction (see
Figs 4.2(a), (c) and (e)). These wavefields are generated by the incident SV/Rayleigh and
SH/Love waves for the f and f sources, respectively; the surface waves (Rayleigh/Love
waves) propagate parallel to the free surface toward the point scatterer, while the body waves
(SV/SH waves) have incident angles of ~60°. When using a vertical-force source (f7), the
incoming Rayleigh wave is back-scattered with a large amplitude (see Fig. 4.2(g)), while
some energy is present also in the forward direction (see Figs 4.2(g) and (i)).

To address the noise robustness, we calculate the squared norm of the amplitude in the
scattered wavefields over the depth slice shown in Fig. 4.2. A comparison of the sum of the
squared norm (Table 4.1) shows that the scattered wavefields due to horizontal-force sources
(fx or fy) have more energy than those due to a vertical-force source (f;). Additionally, Table
4.1 shows that the scattered wavefield at the same receiver component as the source (i.e.,
fx-vx, fy-vy and f;-v;) has, as expected, the largest energy. Furthermore, the scattered
wavefields for the horizontal sources (fy-vy or f,-vy) have much larger energy than the
vertical force (f,-v;). This large energy in fy-vy or f)-v, wavefields are due to the presence
of backward scattering with large amplitudes (see Figs 4.2(a) and (e)). Thus, in the context
of p estimation, 3D FWI applied to a horizontal-force dataset is more robust to noise than
that applied to a vertical-force dataset (see Subsection 4.2.2), assuming same amplitude
and source-time function for all sources. As the scattered wavefields generated by different
incident wavefields from the two orthogonal horizontal-force sources (i.e., SV/Rayleigh
waves for an f source and SH/Love waves for an f), source) have larger energy than those
due to a vertical-force source, the conclusion on noise robustness remains valid for the case
when the source is located at any arbitrary location on the free surface.

4.3.2. PARAMETER COUPLING
Here we investigate the parameter-coupling effect in the preconditioned gradient for p using
the update and the contamination kernels calculated for the same point-scatterer model as
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Figure 4.2: Depth slice of nine-component scattered wavefields (three-component source: f, fy, fz
three-component particle velocity: vy, vy, vz) due to a point scatterer Ap.

in Subsection 4.3.1 (see Subsection 4.2.2). We compare the relative strength between these
two kernels for different force directions.

For calculation of the kernels, 16 seismic sources located at 10 m spacing and 256
three-component receivers at 2 m spacing are used; they are respectively denoted by red and
black symbols in Fig. 4.1. The vertical-force sources (i.e., f;) and horizontal-force sources
(i.e., fy) have the same source-time function (eq. 4.11), as in Subsection 4.3.1. We consider
only one horizontal-force direction (i.e., f) because the model and the acquisition geometry
are symmetric. The kernels are calculated in the frequency domain using 8 monochromatic
frequencies (i.e., 10, 14, 18, 22, 26, 30, 34, 38 Hz). This setup enables us to evaluate the
impact of a typical near-surface seismic acquisition geometry on the kernels. The kernels
are calculated (eqs 4.8—4.10) assuming a perturbation (—10% of the background value) as
the Newton step (Am™) at a point scatterer.

Fig. 4.3 presents a comparison of the preconditioned gradients for p calculated using
the adjoint-state method (i.e., =P,V E in eq. 4.10) and the update and contamination
kernels for p (i.e., K, and Ky, in eq. 4.10) between datasets corresponding to different
source-force directions. The relative strength between the update and the contamination
kernels is compared based on the maximum magnitude of the kernels shown in Fig. 4.3.
When using the f, dataset, Ky,—, (Fig. 4.3(c)) has a larger relative strength than K.,
(Fig. 4.3(b)). In other words, the effect of the perturbation of Vg (i.e., AVSN ) dominates in
—P,V,E (Fig. 4.3(a)); the strong parameter coupling occurs when updating the p model
in the direction along —P,V,E. On the contrary, Ky, for f) dataset (Fig. 4.3(f)) has a
smaller relative strength than Kj,.., (Fig. 4.3(e)). This implies that —P,V,E (Fig. 4.3(d))
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Figure 4.3: Preconditioned gradients, update kernels, and contamination kernels for p. Preconditioned gradients
in (a) and (d) are normalized by their maximum magnitude, while the kernels in (b), (c), (e) and (f) are
normalized by the maximum magnitude of update kernels. Yellow lines and black arrows in update and

contamination kernels denote the spreading widths of the kernels.

is not significantly influenced by AVY, and therefore the p model can be updated with
a relatively weak parameter-coupling problem. From the above findings, the shape of E
for the f) dataset has more favourable characteristics for p estimation using 3D FWI (i.e.,
weak parameter coupling) than the shape of E for the f, dataset. Choosing f} as a force
direction would result in reconstructing a more accurate p model within the framework of
gradient-based FWI, without taking the Hessian inverse into account.

The update and the contamination kernels for Vg are also calculated (Fig. 4.4). As
opposed to p, the relative strengths of the contamination kernels (K, ;) shown in Figs
4.4(c) and (f) are smaller than those of the update kernels (Ky,—v;) shown in Figs 4.4(b)
and (e), regardless of the force directions. Thus, both datasets equally allow reconstruction
of an accurate Vs model without suffering from a strong parameter coupling due to Ap™

4.3.3. REsoLUTION
In this subsection, we investigate the resolution of p estimates using the update and contami-
nation kernels calculated in Subsection 4.3.2. We compare the spreading widths (Subsection
4.2.2) between these two kernels for different force directions.

The spreading widths of the kernels for p are shown by yellow lines and black arrows
in Fig. 4.3. The spreading widths of K,.., do not significantly differ between f, and f,
datasets (Figs 4.3(b) and (e)): the maximum widths for f, and f, datasets are 2.2 m and 2.1
m, respectively. This indicates that the resolution in the reconstructed p model would be
quite similar for different force directions if the contamination kernel Ky;—., is small. On
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Figure 4.4: Preconditioned gradients, update kernels, and contamination kernels for Vg. Preconditioned gradients
in (a) and (d) are normalized by their maximum magnitude, while the kernels in (b), (c), (¢) and (f) are
normalized by the maximum magnitude of update kernels. Yellow lines and black arrows in update and

contamination kernels denote the spreading widths of the kernels.

the contrary, the spreading width of Ky,_., for the f, dataset (Fig. 4.3(c)) is much larger
(3.8 m) than that for the f}, dataset (1.9 m, Fig. 4.3(f)). Therefore, use of the f, dataset
can cause artifacts due to parameter coupling (A VSN ) in a wide area in the reconstructed p
model.

Next, we examine the spreading widths of the update and the contamination kernels for
Vs (yellow lines and black arrows in Fig. 4.4) to evaluate how their characteristics differ
from those for p. The spreading width of Ky,..y; for the f, dataset is larger than that for the
[y dataset (Figs 4.4(b) and (e)): the maximum width for the f, dataset is 3.4 m, while that
for the fy dataset is 2.5 m. Therefore, the use of the f) dataset will enable constructing a
preconditioned gradient which is more focused at AVSN than using the f, dataset. Contrary
to p, the spreading widths of K.y, for both datasets are significantly small (< 0.5 m and
0.7 m, see Figs 4.4(c) and (f)), which can result in few contaminations due to ApN in the
Vs estimates for both force-direction datasets.

4.4. NEAR-SURFACE MODELS: RESULTS OF 3D FWI FOR DIFFER-

ENT FORCE DIRECTIONS
The results in the previous section have demonstrated that FWI applied to horizontal-force
datasets can reconstruct more accurate p and Vs models than FWI applied to vertical-force
datasets, in terms of the noise robustness, weak parameter coupling, and high-resolution
gradient for p. For p estimation using gradient-based FWI, the relatively weak parameter
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Figure 4.5: The spatially uncorrelated model for inversion tests. The red, green, and blue boxes represent the
locations of the anomalies for Vp, Vs, and p, respectively. The models in (b) and (c) are visualized by subtracting
the initial model from the true model.

coupling in the preconditioned gradient is the key factor which contributes to better results.
In this section, we perform 3D FWI using specific near-surface models to examine this
difference.

Two near-surface models are used for different purposes. First, to visualize the impact
of parameter coupling on the reconstructed result, we consider a spatially uncorrelated
model where the anomalous zone for each parameter class is located at a separate position
(Subsection 4.4.1). Next, to approximate the field condition, we build a realistic near-surface
model containing 3D heterogeneities (Subsection 4.4.2). The model is derived from actual
downhole data acquired in the field. We incorporate anelastic attenuation in the synthetic
data through viscoelastic forward modelling. Random noise is also added to the data.

4.4.1. FWI RESULTS FOR A SPATIALLY UNCORRELATED MODEL

MoODEL BUILDING & INVERSION SETUP

Our spatially uncorrelated model represents a special case where Am™ in eqs 4.8—4.10 is
spatially decomposed into parameter classes. Data using this particular model produce the
update and the contamination kernels at different locations in the preconditioned gradient.
The kernels, spatially separated in the preconditioned gradient for a certain parameter class,
produce the artifacts due to different parameter classes at locations that differ from the
location of the correct anomaly. This helps distinguishing the parameter-coupling effect in
the results.

We consider the 10 m x 5 m box-shaped anomalies for Vp, Vs and p located at different
positions but at the same depth (Fig. 4.5). The background model varies only in depth (Fig.
4.1). Note that Figs 4.5(b) and (c) are created by subtracting the initial background model
(Fig. 4.1) from the true model to clearly visualize the box-shaped anomalies. While the
anomalies — AV{ and Ap" — have values which are —20% of the background, the AV} is
—10% of the background value.

We perform gradient-based 3D FWI on vertical-force (f,) and horizontal-force (fy)
datasets. The acquisition geometry and the source wavelet are the same as those in Sub-
sections 4.3.2 and 4.3.3. We use the background model (Fig. 4.1) as the initial model
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Figure 4.6: The preconditioned gradients for (a), (b) p and (c), (d) Vs.

in 3D FWI, and assume the source wavelet as known. During the inversion, the model
parameters (Vp, Vs, p) are simultaneously updated. The same monochromatic frequencies
as in Subsections 4.3.2 and 4.3.3 are used to calculate the preconditioned gradients. To
compare the different datasets using vertical- and horizontal-force sources, we use the same
stop-criterion for inversion: the iteration is stopped when the relative change between the
misfit of the current iteration step and that of the second to the last iteration step is less than
1%. Since the data are not sensitive to AVp because of the very long wavelength of P wave
(~40 m) relative to the size of the anomaly, we discuss only about the reconstructed Vg and
p models.

PARAMETER COUPLING: AFTER THE FIRST ITERATION

We first investigate the preconditioned gradients for p (i.e., —P,V,E) at the first iteration
using the vertical-force source (Fig. 4.6(a)) and the horizontal-force source (Fig. 4.6(b)).
Because of the spatially uncorrelated anomalies, the update kernels (K,..,) are imaged
around the location of the anomaly of p (blue boxes in Figs 4.6(a) and (b)), while the
contamination kernels (Ky,—.,) are distributed around the location of the anomaly of Vg
(green boxes in Figs 4.6(a) and (b)). When using f, dataset, Ky—., dominates significantly
in —P,V,E compared to K,.., (see Fig. 4.6(a)). On the contrary, f, dataset produces Ky,
with larger magnitude than Ky,—., in —P,V,E (see Fig. 4.6(b)). As a consequence, 3D
FWI using f, dataset can estimate Ap™ more accurately than FWI using f, dataset, with a
weak parameter coupling due to AVSN at least at the first iteration.

As opposed to p, the preconditioned gradients for V; (i.e., — Py, Vy, E) at the first iteration
(Figs 4.6(c) and (d)) do not contain significant artifacts due to K,y (blue boxes in Figs
4.6(c) and (d)). This result is consistent with the results for a point-scatterer model (see
Subsection 4.3.2). Besides, one can see that the amplitude distribution of —P,V, E for the f,
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Figure 4.7: The comparison of the iteratively updated p models.

dataset is similar to that of —Py, Vv, E (see Figs 4.6(a) and (c)). This suggests that —P,V,E
for the f, dataset is contaminated by AVSN .

RESULTS AFTER ALL ITERATIONS
During the inversion, the p models are iteratively updated (Fig. 4.7). In the first iteration,
both datasets produce artifacts around the location of the anomaly of Vs associated with
Kyg—.p (green boxes in Figs 4.7(a) and (d)). The artifacts are generated because the p models
are updated in the directions along —P,V,, E in the first iteration (Figs 4.6(a) and (b)) based
on eqs 4.2 and 4.3. With iterations, however, the nonlinear optimization process (i.e., NCG)
reduces these artifacts for both datasets, resulting in gradual reconstruction of the anomaly
of p at the correct location (see the results after iteration 10 in Figs 4.7(b) and (e) and after
iteration 40 in Figs 4.7(c) and (f)). Finally, at the convergence (i.e., after 69 iterations for
the f, dataset and after 71 iterations for the f, dataset), the reconstructed p model using
the f, dataset no longer exhibits any significant artifacts that were produced at the earlier
iterations (green box in Fig. 4.8(b)). On the other hand, the finally obtained result of 3D
FWI using the f, dataset shows some remaining artifacts due to parameter coupling (see the
green box in Fig. 4.8(a)). Furthermore, a comparison of the 1D profiles (Fig. 4.8(c)) shows
that utilizing the f), dataset provides better p estimates (values closer to the true values) than
the f, dataset. The likely reason for this difference is the strong parameter-coupling effect
in the f, dataset in the preconditioned gradient (Fig. 4.6(a)). In this case, after the first
iteration, the FWI estimates a p model which is very far from the true model (Fig. 4.7(a)),
and as a consequence, at the end the final model also falls into a local minimum located in
the vicinity of the solution of the first iteration.

We also examine the reconstructed Vs models after the inversion for the vertical-force
dataset (Fig. 4.8(d)) and the horizontal-force dataset (Fig. 4.8(e)). Contrary to p, the
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Figure 4.8: The comparison of the finally obtained (a)-(c) p and (d)-(f) Vg models.

anomaly of Vg is successfully reconstructed without serious artifacts regardless of the force
directions (Figs 4.8(d) and (e)). Furthermore, a comparison of 1D profiles (Fig. 4.8(f))
shows that both datasets estimate almost identical Vs models.

4.4.2. FWI RESULTS FOR A REALISTIC SUBSOIL MODEL

In Subsection 4.4.1, the initial model is different from the true model at locations that differ
among the parameter classes. That helped distinguishing the parameter coupling effect in
the results. However, this assumption is obviously unrealistic. For FWI using field data
where the accuracy of the initial model can only be controlled to a limited extent, one has
to choose a suitable approach for building the initial model, considering the data quality
and/or any available prior information. Besides, the inversion tests in Subsection 4.4.1 have
been carried out, assuming purely elastic wavefields and noise-free data.

In this subsection, we take into consideration a more realistic situation. The subsoil
model is built on downhole information obtained in the field. Unlike in Subsection 4.4.1,
we work here with data having random noise and viscoelastic wavefield instead of elastic
wavefield.

MODEL BUILDING & PSEUDO-SEISMIC DATA

To build the realistic 3D subsoil model, we use Vs and porosity (¢) data measured at a
soft-soil site in the western part of the Netherlands (Fig. 4.9(a)). In this earlier study, Vg
was measured at 25 cm interval in depth via SCPT (Seismic Cone Penetration Test) and
the porosity from laboratory tests on soil samples collected in boreholes (Ghose, 2007;
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Figure 4.9: (a) The 1D layered Vs and ¢ models and soil composition (Ghose, 2007; Zhubayev & Ghose, 2012).
(b) The 1D layered Vp, Vg, and p models for the inversion test in this research.

Zhubayev & Ghose, 2012). From continuous soil sampling performed at this site, the
soil-layer composition is known (Fig. 4.9(a)). The soil column is composed of alternating
layers of clay and sand. Also, a peat layer located at ~5 m depth shows a very high porosity
(~0.83), indicative of low density.

Using this dataset, we have constructed a five-layered model of the near-surface (till 15
m depth) (Fig. 4.9(b)) for testing FWI. The p values in Fig. 4.9(b) are calculated from ¢ as
follows:

p=ps(1-§)+$Sspy, (4.12)

where p; is solid grain density, p is fluid density, and Sy represents the degree of water
saturation. For ps and pf, we use the representative values for such soil types in this area
(Table 4.2). Since the water table at this site is located at 1.4 m depth, we consider an
unsaturated condition until 1.4 m, and a fully water-saturated condition below this depth.
For the unsaturated and fully saturated conditions, we assume S = 50% and Sy = 100%,
respectively. Since we do not have Vp data, the Vp values at the fully water-saturated
condition are calculated based on Gassmann’s equation (e.g., Mavko et al., 2009), while
the unsaturated Vp values are assumed to be 800 m/s. For the soil properties required
in the Gassmann’s equation, we consider the representative values (Table 4.2) based on
past research (Inci et al., 2003; Emerson & Foray, 2006; Chesworth, 2008; Kumar &
Madhusudhan, 2012). Finally, extending this model (Fig. 4.9(b)), 3D heterogeneity is
introduced as shown in Figs 4.10(a)-(c). The complexity of the 3D model is characterized
by a peat layer (second layer in Fig. 4.9(b)) that gradually thins out in x- and y-directions
and a sand layer (fourth layer in Fig. 4.9(b)) that gently dips in 3D. Note that the 1D layered
model in Fig. 4.9(b) is located at the centre of the 3D model (at [x, y] = [13.5 m, 13.5 m]).
In order to simulate the viscoelastic wavefields, we assume a constant value of 20 for both
Qp and Qg, for the entire model.

For this realistic 3D subsoil model, the viscoelastic wavefields are simulated using
vertical-force (f;) and horizontal-force (f,) sources. Since the 3D FWI applied to an f5
dataset gives almost the same results as those for 3D FWI applied to an f), dataset for this
model (see Subsection 4.8.1), we here discuss only the results for the f) dataset. The model
is discretized using 180x180x 120 grid points in x-, y-, and z-direction, respectively, with
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Table 4.2: Values of soil properties (Inci et al., 2003; Emerson & Foray, 2006; Chesworth, 2008; Kumar &
Madhusudhan, 2012) for calculating p and Vp for each soil layer (ps: solid density, ps: fluid density, K;: solid
bulk modulus, K¢: fluid bulk modulus, v: Poisson’s ratio of the soil skeleton).

Soil type p, (kg/m®) pr (kg/m®) K (GPa) Kf (GPa) v
Clay 2650 1000 14 2.18 0.10
Sand 2650 1000 30 2.18 0.23
Peat 1500 1000 1.4 2.18 0.15
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Figure 4.10: The 3D complex subsoil model for the inversion tests. The true (a) Vp, (b) Vs, and (c) p models.
The initial (d) Vp, (e) Vg, and (f) p models.
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a grid spacing of 0.15 m. We consider a symmetric acquisition geometry with 9 seismic
sources at 10 m spacing and a fixed array of 121 three-component receivers planted at 2 m
spacing, as shown in Fig. 4.10. The sources generated a Fuchs-Miiller wavelet (eq. 4.11)
with a centre frequency of 20 Hz. As mentioned earlier, this frequency is not chosen to
a higher value only to keep the computation time for the 3D FWI manageable, while still
achieving sufficiently the goals of this research. It is also the same reason why we restricted
the depth to only 15 m. We finally add identical random noise to both force datasets. The
S/N ratio in the y-component data (v)) at the farthest source-receiver offset (28.3 m) due to
the f) source is ~8, while that in the z-component data (v) at the same offset due to the f,
source is ~60. The big difference in the S/N ratio reflects the difference in the amplitudes
of the dominated wavefields in each dataset.

The example of the simulated data (particle velocity), representing field seismic data
using different force directions for the seismic source, is shown in Fig. 4.11. As expected,
for the f, source, the energy is predominantly present in the vertical-component receiver
(Fig. 4.11(c)), while for the same source limited amount of seismic energy present in the
horizontal-component receiver (Figs 4.11(a) and (b)) is due to the Rayleigh waves. On the
contrary, for the f} source, there is more energy in the horizontal-component receivers (Figs
4.11(d) and (e)) than in the vertical-component (Fig. 4.11(f)). Additionally, the f, data
show reflected arrival from the lower boundary of the peat layer at ~0.3 s, which is less
visible in the f, data.

INITIAL MODEL

We perform at first 2D SH FWI using the 2D (v,) dataset. This dataset is derived from
the f) dataset along the three 2D lines at y = 3.5, 13.5, 23.5 m (Fig. 4.10). For an initial
Vs model for the 2D SH FWI, we build a homogeneous model using the first-arrival travel
times. An initial p model is constructed by first using an empirical relationship between Vg
and Vp (Kitsunezaki et al., 1990) and then using a relationship between Vp and p (Ludwig,
1970).

For 2D SH FWI, we use the GCN (Choi & Alkhalifah, 2012): the model is updated
to maximize the cross-correlation between the normalized observed and calculated seis-
mograms. This misfit function does not focus on the amplitudes but on the similarities
(phase matching) between the seismograms, which enables reconstructing a rough model
using 2D FWI without compensating for the difference between the 3D and 2D geometrical
spreading. Therefore, at this point, we apply 3D to 2D point-to-line source phase correction
by convolving each trace of the 3D seismic dataset with Vt=1, where t is the recording time
(Forbriger et al., 2014; Schifer et al., 2014; J. Liu, Ghose, & Draganov, 2022). We assume
the source-time function to be known. The Vs and p models are updated simultaneously
during the inversion. The attenuation Qg is assumed to be known. The estimation of Qg is
possible, for example, by using the passive-viscoelastic FWI approach (Groos et al., 2014):
the optimum Q value with the minimum misfit function for an initial model is chosen through
the grid search.

The Vs and p sections estimated by 2D SH FWI along the three 2D lines are used,
followed by spline interpolation, to build the 3D initial model (Figs 4.10(e) and (f)). The Vp
initial model is built using the empirical relationship between Vp and Vs (Kitsunezaki et al.,
1990) (Fig. 4.10(d)). Note that the initial model in Figs 4.10(d)-(f) is used for 3D FWI
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Figure 4.11: The example of the pseudo-seismic data calculated for the model shown in Fig. 4.10(a)-(c). The
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using both f; and f) datasets, although building an initial model using SH FWTI is possible
only for the f) dataset. This allows us to investigate the sole impact of the force direction of
the seismic source on the reconstructed p model using 3D FWL.

PARAMETER COUPLING: AFTER THE FIRST ITERATION
The preconditioned gradients for p (—P,V, E) calculated at the first iteration for the f, dataset
(Fig. 4.12(a)) and the f) dataset (Fig. 4.12(b)) exhibit significant differences. Contrary to
Subsection 4.4.1, the update and contamination kernels are not spatially separated in the
preconditioned gradient. This is because the true model perturbations (Am™®) for each
parameter class, i.e., the differences between the true and initial models, are distributed
over the whole model, and are superimposed on each other (Figs 4.12(g) and (h)). Also,
a large Am'™ € (Figs 4.12(g) and (h)) implies that it would not be possible to assume the
Newton step (Am™N) in eqs 4.8—4.10 as we do in Subsection 4.4.1. The Newton step Am™Y
could be estimated by investigating the detailed shape of the misfit function E; however, the
computational cost for this analysis is prohibitively expensive. Due to these constraints, it is
challenging to visualize the kernels and evaluate the parameter coupling using eqs 4.8—4.10.
In order to overcome this difficulty, we directly calculate the approximate Hessian
(Hp, m; ), which is a component of the kernels in eqs 4.8—4.10. The effect of the off-diagonal
elements of this Hessian (i.e., the spatial cross-correlation of the Jacobians between different
grids) on the preconditioned gradient varies with the spatial distribution of Am. Since
Am?" is unknown, we take the relative magnitude of the coefficients of Am™ in eqs 4.8—4.10.
For this purpose, we assume a simple case where Hr%imj- is diagonally dominant. In this
case, eq. 4.10 can be written as:

1 diag(HgVP) N
—— 2 VoE =~ — ” 2
diag(Hg,) +€p diag(Hg,) +e€p
diag(Hgvs) N @.13)
diag(Hg,) +e€p $
diag(ng) N
diag(Hf,) +ep ’

where d iag(H,’j“ mj) is the diagonal element of H,‘ﬁlimj, and di ag(ng) +€p represents
the preconditioning filter for p (i.e., Pp) (see Subsection 4.7.1 for details). Evaluation of
eq. 4.13 enables one to investigate the parameter coupling grid by grid, while the spatial
parameter coupling between different grids is ignored.

The second term on the right-hand side of eq. 4.13 represents the parameter coupling
due to Vg, and the third term represents the appropriate update direction for p. Because
the coefficient of Ap™ (the third term) is almost 1, investigating the coefficient of AVSN
(the second term) allows appreciating how AVéV is amplified and how it contaminates the
appropriate update direction for p in the preconditioned gradient. For brevity, hereafter, we
call the coefficient for the second term, di ag(Hng) / (d iag (ng) +ep), as the coupling
coefficient of p.

The coupling coefficients of p show that their values are smaller for the f, dataset (Fig.
4.12(e)) than for the f, dataset (Fig. 4.12(d)). Around z = 10 m at the centre of the model,
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for instance, the coupling coefficient of p for the f) dataset is approximately 25, while that
for the f, dataset is approximately 50 (see the black arrow in Fig. 4.12(f)). Assuming
that AVSN and Ap® do not significantly differ between the force directions, this difference
in the amplitude of the coupling coefficients suggests that using the f, dataset results in
twice larger the parameter coupling than using the f, dataset (see eq. 4.13). We can draw
the same conclusion if the ratio of AVSN to Ap" is almost the same for the different force
datasets, because the preconditioned gradient is normalized by its maximum value in the
implementation of FWI here (see Subsection 4.2.1).

Next, we look more carefully into the preconditioned gradients of p at the centre of the
model. The 1D profiles illustrate different characteristics for different force directions (e.g.,
Fig. 4.12(c)). Around z = 10 m, the values for the f dataset oscillate around zero, while
almost all values for the f, dataset are positive (see the black arrow in Fig. 4.12(c)). To
investigate the possible reason, we calculate the true Vs and p perturbations (AVs"™€ and
Ap™®) in Fig. 4.12(1). At the same location (at the centre of the model around z = 10
m), the true model perturbations show characteristics that are similar to the preconditioned
gradient: Ap™® oscillates around zero, while AVs™®€ is mostly on the positive side (see the
black arrow in Fig. 4.12(i)). Although the true model perturbations would not accurately
represent the Newton step, the similarity between Ap™ € (red line in Fig. 4.12(i)) and the
preconditioned gradient for p for the f) dataset (red line in Fig. 4.12(c)) permits one to
anticipate that the gradient for the f), dataset would more closely reflect Ap", compared
to the gradient for the f, dataset. On the other hand, the similarity between AVs™€ (blue
dashed line in Fig. 4.12(i)) and the preconditioned gradient for p for the f, dataset (blue
dashed line in Fig. 4.12(c)) suggests that the gradient is probably heavily contaminated by
AV;V . The use of the f, dataset offers the possibility to obtain the preconditioned gradient
for p with few artifacts due to AVSfV , and hence leads to a more accurate p model from 3D
FWL

We also investigate the parameter coupling in the preconditioned gradient for Vg (Sub-
section 4.7.2). Unlike the preconditioned gradient for p, the different force datasets do
not show significant differences in the parameter coupling. But the f; dataset can offer
higher-resolution Vs model than the f, dataset (see Subsection 4.7.2 for more details).

RESULTS AFTER ALL ITERATIONS

During the iterations in FWI, Vs and p are updated simultaneously, while Vp remains fixed
to the initial model (Fig. 4.10(d)); the data are not sensitive to Vp because of the very
long wavelength of P wave (~40 m) relative to the heterogeneous structure. Similar to 2D
SH-wave FWI, Qp, Qs and the source-time function are assumed to be known. To avoid
cycle skipping, we perform multi-scale inversion (Bunks et al., 1995), where we gradually
increase the maximum frequency for inversion (Table 4.3). We use four inversion stages;
the frequencies at each stage are selected such that they continuously cover the vertical
wavenumbers (Sirgue & Pratt, 2004).

When the convergence is achieved, the synthetic waveforms fit well with the observed
waveforms (red dashed lines in Fig. 4.11). A comparison of the p models (Figs 4.13(a)-
(c)) shows that use of the f) dataset gives a better resolution of the p values in the clay
layer than when the f, dataset is used (see green arrows in Fig. 4.13(a)-(c)). We indeed
see a sharp transition from the clay layer (third layer) to the sand layer (fourth layer) in
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Table 4.3: Monochromatic frequencies for multi-scale inversion.

Stage Monochromatic frequencies (Hz)
1 2.5,3.8,5.0,6.3,7.5, 8.8, 10.0
2 2.5,3.8,5.0,6.3,7.5,8.8,10.0, 11.3, 12.5, 13.8, 15.0, 16.3, 17.5, 18.8, 20.0
3 3.1,4.3,5.6,6.8,8.1,9.3, 10.6, 11.8, 13.1, 14.3, 15.6, 16.8, 18.1, 19.3, 20.6

21.8,23.1,24.3,25.6,27.0, 28.5, 30.0
4 24,3.6,49,6.1,74,8.6,9.9,11.1, 12.4,13.6, 14.9, 16.1, 17.4, 18.6, 19.9, 21.1
22.4,23.6,24.9,26.2,27.7,29.2,30.7, 32.4, 34.2, 36.0, 37.9, 40.0
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Figure 4.13: The reconstructed p models (a) when using an fz dataset, and (b) when using an fy dataset. (c) The
true p model. The green arrow shows the clay layer. (d) The comparison of 1D profiles for the two different
force-direction datasets at [x, y] =[13.5 m, 13.5 m].

case of the f) dataset. The 1D profiles at the centre of the model also illustrate that the
p estimates for the f) dataset are more accurate than that for the f, dataset, especially at
~10 m depth (see the black dashed line in Fig. 4.13(d)). This is probably because for the
[ dataset there is a relatively strong parameter coupling at around 10 m depth, while for
the f, dataset, the parameter coupling is rather weak, as demonstrated also in the previous
section. Furthermore, the use of the f; dataset in 3D FWI allows estimating the low p in
the peat layer more accurately than the use of the f, dataset (see the black solid arrow in
Fig. 4.13(d)).

Next, in order to examine the overall accuracy of the inverted p models for different
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Figure 4.14: The comparison of the histograms of D), for two different force-direction datasets.

force datasets, we define the rate of the model-error change as follows:

meITOI' — error
_ Mlest ini
Dy = i x 100, (4.14)
ini
where m{ " = [ Miye — Minil and mg®" = [Myrue — Mest| represent the model errors for the

initial model (mjyi) and for the estimated model (meg), respectively. Eq. 4.14 indicates
that D, is O at the beginning of the inversion (i.e., Mes = Mini), becomes a negative value
if meg; approaches the true value (i.e., mMyye), and becomes —100 if the model is perfectly
reconstructed (i.e., Megt = Mirue). On the other hand, D, becomes a positive number if the
model is updated in the opposite direction to the true value from the initial model.

To compare the overall trends of p estimates for f and f) datasets, we calculate grid
by grid D, using eq. 4.14. The result is shown in histograms in Fig. 4.14. For both f,
and f, datasets, we notice incorrect p updates in the opposite direction to the true model
(i.e., Dp > 0). This could be due to the presence of side-lobe in the vertical section of the p
model at the layer boundaries (note the surrounding of the peat layer in Fig. 4.13(d)), due
to the limited frequency bandwidth in our data, limited acquisition geometry (e.g., Virieux
& Operto, 2009; Y. E. Li & Demanet, 2016), and/or the convergence to the local minima.
Such side-lobe increases the model error over the whole model during the inversion as
shown in Subsection 4.8.2. Nonetheless, FWI using the horizontal-force sources provides
a meaningful p structure. In particular, the inversion improves the delineation of the main
geological structures, such as peat and sand layers, which are less clearly seen in the initial
model (compare between Fig. 4.10(f) and Fig. 4.13(b)). This structural improvement
is quantified using the image correlation as described in Subsection 4.8.2, which shows
a significant increase in the similarity between the true and the inverted models after the
convergence. This indicates that, despite localized side-lobe artifacts, the inversion resolves
the overall p structure. The comparison of the histograms of D, also illustrates that 3D
FWI applied to the f, dataset is beneficial for estimating the accurate p: there are correct p
updates for the f) dataset at many grid points (see the grids showing D, <0 in Fig. 4.14),
while the use of the f, dataset produces incorrect p updates at many points (see the grids
where 0 < D, <40 in Fig. 4.14).

For the noise-contaminated data, we note that the horizontal-force dataset has a lower
S/N ratio than the vertical-force dataset. Nevertheless, using the f), data gives much better p
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estimates compared to using the f, data. This suggests that horizontal-force data might be
more robust to noise in the context of p estimation compared to vertical-force data, which
is also found in Subsection 4.3.1.

Lastly, we compare the reconstructed Vs models using f; and f) datasets (Subsection
4.7.3). As opposed to p, their accuracy is not significantly different for the two force
directions, except for a slight difference in resolution (see Subsection 4.7.3 for more details).
The choice of the force directions of the seismic source does not significantly affect the
overall accuracy of the Vg estimates; however, small changes in accuracy can still be caused
by different resolution of the preconditioned gradient for Vs. The small improvement in
accuracy leads to a slightly higher correlation between the true and the estimated models
(see Subsection 4.8.2).

4.5. DiscussION

4.5.1. REASON BEHIND THE SUPERIORITY OF A HORIZONTAL-FORCE SOURCE
FOR DENSITY RECONSTRUCTION

In Section 4.4, the inversion study using two different near-surface synthetic models has
demonstrated that 3D FWI applied to a horizontal-force dataset gives more accurate p
distribution compared to that applied to a vertical-force dataset. There are two possible
reasons behind the superiority of a horizontal-force source over a vertical-force source:
parameter coupling between Vg and p is relatively weak and/or the observed data are
relatively more sensitive to p. Based on the results shown in this chapter, we conclude that
the different parameter-coupling effects contained in the preconditioned gradient can cause
the difference in the accuracy of the finally estimated p for each force direction. Given a
simple point-scatterer model, the comparison of the relative strengths between the update
and the contamination kernels has shown that the contamination in the preconditioned
gradient for p due to a Vs perturbation is less severe for a horizontal-force dataset than for
a vertical-force dataset (see Subsection 4.3.2). Such a benefit of using a horizontal-force
dataset has been demonstrated also for two realistic near-surface models, at least at the
first iteration (see Figs 4.6 and 4.12). In the context of the gradient-based inversion, the
less contaminated, preconditioned gradient at the first iteration can lead to a p value which
is close to the global minimum. This allows one to avoid falling into a local minimum
during the nonlinear inversion. This can offer finally more accurate p estimates after the
convergence. The other possible reason, i.e., the difference in sensitivity to p of datasets
of different-force directions, may have a rather small contribution to our results, because
the spatial variability of the sensitivity is scaled for each force dataset using the diagonal
elements of the approximate Hessian (see Subsection 4.7.1).

In a field application, however, the impact of different sensitivity to p for different
source-force directions may become more significant. In particular, the SH/Love configu-
ration exhibits stronger sensitivity to p perturbations than the SV/Rayleigh configuration,
resulting in more energetic scattered wavefields generated by p contrasts (see Section 4.3.1).
This enhanced sensitivity would make the SH/Love configuration more robust to noise
and modelling uncertainties, such as very low signal-to-noise ratio, inaccurate attenuation
parameters, and imperfect source modelling, which are generally common for field data.
Therefore, in practical applications, both the reduced parameter coupling and the increased
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sensitivity to p may contribute to the improved accuracy of p estimates that can be achieved
using horizontal-force datasets.

4.5.2. LIMITATION OF THE ANALYSES

Our findings on parameter coupling are based on numerical investigations. Results of
numerical investigations are influenced by the choice of the subsurface model, acquisition
geometry, inversion method, and parameterization (e.g., Kohn et al., 2012; Métivier et al.,
2015; Yang et al., 2016; W. Pan, Innanen, & Geng, 2018; W. Pan et al., 2019; Gao et al.,
2021). Inthis regard, we have considered seismic data in the scale of near-surface exploration
(i.e., several tens of meters in the horizontal direction and ~15 m in the vertical direction).
Such datasets are dominated by surface waves. The impact of parameterization (e.g., seismic
velocities versus impedances) on the parameter-coupling effect and the variation of this effect
depending on the force direction of the source remain still an open question. This needs to
be investigated in the future.

In this chapter, we have used the conventional square of I, norm (see eq. 4.1) for
the misfit function, in order to exploit the full-waveform information, including amplitude
variations. This amplitude-sensitive misfit function enables the inversion to make use of the
amplitude differences between the observed and the simulated data, resulting in derivation
of a more meaningful p structure through multi-parameter simultaneous FWI. In contrast,
misfit functions that are less sensitive to the amplitude variations (e.g., the GCN, as used
in Chapters 2, 3, and 5) might reduce the sensitivity to p, since density information is
primarily contained in the amplitude variations (Plonka et al., 2016). In such cases, the
inversion workflow needs to be designed carefully to stabilize the p reconstruction. In 2D
field application, we have achieved this by introducing the sequential inversion workflow
and deriving an accurate initial model from the geotechnical data (see Chapter 2). Besides,
our parameter-coupling analysis shown in Section 4.3.2 is performed only when using the
square of I, norm, since the formulation for the approximate Hessian in eq. 4.6 is derived
based on this misfit function.

For inversion, we have used the NCG method with a preconditioning filter of low
computational cost (Subsection 4.7.1). As mentioned in Section 4.1, other sophisticated
optimization approaches, which take the accurate Hessian into consideration (e.g., truncated
Newton method), can help reduce the parameter coupling (Métivier et al., 2015; Yang et al.,
2016; Gao et al., 2021), but they generally increase the computational cost dramatically.
Another approach, which may accurately estimate p, would exploit hierarchical inversion
(Jeong et al., 2012; Prieux et al., 2013; Ren & Liu, 2016): seismic velocities (i.e., Vp and
Vs) are updated with the fixed p at the first step, and then all parameters are simultaneously
inverted at the second step. This hierarchical approach was earlier tested using 2D FWI in
an exploration scale, and our results (Subsection 4.3.2) imply efficacy of this approach also
for 3D FWI at the near-surface scale. Since the Vs estimate has a small parameter-coupling
effect due to error in p (see, for instance, Fig. 4.4), Vs can be obtained in the first step with
reasonable accuracy, which can then be used to help reducing the parameter coupling for p
in the second step. Note, however, that the computational cost for this hierarchical approach
can be much greater than the simultaneous inversion, especially for 3D FWI. Our results
have demonstrated that the use of the horizontal-force datasets would enable one to obtain
accurate p estimates at a low cost using simultaneous inversion for both p and Vg, without



4.5. DiscUsSION 87

suffering from the strong parameter-coupling problem.

Also, the difference in the parameter coupling due to different wave types is not yet
well understood. Typical near-surface seismic data contain several prominent wave types —
surface waves and various body waves. Each wave type is scattered due to a perturbation
with different amplitude distribution, resulting in different parameter-coupling effect (e.g.,
W. Pan, Geng, & Innanen, 2018). In Subsection 4.3.1, for example, the scattering pattern
differs due to the different incident wave types (SV/Rayleigh waves or SH/Love waves)
produced by different force directions and recorded at different receiver components (see
Fig. 4.2). Besides, Rayleigh wave propagation involves elliptical motion, either in retrograde
or prograde sense, depending on its mode and depth. Gao et al. (2021) has shown that such
different motions associated with Rayleigh waves cause different scattering patterns. Thus,
the discussions in Section 4.3 are limited to the model considered in our numerical study. In
this regard, a horizontal-force source generates both Rayleigh and SV waves propagating with
a specific energy distribution over the whole model, which makes it difficult to evaluate the
effect of the depth of a point scatterer on parameter coupling. This means that the wave type
is crucial in order to estimate the extent of parameter coupling for a given subsurface model.
Our numerical investigations, however, have considered the net influence on parameter
coupling of all these wave types generated by a body force, and it is not possible to evaluate
the contribution of one particular wave type here. Addressing this problem might help
optimizing near-surface seismic acquisition. For instance, one may choose a combination
of source-receiver components or an arbitrary force direction in 3D for a source such that
the wave type with the smallest parameter coupling dominates the observed data. In order to
evaluate the contribution from each wave type to parameter-coupling effect, the theoretical
scattering pattern based on Born approximation for the surface waves as well as for the body
waves would be needed (e.g., Snieder, 1986).

In the analysis of the scattered wavefields (Subsection 4.3.1), we could not separately
evaluate the contributions of body waves and surface waves from the simulated wavefield
snapshots. This is because, for example, in the SH/Love configuration, Love waves originate
from the propagation of SH waves within the shallow, layered structure and exhibit similar
polarization and comparable propagation velocities to SH body waves. As a result, their
arrivals overlap significantly in both space and time, making it difficult to identify each wave
mode clearly in the total wavefield snapshots. This overlap is particularly pronounced in the
small-scale near-surface model and band-limited (< 40 Hz) seismic data, where the modal
separation is rather incomplete. Using higher-frequency data and/or applying wavefield
decomposition techniques could potentially allow clearer separation of these wave types.
This remains a topic for future investigation.

Finally, the FWI result can be improved by simultaneously and/or sequentially using
different force datasets during the inversion. An example can be that of a horizontal-
force dataset, which is not much influenced by parameter coupling; such a dataset can be
used to estimate reasonably accurate Vg and p at the first step, and then joint inversion
of horizontal-force and vertical-force datasets may enhance the result at the second step.
Furthermore, especially in the presence of significant lateral heterogeneity in the subsurface
(e.g., Subsection 4.4.2), using two orthogonal horizontal-force sources (e.g., fx and fy)
for the inversion can help improving the result: the use of the full wavefields produced by
the horizontal-force sources may reduce parameter coupling further. Such simultaneous or
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sequential inversion, however, increases the computation time greatly as the data volume
increases. To face such challenges, more cost-effective optimization approaches, like a
mini-batch method (e.g., van Leeuwen & Herrmann, 2012), might be of advantage.

4.5.3. PRACTICAL CONSIDERATIONS FOR HORIZONTAL-FORCE SOURCES

We have shown the benefit of using a seismic dataset with a horizontal-force source in 3D
FWTI for density. However, in the current practice of near-surface seismic investigations, use
of a horizontal-force source is less common than a vertical-force source. One reason is that
generating efficiently horizontally polarized seismic wave is more difficult from a practical
point of view. The slipping of the friction plate is a well-known problem for traditional
horizontal-force (shear-wave) sources. This makes it difficult to generate a comparably
large force as a vertical-force source, which results in reduction of the investigation depth.
Attenuation of shorter-wavelength S waves in the low-velocity formations is further respon-
sible for lower S/N ratio at a given depth, compared to P waves that enrich preferentially
the vertical-force data. In the recent decades, however, shear-wave vibrators with small
footprints have become more accessible for subsurface investigation in the near-surface ex-
ploration scale (e.g., Ghose et al., 1996; Ghose & Goudswaard, 2004; Drijkoningen et al.,
2006; Krawczyk et al., 2013; Burschil et al., 2022). Such vibrators can help generate a
stable source signal with a relatively large frequency bandwidth, which should alleviate the
cycle-skipping issue and increase source repeatability. Another possible effective source
is an inclined impact source such as the Galperin source (H&usler et al., 2018) which has
been developed for multi-component seismic data acquisition in the near-surface scale. This
source can help improve the source coupling with the ground by mitigating the slipping of
the friction plate. Although horizontal-component records with a high S/N ratio (produced
by a strong seismic source) are crucial for the success of 3D FWI applied to a horizontal-
force dataset (see e.g., Fig. 4.11), such datasets might be more noisy at high frequencies
in the horizontal components than in the vertical-component records. This is due to the
difficulty in achieving adequate receiver coupling with the ground over a large frequency
bandwidth (Krohn, 1984). Further verification of the conclusions drawn in this chapter will
be carried out in the next chapter through field studies involving three-component sources
and receivers.

4.6. CONCLUSIONS

In this chapter, we looked into the performance of gradient-based 3D FWI applied to vertical-
force and horizontal-force seismic datasets, in order to estimate the 3D subsoil density
distribution. We investigated three important factors viz. noise robustness, parameter
coupling, and resolution, through numerical tests. We simulated realistic near-surface
seismic data dominated by surface waves.

Our investigations using the scattered wavefield due to a point-localized density pertur-
bation showed that the wavefield energy for a horizontal-force source is larger than that for a
vertical-force source. This contributes to robustness with respect to noise of 3D FWI using
a horizontal-force dataset, for estimating the subsurface density distribution. Furthermore,
our investigation on the update and the contamination kernels for a point-scatterer model
indicated that the use of a horizontal-force dataset allows reconstructing the high-resolution,
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preconditioned gradient for density with a relatively small parameter coupling. This is
beneficial for estimating density at a low computational cost using a gradient-based FWI.
Finally, inversion studies for two different near-surface models demonstrated that 3D FWI
using a horizontal-force dataset can reconstruct the density distribution more accurately than
that using a vertical-force dataset. A horizontal-force source is suitable for obtaining 3D
subsoil density distribution through FWI, without a heavy computational burden. The sub-
soil density variability obtained from 3D FWI will be useful in many important applications
in the near-surface scale.

4.7. APPENDIX

4.7.1. PRECONDITIONING FILTER BASED ON DIAGONAL HESSIAN

We use the diagonal elements of the approximate Hessian (HY,, in eq. 4.6) for the
preconditioning filter P, in eq. 4.3. The diagonal Hessian is calculated by cross-correlation
of the Jacobian with respect to a certain parameter class m (i.e., Ousyn/0m). Since a whole
model is divided into grid points, Hf,,,, can be written in the N x N matrix form, where N is
the number of grids. Here, the diagonal elements of HY,,, (i.e., diag(H%,,)) represent the
cross-correlation between the Jacobians at the same grid, while the off-diagonal elements
represent the spatial cross-correlation between the Jacobians at different grids. Since HY,,,
is typically assumed to be diagonally dominant and banded due to the finite-frequency effect
(Pratt et al., 1998), diag(H%,,) or its approximated form (e.g., pseudo-Hessian) has been
commonly used for the preconditioning filter (e.g., Shin et al., 2001; Ravaut et al., 2004;
Operto et al., 2004, 2006). In this research, we follow the approach of Butzer (2015), where
the inverse of diag(H%,,) is used for P, as follows:

Py = (diag(H%,,) +em) ™), (4.15)

where the stabilization factor (i.e., £,,) is introduced to avoid the division by the very small
values of diag(Hy,,,).

Using the preconditioning filter (eq. 4.15), one can compensate for the effect of geomet-
rical spreading. Since the gradient (V,,E) is calculated based on the adjoint-state method
(Plessix, 20006) using the wavefield affected by geometrical spreading, V,,E has limited
spatial distribution of the amplitudes. In the near-surface exploration scale, this indicates
that the amplitudes of V,, E are concentrated around the free surface due to the dominance
of the surface waves in the observed seismic data. Thus, without a preconditioning filter,
the model around the free surface is preferentially updated during the inversion, which leads
to a slow convergence (e.g., Nuber et al., 2015; Yan et al., 2020). Since diag(H%,,) is
calculated using the Jacobian which includes the effect of geometrical spreading, its spatial
amplitude distribution (energy) is concentrated near the free surface. Therefore, by using
the inverse of diag(H},,,) as a preconditioning filter, one can compensate for the limited
spatial amplitude distribution of V,, E. This makes it possible to uniformly update the whole
model from the shallow to the deep parts, resulting in a fast convergence.

There is another advantage of using the diagonal Hessian as a preconditioning filter. In
multi-parameter FWI, it is necessary to estimate a suitable scaling factor for each parameter
class in compensating for the amplitude distribution of V,, E. This is because the Jacobian
or the radiation pattern of the wavefield scattered due to a model perturbation differs for the
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different parameter classes (e.g., Virieux & Operto, 2009; Operto et al., 2013; Gao et al.,
2021). In this research, we calculate the diagonal Hessian for each parameter class. The
preconditioning filter, therefore, automatically balances the spatial energy of the gradient
for each parameter class.

Finally, in order to calculate the exact diag(HY,,), the Green’s functions associated
with each receiver position and each receiver component are required: we need to carry out
N, x N, simulations for each iteration, where N, is the number of receivers and N, is the
number of receiver components. Unfortunately, the computational cost for this simulation
is prohibitively expensive. Therefore, to reduce the computational burden, we calculate the
receiver-side Green’s function only for a specific receiver component corresponding to a
force component. Moreover, P, is calculated at the first iteration and kept constant for the
rest of iterations (e.g., Operto et al., 2006; Butzer, 2015), which results in the additional
reduction of the computational cost.

4.7.2. PARAMETER-COUPLING ANALYSIS FOR VS USING A REALISTIC SUBSOIL
MODEL

As in Subsection 4.4.2, we investigate here the parameter coupling in the preconditioned

gradient for Vs. We consider the following equation:

- ! Vi, E =~ s Hi) AVY
diag (H“}SVS) +eyg diag(H“}SVs) + ey,
. diag (Hﬁsvs) AvY 4.16)
diag(H{ﬁsVs) + ey,
N diag(Hf}Sp) ApN,

diag(H“}sVs) + €y,

where di ag(H"}SVS) + ey, represents the preconditioning filter for Vg (Pyg in eq. 4.9). We

compare the coupling coefficients of Vg (i.e., diag(H“}sp) / (diag(H“}sVs) +evs)) for the
different force datasets (Figs 4.15(d)-(f)).

The coupling coefficients of Vs show extremely small values (~ 1072) below 2 m depth
(Figs 4.15(d)-(f)). Note that the value is much smaller than the coefficient for AVéV (=1).
This indicates that the effect of Ap”Y on the preconditioned gradients for Vg is 1072 smaller
than that of AVSN : the preconditioned gradients for Vg are not significantly contaminated by
the artifacts due to Ap", regardless of the force directions.

Below z = 5 m at the centre of the model, the gradient values for Vs for the f, dataset
are mostly positive (blue dashed line in Fig. 4.15(c)), which is similar to the gradient
values for p (see the blue dashed line in Fig. 4.12(c)). Although the overall trends for
the gradient for the f) dataset is characterized by an oscillatory nature, one can recognize
the large positive value around 11 m depth (see the red line and the black arrow in Fig.
4.15(c)). The true model differences (AVs™ ¢ and Ap'™€) show the oscillation of Ap™U¢
around zero and large positive values for AVs'™€ below z = 5 m (see the black arrow in Fig.
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Figure 4.15: (a)-(c) The preconditioned gradients for Vg and (d)-(f) the coupling coefficients of Vg for different
force datasets at the first iteration of the stage 1 shown in Table 4.3. (g)-(i) The differences between true and
initial models for Vg and p.
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Figure 4.16: The reconstructed Vs models (a) when using an f dataset, and (b) when using an fy dataset. (c)
The true Vg model. The green arrow shows the clay layer. (d) The comparison of 1D profiles for the different
force datasets at [x, y] =[13.5 m, 13.5 m].

4.15(1)). Thus, the large positive values of the gradient around 11 m depth for both force-
direction datasets (Fig. 4.15(c)) indicate that the preconditioned gradients for Vg reflect
the direction along AVSN without significant artifacts due to Ap’V. Besides, the oscillatory
nature of the preconditioned gradient for the f, dataset suggests the possibility of achieving
higher-resolution images than with the f, dataset (Figs 4.15(a)-(c)), which is discussed in
Subsection 4.3.3.

4.7.3. INVERSION RESULTS FOR Vg USING A REALISTIC SUBSOIL MODEL
Similar to p (Subsection 4.4.2), we compare the reconstructed Vg models using f, and
fy datasets (Figs 4.16(a) and (b)) with the true Vs model (Fig. 4.16(c)). Both inversions
successfully reconstruct the overall Vg structure. However, the results for the f, dataset
show a few artifacts in the clay layer (see green dashed circles in Fig. 4.16(a)), while using
the f) dataset does not produce such artifacts in the same layer (see green dashed circles in
Fig. 4.16(b)).

The comparison of 1D profiles illustrates better Vs estimates for the f), dataset in the
peat layer than for the f, dataset (see the solid black arrow in Fig. 4.16(d)). Additionally,
there is a larger oscillation in the clay layer when using the f, dataset than using the f;
dataset (see the black dashed arrow in Fig. 4.16(d)). These differences reflect difference in
resolution capabilities of the preconditioned gradient for the two different source directions,
as discussed in Subsection 4.7.2.

We calculate the histograms of Dy; (eq. 4.14) for f, and f, datasets (Fig. 4.17). Unlike
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Figure 4.17: The comparison of the histograms of Dy for two different force-direction datasets.

for p (Fig. 4.14), one cannot recognize any significant difference among the overall trends of
Dy for the different force-direction datasets. In other words, an almost identical Vs model
is estimated for all different force directions of the seismic source.

These results demonstrate that the choice of the force direction does not significantly
affect the overall accuracy of the Vg estimates; such a choice might cause only a small
difference in the accuracy due to different resolution of the preconditioned gradient for V.

4.8. SUPPLEMENTARY MATERIAL

4.8.1. FWI RESULTS USING AN [y DATASET FOR A REALISTIC SUBSOIL MODEL
The inversion test in Subsection 4.4.2 has demonstrated that 3D FWI applied to a horizontal-
force dataset ( fy) can reconstruct more accurate p distribution than applied to a vertical-force
dataset (f3), given a subsoil model that has been built based on the actual measured data.
However, use of a horizontal-force source in the different direction (i.e., fy) may give
different p estimates from when using an f}, source. This is because the realistic model that
we have used for the inversion test contains a laterally heterogeneous structure (see Figs
4.10(a)-(c)). Furthermore, the accuracy of the initial model, which has been constructed by
2D SH FWI for the f, dataset, differs spatially (see Figs 4.10(d)-(f)). In this section, we
perform 3D FWI for an f dataset to compare with 3D FWI applied to an f, dataset in terms
of the accuracy of p estimates, as demonstrated for an f, dataset in Subsection 4.4.2.

The example of the simulated data using the fy source is shown in Fig. 4.18. We add
random noise to the dataset as explained in Subsection 4.4.2, which results in a similar S/N
ratio to the f, dataset: the S/N ratio in the x-component data (vy) at the farthest source-
receiver offset (28.3 m) is ~8. Waveforms similar to those in case of an f} source can be
observed (see Fig. 4.18): the horizontal-component records have much more energy than
the vertical-component records, and the reflected arrival from the lower boundary of the
peat layer is clearly visible.

For the inversion, we use the same initial model and inversion steps as in Subsection
4.4.2. After the convergence, the simulated waveforms match well with the observed
waveforms (red dashed lines in Fig. 4.18). A comparison of the p models shows that the
use of the fy data offers better p estimates than when using the f, data (Fig. 4.19). For
example, the sharp boundary between the clay (third layer denoted by the green arrows in
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Figure 4.18: The example of the fy pseudo-seismic data calculated for the model shown in Figs 10(a)-(c) aty =
3.5 m. The source is located at [X, y] = [3.5 m, 13.5 m]. For visualization, each trace is normalized by the
maximum amplitude of vy records.

Figs 4.19(a)-(c)) and sand (fourth layer) layers can be well-recognized in case of the fx
dataset. The 1D profiles at the centre of the model also illustrate that p estimates for the f;
data are much closer to the true values, for instance, at around 5 m and 10 m depths (black
solid and dashed lines in Fig. 4.19(d)). Next, we calculate the histograms of D, (eq. 4.14)
in order to compare the overall accuracy of p estimates between using f, and f, datasets.
For the f, data, there are significantly more correct updates than for the f, data (see the
grid showing D, < 0 in Fig. 4.20). These results show that using horizontal-force sources
oriented either in x- or y-direction enables one to obtain more accurate p distribution than
when using vertical-force sources, given a realistic subsoil model.

We also compare the reconstructed Vg estimates for the fy and f, datasets. Similar to the
comparison between using fy and f, datasets (see Subsection 4.7.3), the overall Vg structure
is well reconstructed for both datasets, while there are fewer artifacts in the clay layer for
the fy dataset than for the f, dataset (see the green circles in Fig. 4.21). The comparison
of 1D profiles also illustrates that using the fy data leads to more accurate Vs values in the
peat layer than using the f, data (see the black arrow in Fig. 4.21). Lastly, we compare the
histograms of Dy, (eq. 4.14) for both datasets (Fig. 4.22). Reflecting the differences in
the accuracy of Vg estimates as described above, one can see many more grids having Dy,
close to -100 (i.e., megt = Myrye) for the fy data than for the f, data (see the grids where
-100< Dy, <-60 in Fig. 4.22).

4.8.2. IN-DEPTH EVALUATION OF THE ESTIMATED DENSITY

In this section, we investigate in detail the accuracy of p estimates for different force
directions (i.e., fx, fy, and fZ). In order to evaluate the performance of 3D FWI applied to
different force-direction datasets, we first calculate the model error m{y°" = | Myryue — Mest 12,
where mye and meg are the true and estimated models, respectively (Fig. 4.23(a)). The
evolution curves of the model error with iteration show that the use of the horizontal-force
sources (red and blue lines in Fig. 4.23(a)) gives less erroneous p than the use of the vertical-

force sources (black lines in Fig. 4.23(a)). The model error m5°", however, gets worse with
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Figure 4.19: The reconstructed p models (a) when using an f dataset, and (b) when using an fy dataset. (c) The
true p model. The green arrows show the clay layer. (d) The comparison of 1D profiles for two different
force-direction datasets at [x, y] =[13.5 m, 13.5 m].
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Figure 4.20: The comparison of the histograms of D, for two different force-direction datasets.

iteration, even when using a horizontal-force source. In order to appreciate the reason for
this, we visualize the spatial distribution of D, (eq. 4.14) for the f), data. From a comparison
between the distribution and 1D profiles shown in Fig. 4.24, we notice that the grids having
incorrect updates (D, > 0) concentrate in the surrounding of the peat layer (see the black
lines in Fig. 4.24), while there are many correct updates at other grids. This observation is
supported by the histogram of D,, for the f) dataset, illustrating many grids showing correct
updates (see Fig. 4.14). The incorrect p updates at the layer boundary could be the side-lobe
in the vertical section of the p model resulting from the limited frequency bandwidth in
our data, and the limited acquisition geometry (e.g., Virieux & Operto, 2009; Y. E. Li &
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Figure 4.21: The reconstructed Vg models (a) when using an f, dataset, and (b) when using an fy dataset. (c)

The true Vg model. The green arrows show the clay layer. (d) The comparison of 1D profiles for the different
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Figure 4.22: The comparison of the histograms of Dy for two different force-direction datasets.

Demanet, 2016). Such side-lobe might be caused by the drastic change in p values between
the clay (~1700 kg/m?) and peat (~1100 kg/m®) layers present in our realistic model. Except
the side-lobe mentioned above, 3D FWI applied to the horizontal-force data reconstructs
the high-resolution layered p structure: the lower boundary of the pear layer and the upper
boundary of the sand layer are more clearly visible compared to the initial model (see the
green circles in Fig. 4.24). We quantify how the layered p structure is improved during the
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inversion by calculating the image correlation defined as follows (Dagnino et al., 2014):

_ > (mtrue - mtrue) (mest - mest)
Mcorr = > > (4.17)
\/Z (mtrue - mtrue) > (mest - mest)

where M and Mieg; are the mean values for the true and the estimated models, respectively.
A comparison of the evolution curve of the image correlation (Fig. 4.23(b)) demonstrates
that 3D FWI for the horizontal-force dataset (fx or f,) reconstructs the p structure that
correlates strongly with the true model (m¢orr ~0.7), while p from 3D FWI for the vertical-
force dataset has a lower image correlation (#1corr ~0.6).

Finally, we also evaluate the accuracy of the estimated V; for different force datasets using
m{5°" and mcorr. As opposed to p, the accuracy of the Vs estimates is significantly improved
with iteration regardless of the force directions (Fig. 4.25(a)). Nevertheless, the use of the
horizontal-force sources gives slightly higher correlation between the true and the estimated
models compared to the use of the vertical-force sources (see Fig. 4.25(b)), reflecting better
Vs estimates at some locations as described in Subsection 4.7.3 and Subsection 4.8.1.



3D FWI FOR SUBSOIL DENSITY:
CONSIDERATIONS FOR THE FORCE
DIRECTION OF THE SEISMIC
SOURCE

FWI applied to seismic data is an effective approach for retrieving 3D spatial variability of
Vp, Vs, and p in soil. In Chapter 4 of this thesis, we have illustrated on synthetic data that
the use of horizontal-force seismic sources reduces the parameter-coupling effect between
Vs and p, enabling relatively accurate reconstruction of p. In this chapter, we show on
field data the benefits of using horizontal-force sources in case of 3D FWI. We examine the
accuracy of the inverted Vs and p estimates using datasets corresponding to three different
force-directions for the seismic source, namely vertical-force source and two cross-polarized
horizontal-force sources. From the inversion of field data and from numerical investigations,
we identify a major challenge especially when using inline horizontal-receiver data due to
inline horizontal-force seismic sources: large misfit values are found between the observed
and the simulated waveforms for a given initial model. This is due to the presence of the
leaky wave, which is pronounced only in the simulated data and not in the field data. A
reason behind the abundance of leaky wave in the simulated data was not investigated
earlier. We find that 3D FWI can reconstruct the subsurface model reasonably well when
we selectively use specific combinations for seismic source and receiver components that do
not produce much leaky wave in the synthetic data. For horizontal-force sources, we utilize
the crossline component source-receiver combination, where SH/Love wavefield is more
enriched. For the vertical-force source, only vertical receiver data provide good results in
FWI. A comparison of 3D FWI results for each force-direction data illustrates that the use of
the horizontal-force data resolves both Vs and p with a better agreement with independent
field and laboratory geotechnical measurements and density logging data, than using the
vertical-force data. In particular for p, its spatial variability can be obtained only when we
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make use of the horizontal-force seismic sources. This is probably due to the fact that the
corresponding misfit function has a relatively higher sensitivity to p. Moreover, because
of using selectively the SH/Love-wave-dominated data, the misfit is not much influenced
by changes or uncertainties in Vp, making the inversion effectively focused on Vs and p
estimation. Finally, we explore the possibility of further improving the FWI results by using
two cross-polarized horizontal-force sources. Compared to FWI using single-component
horizontal-force source data, FWI using jointly data of two cross-polarized horizontal
sources enables avoiding local artifacts in both Vs and p images. Also, a finer p structure
can be retrieved by such joint inversion, facilitating interpretation of subsoil structure that
aligns better with the CPT data. Our research demonstrates that robust reconstruction of
the 3D spatial variability of Vs and p in soils is possible by means of 3D FWI, if we focus on
SH/Love-wave-dominated data recorded by horizontal receiver components and generated
by two cross-polarized, horizontal-force seismic sources.

5.1. INTRODUCTION

Vs, p, and their 3D spatial variation are critically important in many geotechnical site eval-
uations such as soil characterization, assessing structural support, and urban planning. An
accurate estimation of Vg and p is possible, for example, by geophysical logging performed
in a borehole or by laboratory tests on soil samples collected in boreholes. However, these
methods are time-consuming and expensive. It is also impractical to try to capture lateral
variability in soil through geotechnical tests done at many locations in the field. Instead,
one commonly relies on seismic surveys to capture lateral variability in the elastic param-
eters that link with many geotechnical properties of the soil. Near-surface seismic data
are generally dominated by dispersive surface waves which are sensitive to Vs distribution.
Dispersion-curve-inversion methods are conventionally used to estimate the spatial distri-
bution of Vg in 2D (e.g., Park et al., 1999; Xia et al., 1999) or 3D (e.g., Y. Pan et al., 2016,
2018). However, such an inversion approach is based on 1D assumption on Vg variability.
This limits the achievable lateral resolution. Also, surface wave dispersion curves are not
much sensitive to p (Xia et al., 1999; Foti & Strobbia, 2002), leading to a difficulty in
estimating the spatially varying p.

In recent years, a rapid increase in computation power has made 3D FWI feasible in the
scale of near-surface soil investigation. 3D FWI can generate an image of the distribution
of elastic properties in the unconsolidated soils in the depth range as shallow as 0-20 m, but
also for greater depths (e.g., Smith et al., 2019; Tran et al., 2019; Y. Pan et al., 2021; Teodor
et al., 2021; Irnaka et al., 2022; Mirzanejad et al., 2022). However, most of these earlier
studies have focused on imaging seismic velocities (Vp and V), while the reconstruction of
p through 3D FWI remains challenging. Also, in these previous studies, seismic vertical-
receiver data due to vertical-force seismic sources are generally used in FWI. There are only
a few prior attempts of FWI using horizontal-component receiver data (Y. Pan et al., 2021;
Irnaka et al., 2022; Irnaka, 2022). The advantages of using horizontal-component seismic
sources in 3D FWI are not yet well investigated.

In 2D FWI, SH/Love waves generated by a crossline horizontal-force source have been
found to be beneficial for simultaneously resolving Vs and p with a high resolution (Dokter
et al., 2017; Wittkamp et al., 2018, Chapter 2 of this thesis). More recently, both synthetic
and field applications have shown that a horizontal-force seismic source also contributes
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to accurate model building by 3D FWI. Kawasaki et al. (2024) have performed numerical
investigations using a realistic, shallow subsoil model, and have investigated the difference
in the accuracy of p estimates when vertical- and horizontal-force seismic sources are used
(Chapter 4). It is found that horizontal-force seismic data have favourable characteristics
for resolving relatively high-resolution distribution of p without severe parameter coupling.
However, the advantages of horizontal-force seismic sources in 3D FWTI still need to be
examined on field-seismic data.

In this chapter, we explore 3D FWI results using different source-force-direction field
datasets, aiming to estimate the spatial variability of Vs and p. The field tests focus on three-
component seismic sources, namely the vertical-force source and the two cross-polarized
horizontal-force sources. The accuracy of the FWI results is checked through comparison
with independent Vs and p measurements carried out in boreholes at the same field. In
the following, we first illustrate on field data a major difficulty that we recognize when
horizontal-force-source data are used in FWI. In this case, it is difficult to achieve a good
fit in seismic waveforms between the simulated and the observed data. We propose a
practical approach to overcome this challenge. We then demonstrate how using horizontal-
force sources can be beneficial for a successful imaging of Vs and p. Finally, we examine
the potential benefits in FWI of combining data from two cross-polarized horizontal-force
sources, compared to using a single horizontal-force source.

5.2. METHODOLOGY: 3D FWI USING A SINGLE SOURCE COMPO-

NENT AND THE [y + f, SOURCE COMBINATION

We perform 3D FWI for each force-direction source dataset using the time-frequency ap-
proach as presented in Chapter 4 (see Section 4.2.1 for details): the seismic wavefield is
simulated by a finite-difference time-domain method, while the gradient of the misfit func-
tion is calculated in the frequency domain. We use the GCN to measure the difference
between the observed and the simulated seismograms (see eq. 2.1). The GCN ensures that
the far-offset data and the near-offset data contribute equally to the inversion by maximizing
the cross-correlation between the normalized observed and synthetic seismic waveforms
(see also Section 2.2.1). This characteristic is preferable to address our dataset which shows
high anelastic attenuation (Qg ~5, see Section 2.3.4). To simulate ¥ in eq. 2.1, we
consider for the source seismic body forces — fy, fy, and f, — directed respectively in x-, y-,
and z-axis in the Cartesian coordinate system. Here, the horizontal axes (x and y) represent
the directions in which we apply the force at the two cross-polarized, horizontal seismic
sources.

In addition to the use of a single-component horizontal source, we perform a joint
inversion combining in FWI data from two cross-polarized horizontal-force sources (i.e.,
fx+ fy). In this case, the misfit function Ey, | £ is calculated as follows:

Efx+fy:Efx+Efy’ 5.1

where Ey, and Ey, represent the misfit functions for the fy and the f, source datasets,
respectively. In this context, note that there could be a distinct difference in energy between
fx and f) source-generated wavefields. This difference can be present in the field data,
for example, due to different ground coupling for different source-force directions. Such a
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difference will manifest also in the FWI results. However, any difference in the wavefield
energy between source-force directions will not necessarily mean a difference in the amount
of subsurface information present in the datasets. To ensure a similar contribution from
both datasets to the inversion, it is important to normalize the misfit functions for each
source-type data (i.e., Ey, and Ef,) by their observed wavefield energy (e.g., Wittkamp
etal., 2018). In our research, this is achieved by employing the GCN, in which the observed
and the simulated seismograms are normalized by their energy (see eq. 2.1).

5.3. DATA AcQuisiTION AND 3D FWI SETTINGS

We acquire 3D seismic data at a soft soil site in the northern part of the Netherlands to
estimate the spatial distribution of Vg and p through FWI. To examine the accuracy of the
subsurface model derived from FWI, we obtain independent geotechnical data from multiple
locations covering the test site.

5.3.1. SEISMIC DATA ACQUISITION

We conduct a seismic survey using an isotropic configuration for data acquisition, employing
a receiver array of 50 mx50 m (Fig. 5.1). This survey is performed in the same field as
the 2D SH seismic survey; the 2D line is shown by the green line in Fig. 5.1 (see Chapters
2 and 3 for the 2D survey). Seismic signal is generated independently in x, y, and z
directions (i.e., fx, fy, fz) at every source point in the field. The electric linear-motor-
system (LMS) vibrator of Seismic Mechatronics in vertical and horizontal modes is used as
vertical- and horizontal-force sources, respectively (Noorlandt et al., 2015). 3C geophone
nodes (676x3=2028 receiver channels) are used in 3D data acquisition. The parameters for
seismic data acquisition are listed in Table 5.1. Although the vibroseis dataset acquired in
the field corresponds to a 4-300 Hz sweep, the maximum frequency used in FWI is limited to
only 25 Hz for two main reasons. Firstly and most importantly, restriction of the maximum
frequency to 25 Hz is necessary to avoid acquisition footprints which occur due to spatial
aliasing (of the higher frequencies) caused by the coarse (8 m) source spacing in our field
acquisition (due to restricted time and resources). The acquisition footprints increase with
increasing higher frequencies in the inversion (see Section 5.6.3 for details). Secondly, for
3D FWI use of relatively higher frequencies increases the computation time dramatically.
This is because, while in 2D FWI the computation time increases with the square of the
frequency, in 3D FWI computation time increases with the cube of the frequency. These
are the two main reasons why the highest frequency used in 3D FWI of our field data is
restricted to such a low value (25 Hz). This has, as expected, resulted into rather low
resolution in our FWI results. Nonetheless, it is possible to make a relative evaluation of the
FWI results for different source-force-direction datasets by using the same frequency band
always. Independent geotechnical tests and downhole logging are performed by Fugro,
and they include CPTs, Vs measurements from SCPTs, p measurements from gamma-
gamma density logging carried out in two drilled boreholes (BH1 and BH2), and laboratory
experiments on undisturbed soil samples collected in all six boreholes (BH1-BH6). We
refer the reader to Fig. 2.3, where example of SCPT data and density measurements at the
centre of the seismic patch (BH2) are shown.



5.3. DATA AcQUISITION AND 3D FWI SETTINGS 103

e Source
OF e Receiver
== 2D SH seimsic line
{Chap.2&3
X scPT
20t RRAINENLR | ) Density logging &
HEHH density measurements on soil samples
o Density measurements on soil samples only
H
40} i
— -> I
£ 3 !!: H
>
60 BH4 (Chapters 2 & 3)
H 144 4444
80
100
0 20 40 60 80 100
o
Figure 5.1: Acquisition geometry for the seismic survey. The locations of the geotechnical tests (SCPT and

density measurements on soil samples in laboratory) and density logging are also shown. The black arrow marks
the 2D seismic line which is used for the investigation of the leaky wave mode (see Section 5.4).

Table 5.1: Parameters for seismic data acquisition.

Parameter Details
Source Electrical linear-motor-driven vibrator
Source points 49 3C sources/ fx, fy, [z
Source signal sweep length: 20 s / sweep frequency: 4-300 Hz / record length: 22 s
Source spacing 8m
Source stack count 4
Receiver array 26x26=676 3C cable-free, nodal geophones / vy, vy, vz
3C geophone nodes GSX-3 (Geospace Technologies)
Receiver natural frequency S5Hz
Receiver spacing 2m
Time sampling interval 0.5 ms (fnyquist = 1000 Hz)

5.3.2. 3D FWI seTTINGS

A good initial model is needed for a successful FWI, avoiding falling into the local minima.
Following the initial model-building strategy discussed in Chapter 2, we use 1D initial
models. These initial models are the highly smoothed versions of the SCPT-derived Vg and
the density-log-derived p at BH2 (see Fig. 5.2). The goodness of these initial models is
shown in Section 2.3.3 for the case of 2D SH-wave FWI. Vp is calculated from Vg using an
empirical relationship between the two under the assumption of fully water-saturated soil
(Kitsunezaki et al., 1990). The water table is indeed observed at our test site at only ~1.3 m
depth. The dominant wavelength of S wave is ~8 m considering a frequency of 25 Hz. To
account for anelastic attenuation, we perform viscoelastic simulations assuming Qg = 5 over
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Figure 5.2: 1D initial model used for FWI.

Table 5.2: Monochromatic frequencies used for multi-scale inversion.

Stage Monochromatic frequencies (Hz)
1 5.8,6.8,7.8,8.8,9.8,10.8,11.8, 12.8, 13.8, 15.0
2 6.2,7.2,8.2,9.2,10.2,11,2,12.2,13.2, 14.3, 15.5, 16.8, 18.2, 19.7, 21.3, 23.1, 25.0

the whole model space; this Qg value is estimated on 2D SH data by using a grid search and
the amplitude of the observed Love wave (see Section 2.3.4). We further assume Qp = Qs
as in Mirzanejad et al. (2022).

We invert for Vs and p, while Vp and attenuation parameters (Qp and Qg) are kept
fixed during the inversion. To address the cycle-skipping issue, the multi-scale inversion
is performed by gradually increasing the maximum frequency used for inversion (Bunks
et al.,, 1995). We consider two frequency stages that consist of different monochromatic-
frequency combinations for the calculation of the gradient of the misfit function (Table 5.2).
These frequencies are selected to cover continuously the vertical wavenumbers following
the approach of Sirgue and Pratt (2004). Furthermore, we adopt a sequential inversion
workflow which is built in Chapter 2. This workflow allows a relatively accurate estimation
of p owing to the reduced coupling between Vs and p (see Section 2.4.1 and Fig. 2.1 for
details). This workflow is applied in each frequency stage. The inversion at each stage is
stopped when two consecutive iterations do not change the misfit by more than 1%. The
source time function is estimated at the first iteration step using a stabilized deconvolution
technique (Groos et al., 2014), and then it is fixed during the same frequency stage.

For preconditioning, we apply a circular taper to the gradient around the shot positions
and balance the spatial amplitude distribution of the gradient by applying a wavefield-
energy-based filter (Zhang et al., 2012). We also apply a Gaussian smoothing filter to the
gradient for damping artifacts below the FWI resolution limit. We set its vertical width (i.e.,
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40 of a Gaussian function) to half the dominant wavelength (Ravaut et al., 2004). On the
other hand, we also need to use a filter having horizontal width of 1.5x and 2x dominant
wavelength for Stage 1 and Stage 2, respectively. This helps to avoid the deterioration of
the FWI result due to acquisition footprint appearing severely in the lateral direction (see
Section 5.6.3 for details), though at the expense of resolution.

For successful 3D FWI, we use only a part of the dataset acquired in the field. This will
be discussed in the following section.

5.4. CHALLENGES IN 3D FWI WITH HORIZONTAL-FORCE SOURCES:

INFLUENCE OF LEAKY WAVES

In 3D FWI, we find substantial initial misfits between the observed and the simulated
seismograms, especially when inline horizontal-force sources and inline horizontal receivers
are used. This issue is critical, because it can lead to cycle-skipping unless the inversion
starts with very low frequency band. In our case, the inversion was initiated using the lowest
frequencies available, yet the problem still occurs. This means that simply lowering the
starting frequency is not a feasible solution. In this section, we investigate the cause of the
problem and possible solution through numerical simulations.

5.4.1. LARGE INITIAL MISFITS CAUSED BY LEAKY WAVES

We first perform multi-scale inversion of the inline horizontal receiver data due to the inline
horizontal-force source starting with an initial model shown in Fig. 5.2. However, the
inversion fails to reduce sufficiently the misfits after updating Vs and p. To investigate the
cause of this failure, we closely examine the data. We find that a part of the seismic data
has a large initial deviation between observed and simulated traces. We show an example
of such large initial misfits in Fig. 5.3, focusing on a 2D seismic line at y = 45 m (see
black arrow in Fig. 5.1). Fig. 5.3(a) shows the observed inline horizontal-receiver seismic
traces (vy) due to the inline horizontal-force source (fy) at (X, y) = (22 m, 46 m). We
also calculate the simulated data using the initial model (Fig. 5.2) for a comparison (Fig.
5.3(b)). Although the shot position is deviated from the receiver line 1 m in the y-direction,
this deviation is much smaller than the dominant wavelength (~8 m). We anticipate that
P-SV/Rayleigh mode dominates the seismic records shown here. In both observed and
simulated seismograms, one can observe a seismic wave with similar propagation velocity,
especially at the far offsets (see black arrows in Figs 5.3(a) and (b)). The simulated data,
however, are dominated by a seismic wave mode propagating with a much higher apparent
velocity (see green arrow in Fig. 5.3(b)). This fast-propagating wave is not visible in the
observed data, resulting in the undesirable large misfits between observed and simulated
data.

To further examine the fast-propagating seismic wave mode in the simulated data, we
estimate the dispersion images in the phase-velocity-frequency domain for the observed and
the simulated data (Figs 5.3(c) and (d), respectively). A comparison shows a significant
difference between them. The observed seismic data are dominated by Rayleigh wave with
a phase velocity of ~200 m/s over a wide frequency range, as expected (see the black
arrow in Fig. 5.3(c)). On the contrary, our simulation produces a much more energetic
mode with a higher phase velocity (400 m/s ~ 800 m/s) than the Rayleigh wave (see black
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Figure 5.3: Comparison between (a) the observed and (b) the simulated inline horizontal-receiver data
(common-source or shot gathers) for the inline horizontal source for our initial model of FWI (Fig. 5.2). Both
common-source gathers are bandpass filtered between 6 — 25 Hz corresponding to Stage 2 of the multi-scale
inversion. (c) and (d) dispersion images calculated from (a) and (b), respectively. The black arrows mark the
event that is present in both the observed and the simulated shot gathers, while the green arrow indicates an event
which can be observed only in the simulated data. For ease of visualization, each seismic trace is normalized by
its maximum amplitude.

and green arrows in Fig. 5.3(d)). This phase velocity is larger than the given Vg (~200
m/s), while lower than the given Vp (~1500 m/s). For a comparison, we also investigate
crossline horizontal-component receiver data (vy) for the crossline horizontal-force source
(fy), considering the same 2D line (i.e., at y = 45 m, see Fig. 5.1). In this case, we anticipate
an abundance of SH/Love mode in the seismic records. Unlike the inline horizontal receiver
data for the inline horizontal source (Fig. 5.3), there is no significant difference between
the observed and the simulated data (Fig. 5.4). Therefore, our detected large initial misfits
occur only in the P-SV/Rayleigh-wave-dominated data.

The wave mode seen in the simulated inline horizontal receiver-component for the inline
horizontal source, with a phase velocity between Vs and Vp, is known to be a leaky mode,
as evidenced in the past also in synthetic and field seismic observations (Schroder & Scott,
2001; Gao et al., 2014; Lin et al., 2023). Different kinds of leaky waves can be generated
in a specific situation. For example, when the Vg of an underlying half space is lower than
that of the upper layer and there is a high Vg contrast between the two layers, leaky waves
can be generated (Lin et al., 2023). More generally, a significant leaky mode is excited
when the shallow subsurface has a high Poisson’s ratio (Schroder & Scott, 2001; Gao et al.,
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Figure 5.4: Same as in Fig. 5.3, but for the crossline horizontal-component receiver data due to a crossline
horizontal-force seismic source.

2014; Lin et al., 2023). This mode is usually pronounced in the radial (inline) component
of the seismic receiver. This was called intrinsic surface leaky wave by Lin et al. (2023).
In our simulation, the assigned Poisson’s ratio value is very high (~0.491). As a result,
energetic leaky waves are seen in the simulated inline horizontal receiver data. In Fig. 5.5
we illustrate how the simulated leaky wave propagates differently than the SV-body wave
and the Rayleigh wave. In our case, however, the presence of the leaky wave is not clear at
all in the field data (see Figs 5.3(a) and (c)). The value of the Poisson’s ratio in the topsoil
layer in our field is probably not as large as the value we have assigned in our simulation.
The very high value of the Poisson’s ratio assigned in the simulation is due to the large Vp
value estimated from the Vg using the empirical relation, even though the initial Vg derived
from SCPT is probably quite accurate.

We simulate inline horizontal-component receiver data due to an inline horizontal source
using three different Poisson’s ratios to be constant over the whole model space. These three
Poisson’s ratios v = 0.479, v = 0.333, and v = 0.1 correspond to Vp values ~1000 m/s,
~400 m/s, and ~300 m/s, respectively. The Vs and p models are fixed in these simulations,
and they are same as those determined from independent field measurements (see Fig. 5.2
and discussion in section 5.3.2). We use a Ricker wavelet with a centre frequency of 20
Hz. A simple source-time function is chosen in order to distinguish the Rayleigh wave
from the leaky wave. The simulated inline horizontal receiver data (shot gathers) and the
corresponding dispersion images for the three different Vp models are shown in Fig. 5.6.
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Figure 5.5: Simulated seismic snapshot showing inline horizontal-component particle velocities due to an inline
horizontal-force seismic source along the 2D line indicated by black arrow in Fig. 5.1. A Ricker wavelet with a
centre frequency of 20 Hz is used for the source.

With decreasing Poisson’s ratio, the energy of the leaky wave decreases and reaches below
the level of the Rayleigh wave (compare between black and green arrows in Fig. 5.0).
Nevertheless, the leaky mode remains clear in the inline receivers when the Poisson’s ratio
is as low as 0.1 (see green arrows in Figs 5.6(c) and (f)). We could not justify the existence
of soil layers having such a low Poisson’s ratio (the corresponding Vp being ~300 m/s)
below the water table at ~1.3 m in our test site. Note that, the soils here, as known from
sampling in boreholes, is composed of only sand and clay.

There might also be other possible reasons for the absence of leaky waves in the observed
data. Though incorporating lateral heterogeneity in the initial model is desirable, in our
simulation we have assumed 1D models only. Also, large misfits might be caused by
inaccurate modelling of the seismic source (e.g., Wu et al., 2025) or inaccuracy in the
assumed inelastic attenuation. We could not evaluate all these effects.

5.4.2. CHOOSING SPECIFIC RECEIVER COMPONENTS FOR THE VERTICAL- AND

HORIZONTAL-FORCE DATASETS
We try to mitigate falling into the local minima in inversion by excluding seismic receiver
components where erroneously simulated leaky waves are present. The goal is to reduce
the misfit between the observed and the simulated waveforms.

Since leaky waves are conspicuous in P-SV/Rayleigh-wave-dominated data — as seen
earlier, we consider the following four source-receiver combinations: fy—vy, fx—Vz, fz—Vx,
and f, — v,. For field data, we have shown in the previous subsection the f, — v, data only.
However, we find the leaky mode to be practically absent in all fy — vy, fx— Vs, fz— Uy,
and f; — v, field datasets. Next, we identify the receiver components where the leaky waves
are nearly absent in the simulated data. For simulating data due to inline horizontal- and
vertical-force sources, we again use a Ricker wavelet with a centre frequency of 20 Hz. Fig.
5.7 shows the simulated fx — vy, fx—Vz, fz— Vx, and f; — v, shot gathers. We notice that the
leaky mode has the largest relative energy in the f,— v, data (Fig. 5.7(a)). Inthe f,—v, data,
the Rayleigh wave is more prominent than the leaky wave (see black and green arrows in
Fig. 5.7(b)), although the leaky wave is still quite present. 3D FWI performed on the inline
horizontal-force data is likely to suffer from the cycle-skipping problem, especially when
the simulated data corresponding to the initial model have a leaky mode that is significantly
stronger than that in the field data.
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Figure 5.6: Simulated inline horizontal-component seismograms (shot gathers) for an inline horizontal-force
seismic source and the corresponding dispersion images for three different Vp models. For ease of visualization,
each seismic trace is normalized by its maximum amplitude.



5. 3D FWI FOR SUBSOIL DENSITY: CONSIDERATIONS FOR THE FORCE DIRECTION OF THE

110 SEISMIC SOURCE
v, v,
0
(@ eaky wave (P)“
Laaky :”LLLLLLMHHWMM
o, m"’!y )
| ” Y
021 NERR "rpy iy |
ST Hlili
]ig | ' Rayleigh‘wave 4 ‘ M‘HH "
S H || | | ERRN HHHH
0.6 1 H“H
°’TQ )
](Z.AO.Z'
(=
0.6 1

30 40 50 60 70 30 40 50 60 70

Figure 5.7: Simulated seismograms for the four source-receiver combinations: fy — vy, fx — Vz, fz — Vx, and
fz — vz. For ease of visualization, each seismic trace is normalized by its maximum amplitude.

Therefore, for horizontal-force data, we use only data from crossline horizontal-component
seismic receivers due to crossline horizontal seismic sources. In other words, we use primar-
ily SH/Love-wave-dominated data for which leaky waves are nearly absent in the simulated
data (Fig. 5.4).

Next, we look into the vertical-force source data. In the simulated data, leaky wave is
present again in the inline horizontal-component seismic receiver (f, — vy) data, especially
at the near offsets (see green arrow in Fig. 5.7(c)), while its energy in the f, — v, data is
relatively negligible compared to Rayleigh wave energy (see green and black arrows in Figs
5.7(d)). Therefore, we use the vertical receiver-component (v,) data only in case of the f,
source.

Fig. 5.8 shows the source-receiver combinations which are finally used in 3D FWI
involving both f; and f, sources. The used source-receiver combinations in FWI are
indicated by rectangles in Fig. 5.8. Since the seismic sources (red dots in Fig. 5.8)
are located in between two adjacent receiver lines (black dots) as explained in Fig. 5.1, we
choose the nearest two receiver lines for each seismic source, and use the crossline horizontal
receiver component data only (Fig. 5.8). It is possible to derive 3D image by performing at
first 2D SH-wave FWI independently for each pseudo-2D seismic line, and then interpolating
in between the obtained multiple 2D sections. In this research, however, we perform 3D
FWTI using all the crossline horizontal component data simultaneously to capture 3D subsoil
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Figure 5.8: Source-receiver pairs assumed to be dominated by SH/Love waves and used in 3D FWI for
horizontal-force source data. Note that seven SH survey lines are found in each horizontal-force source data (fx
and fy).

heterogeneities. The slight offset between the source lines and the receiver lines (Fig. 5.8)
impedes accurate 3D to 2D geometrical spreading correction, leading to slight error in the
results of 2D FWI. We kill traces from receivers located within 10 m from each source.
Since crossline source-receiver geometry does not hold at these locations, P-SV/Rayleigh
dominates the seismic data at the near offsets.

To investigate the impact of our proposed data-selection strategy on 3D FWI, we calculate
initial misfits using data with and without leaky-wave-contaminated simulated traces for
each force-direction source data. We examine the first frequency stage (6—15 Hz) here,
because it is crucial to start the lowest frequency inversion stage with low misfits in order
to avoid cycle-skipping. For this calculation, we use the source time function estimated
on data without the leaky wave contamination. For calculation of the misfits, since the
number of traces significantly decreases after data selection, we perform a comparison of
the normalized misfit between data with and without leaky-wave-contaminated traces. A
normalized value of —1 indicates a perfect match between observed and synthetic data. The
initial misfits are dramatically reduced by excluding the leaky-wave-contaminated traces for
all source components (Fig. 5.9). This reduces the risk of falling into local minima during
the inversion. The obtained FWI results will be discussed in the following section.

5.5. Resurts or 3D FWI

In this section, we explore how the use of the different force direction data affects the
accuracy of Vs and p estimates. The input data used here are selected based on the strategy
described in Section 5.4.2: the traces where the simulated data contain significant leaky
wave mode are excluded. We compare at first the 3D FWI results between the vertical-force
(f2) source data and the horizontal-force (fx or f,) source data. Thereafter we investigate
how the combination of cross-polarized horizontal-force (fy + f)) source datasets affect the
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Figure 5.9: Calculated normalized misfit between observed and simulated data with and without the use of the
data-selection strategy for each source component (fx, fy, fz) at inversion stage 1 (6~15 Hz) shown in Table 5.2.

accuracy of the inverted 3D models.

5.5.1. FWI USING SINGLE SOURCE COMPONENT: VERTICAL-FORCE (f;) AND

HORIZONTAL-FORCE (fx OR f,) SOURCES

We perform 3D FWI independently on fx, fy, and f, source data. The initial models of
Vs and p are 1D. At first, we look at the 3D inverted Vg images (Fig. 5.10). A major
difference in FWI results between horizontal- and vertical-force datasets can be identified
at 10 m depth in the vicinity of BH2 and BH3. A low-Vjs area is imaged by using data
of the horizontal-force sources (fy or f,), while FWI using the f, source data results in a
relatively high Vg in the same area (compare Figs 5.10(b), (¢), and (d) at 10 m depth). 3D
FWI performed on the f, source data provides a laterally smooth Vg distribution compared
to the fy or the fy source data. This is in agreement with the result shown in Kawasaki
et al. (2024) indicating that the vertical-force seismic data produce smoother, less-localized
gradients of the misfit function than the horizontal-force data. Apart from these, another
difference in the FWI result is prominent for the f, source data: there is a high-Vg zone at
around 6 m depth in the surrounding of BH2 and BH3 (red arrow in Fig. 5.10(b)). This
high-Vg zone is not visible in the inverted Vs using the fy or the f, source data (Fig. 5.10(c)
and Fig. 5.10(d)).

To check the accuracy of the FWI-derived Vg, we examine at the same location the SCPT-
derived Vg and the 1D Vg profile derived from the 3D inverted result (Fig. 5.11). Admittedly,
such one-to-one comparison between these two is not justified because while the FWI-
derived Vg is highly smoothed in the lateral direction due to the Gaussian smoothing filter
(see Section 5.3.2), SCPT provides Vg distribution at the exact location of the measurement.
To address this issue, we consider the maximum and minimum values of the FWI-derived
Vs at lateral locations within 20 of the Gaussian filter (~8 m) from the SCPT location. We
then compare how the ranges of these values vary with depth with the SCPT-derived 1D Vg
profile (Fig. 5.11). At all three SCPT locations, 3D FWI using the horizontal-force data
captures well the overall Vg trend up to 15 m depth (Figs 5.11(a)-(f)). On the contrary, the
inverted Vg using the f, source data deviates from the SCPT-derived Vg below 10 m depth at
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Figure 5.10: Depth slices of (a) initial Vg, (b) inverted Vg from the fy data, (c) inverted Vg from the fy, data, and
(d) inverted Vg from the f, data. The red arrow marks a possible artifact. The source-receiver combinations used
here are chosen following the strategy discussed in Section 5.4.2 (Fig. 5.8).

BH2 and BH3 (see green arrows in Figs 5.11(h) and (i)). At these locations, FWI performed
on the f, source data reveals a high-Vs zone, while the SCPTs show low Vs indicating the
presence of soft sand and clay layers. We notice that at the same locations the inverted Vg
using the f, source data has few variations in the area associated with the Gaussian filter
(see very narrow maximum-to-minimum ranges in Figs 5.11(h) and (i)). This indicates a
low-resolution in the inverted Vs image in the lateral direction. For the f; source data,
another noted difference between the SCPT-derived Vg and the FWI-derived Vg is indicated
by the red arrow in Fig. 5.11(c). This difference could be an artifact. This is endorsed by the
fact that, starting from the initial Vg, the inversion updates the Vs in the opposite direction
compared to the SCPT-derived V.

Next, we investigate how the inverted p estimate is influenced by the force direction of
the used seismic source. The initial models of Vg and p are 1D. While FWI applied to the
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Figure 5.11: 1D profiles of the inverted Vg and the SCPT-derived Vg for (a)-(c) fx data, (d)-(f) fy data, and (g)-(i)
fz data. The 1D initial model is the same in all cases. The red and green arrows mark the locations where there
are large differences between FWI-derived Vg and SCPT-derived Vg. The source-receiver combinations used here
are chosen following the strategy discussed in Section 5.4.2 (Fig. 5.8).

horizontal-force data (fy or fy) reveals the laterally variable p structure (Figs 5.12(b) and
(c)), for the vertical-force data (f;) p is not much updated from the initial model (compare
between Fig. 5.12(d) and Fig. 5.12(a)). There is also a difference in the inverted p between
using fy and fy sources: a high-p anomaly appears at around 9 m depth in both inverted
images, but at different lateral positions (see Al and A2 in Fig. 5.12). Similar to Vg, we
check, using p measured independently by density logging and through lab experiments
on soil samples, the accuracy of the inverted p estimates using different force data for
the seismic source. As earlier, we again consider the vertical trend of the maximum-to-
minimum ranges of the p estimates at lateral locations within 20 of the Gaussian filter from
the borehole locations (Fig. 5.13). In case the f, source data are used, the estimated p
is almost identical with the initial p (see Figs 5.13(k)-(0)), which is also marked in Fig.
5.12. For the fy and the f, source data, however, p is updated in the correct direction of the
measured p from the initial/starting value (see Figs 5.13(a)-(j)). A clear example can be seen
at BH1 where the log-derived p is much lower than the initial p. At this location, 3D FWI
using the horizontal-force data updates the p towards lower values than the initial values
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Figure 5.12: Same as in Fig. 5.10, but for p. The red arrows mark possible artifacts.

(see Figs 5.13(a) and (f)). These results show a good fit of the 3D FWI-derived p estimates
with p obtained independently from density logging. We finally examine the locations of
high-p anomalies Al and A2 marked in Fig. 5.12. At these locations, the estimated high
p is significantly different from the measured p values (red arrows in Fig. 5.13). Such
differences are likely artifacts caused by using single component horizontal-force sources,
which will be discussed in Section 5.6.2. In summary, 3D FWI using horizontal-force
seismic sources is more capable of capturing the spatial variability of Vg and p than using
vertical-force seismic sources.

5.5.2. 3D FWI COMBINING DATA FROM [ AND [} SEISMIC SOURCES: POTEN-

TIAL BENEFITS OF JOINT INVERSION
In this section, we discuss the results of 3D FWI making simultaneous use of fy and fy
source datasets. The estimated Vs from this joint inversion is shown in Fig. 5.14(a).
We recognize the differences between 3D FWI using data from a single-component seismic
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Figure 5.13: Same as in Fig. 5.11, but for p. The 1D initial model is the same in all cases. The red arrows mark
the location where there are large differences between FWI-derived p, and the measured p by density logging and
via lab experiments.

source and FWI on combined fy and f} source datasets. The use of fx + f), data combination
does not reveal a clear high-Vg zone at a depth of 6 m, unlike when only f source data
are used in the 3D FWI (see the red arrow in Fig. 5.10(b) and Fig. 5.14(a)). Although
compared to the FWI using the f}, sources only, the overall characteristics of Vg variations
are not significantly different for the fy + f), data combination, the joint FWI reconstructs
the relatively fine structures better (compare between Fig. 5.10(c) and Fig. 5.14(a)). For
p, there is a large difference between using single component source data and the combined
fx+ fy source datasets: the high-p anomalies found in the result of single-component source
FWI become less prominent in the result of FWI using combined f + f, datasets (compare
between Figs 5.12(b)-(c) and Fig. 5.14(b)). Also, the joint inversion reveals much finer p
structure than the single component source FWI. Some local anomalies are observed at 9 m
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Figure 5.14: Inverted (a) Vs and (b) p from 3D FWI using the fx + fy combination.

depth (see Fig. 5.14(b)). As in the previous section, we check the goodness of the Vg and p
estimates from joint FWI, using the independent measurements of Vs and p (Figs 5.15 and
5.16). Our investigation shows that the distribution of the inverted Vg is similar between the
single component source FWI and the joint fy + f} source FWI, especially at BH1 and BH2
locations (compare Figs 5.11(a)-(b) and (d)-(e) with Figs 5.15(a)-(b)). At BH3, however, the
difference with the SCPT-derived Vs as seen in the inverted result using the fx source data
is no more as clear as in the result of joint inversion of f + f) datasets (compare between
red arrows in Fig. 5.11(c) and Fig. 5.15(c)). Regarding the estimated p, the vertical trend
of the maximum-to-minimum ranges is similar between 3D FWI using single component
source data and combined data of f + f sources (compare Figs 5.13(a)-(j) and Fig. 5.16).
Several improvements could be noticed at BH3 and BH6 locations. At these locations, the
single component source FWI results in p estimates that are far from the lab-measured p on
soil samples collected (Figs 5.13(c), (e), (h), and (j)). However, the maximum-to-minimum
ranges of p estimates cover the p measurements better when the data of f and f} sources
are combined in 3D FWI (see green arrows in Figs 5.16(c) and (e)). We can recognize
distinct improvements at the location of the artifacts (Al and A2) appearing at 9 m depth
in the result of the single-component-source FWI. These artifacts are reduced significantly
in the results of joint fy + f,, FWI (compare Figs 5.13 and 5.16). These results demonstrate
that the use of f + f) source data enhances generally the capability of the 3D FWI in terms
of estimating the lateral variability of Vs and p in soils.

At certain restricted locations, however, the 3D FWI using single component horizontal-
force data appears to perform better than the joint FWI. At BHS, for instance, the best
fit between FWI-derived p and the p measurements on soil samples is found for the fx
source data (compare between Fig. 5.13(d), Fig. 5.13(i), and Fig. 5.16(d)). However, the
simultaneous use of the fy + f) source datasets does not produce severe artifacts unlike using
single-component source dataset (i.e., Al and A2 in Fig. 5.13), although these artifacts do
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Figure 5.16: Same as in Fig. 5.15, but for p. The 1D initial model is the same in all cases. The green arrows mark
possible improvements compared to 3D FWI applied to single-component horizontal-force seismic data as shown
in Figs 5.13(a)-(j).

not vanish completely. Such improvements help in reducing misinterpretation of spatially
variability based on 3D FWI results.

5.6. DiscussION

5.6.1. REASON BEHIND SUPERIORITY OF HORIZONTAL-FORCE SOURCES FOR

SUCCESSFUL DENSITY RECONSTRUCTION
In Section 5.5.1, we have discussed that the use of data from the horizontal-force seismic
sources in either x- or y-direction is beneficial for relatively accurate estimation of Vg
and p through 3D FWI. Here we delve into the possible reasons behind the superiority of
horizontal-force data.
Kawasaki et al. (2024) (Chapter 4 of this thesis) showed that horizontal-force data
have the advantage of relatively less parameter coupling between Vg and p compared to
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Table 5.3: Comparison of misfits calculated using two different p models.

Normalized GCN Rate of change (%)
pinv(forfy) pini

fx -0.940 -0.933 0.75
Iy -0.957 -0.950 0.65
fz -0.795 -0.795 0.03

vertical-force data in the context of conventional simultaneous inversion scheme. In this
field application, we have suggested a sequential inversion workflow to further reduce the
coupling between these two properties in 3D FWI (see Section 5.3.2).

However, a more important reason relates to the difference in the sensitivity of the misfit
function to p for the different force-direction datasets. We investigate this possibility by
looking at how the misfit values for each dataset vary due to a given change in p. Here,
we consider two different p models. One is the p model obtained from 3D FWI using the
fx+ fy source data (p™Ux*1), while the initial p (p™) serves as the second model. To
calculate the misfits, we use the inverted Vg obtained from joint 3D FWI, while the initial
model for the other properties (Vp, Qp, and Qg). We quantify the difference in misfits for
the two different p models by calculating the rate of change between the two misfit values
(Table 5.3). The large rate of change means that the misfit function is highly sensitive to p,
increasing the possibility of resolving p distribution by reducing the misfit changes during
the inversion. As shown in Table 5.3, the rate of misfit changes for the fy or f} source data is
larger than that for the f, source data by a factor of more than 20. This suggests that the use
of horizontal-force data is more promising for p estimation, whereas for the vertical-force
data 3D FWI cannot update p effectively on the noisy field data through reducing the small
difference in the waveforms due to changes in p. This is a possible reason why 3D FWI
using the vertical-force data results in an almost identical inverted model as the initial p
model (e.g., compare between Figs 5.12(a) and (d)).

Next, we look into how the sensitivity of the misfit function to changes in Vp depends
on the force direction of the seismic source. One reason for this is to check if fixing the
Vp model in 3D FWI causes a reduction in the accuracy of the inverted Vg and p models,
for instance due to errors in Vp affecting the inversion result through parameter coupling.
The sequential inversion workflow discussed earlier in this thesis is designed to reduce
coupling between Vs and p, but it does not account for any potential coupling involving Vp
(Fig. 2.1). We compare misfits for two different Vp models: Vp derived from Vg through
an empirical relationship (i.e., the initial Vp model), and Vp derived from Vs assuming a
specific Poisson’s ratio. For the second model, we use a Poisson’s ratio of 0.479 for the
whole model, providing Vp values ~30% lower than the initial Vp model. For Vs and p, to
calculate the misfits, we use the inversion result obtained on combined f + fy source dataset.
The misfits for the two Vp models and the rate of change between them are shown in Table
5.4. The changes in the misfit due to change in Vp are very small for the horizontal-force
data (f and f)) than for the vertical force data (f2). In our field application, we have chosen
the SH/Love-wave-dominated receiver traces due to horizontal-force source to be used in 3D
FWI, avoiding large initial misfits due to leaky waves in the simulated data. This probably
reduces the impact of Vp uncertainty on the 3D FWI result using the horizontal-force source




5. 3D FWI FOR SUBSOIL DENSITY: CONSIDERATIONS FOR THE FORCE DIRECTION OF THE
120 SEISMIC SOURCE

Table 5.4: Comparison of misfits calculated using two different Vp models.

Normalized GCN Rate of change (%)
Vp from Vp from
an empirical relationship an assumed Poisson’s ratio (0.479)
fx -0.940 -0.940 0.01
fy -0.957 -0.957 0.02
fz -0.795 -0.786 1.13

dataset. The resulting low dimensionality of the inverse problem is expected to result in a
better convergence than using the vertical-force dataset.

Our investigations imply that horizontal-force source data (especially SH/Love-wave-
dominated data) provide a favourable shape for the misfit function for Vg and p inversion.

5.6.2. FURTHER INVESTIGATION INTO POTENTIAL BENEFITS OF 3D FWI usiNG
fx+ fy SOURCE COMBINATION

In Section 5.5.1, we have discussed the discrepancies between the 3D FWI-derived p and
the p values estimated in the laboratory on soil samples (Al and A2 in Fig. 5.13), in
case a single component horizontal-force source (fyx or fy) is used. These discrepancies
become less prominent when joint inversion of both fy and f, datasets is performed in 3D
FWI (Fig. 5.16). However, Al and A2 may not be artifacts, but they may in fact be true
subsurface structures spatially smeared due to application of strong lateral smoothing (see
Section 5.3.2). We investigate this possibility here.

We first compare between the spatial variability of p estimates obtained from 3D FWI
and the variability of CPT cone tip resistance q. (Fig. 5.17). For this purpose, we build
a pseudo-3D variability image of g, by spatially interpolating in between measured ¢, at
multiple locations distributed over the whole 3D seismic acquisition patch at our test site
(black crosses in Fig. 5.17(d) representing CPT locations). Next, a comparison between
the spatial distributions of p and ¢, is done at depth 9 m. The high-p anomalies at Al
and A2 in the 3D FWI result are marked. Around Al and A2, g, values are relatively low
implying the presence of soft sand and clay layers (compare between Figs 5.17(a), (b), and
(d)). Since both g, and p are indicators of soil compaction/hardness, the different trend
between these two properties appears to reflect a low reliability of the estimated p. We then
explore the effect of the Gaussian smoothing filter on this observed differing trend. In the
CPT survey, a relatively high-¢q, zone is visible only in the area within 30 m < x < 40 m
and 40 m <y < 50 m (Fig. 5.17(d)). Considering the given lateral width of the smoothing
filter (~8 m), it is not plausible that a high-p zone corresponding to such a compacted soil
body is smeared by spatial smoothing, and thereby A1 and A2 are produced at the different
locations. We conclude that the high-p anomalies A1 and A2 are artifacts created due to use
of single-component seismic source data, and these artifacts are reduced when we use fx+ fy
source datasets in the 3D FWI (Fig. 5.17(c)). Moreover, FWI using the f + f) source data
recovers the fine-scale anomalies having low-p and high-p values, which are denoted by
solid and dashed yellow arrows in Fig. 5.17(c), respectively. Interestingly, at these anomaly
positions, the spatial distribution pattern of p matches with that of g, (compare solid and
dashed yellow arrows in Figs 5.17(c) and 5.17(d)). The combined use of fy + f; source
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Figure 5.17: A horizontal slice showing subsoil heterogeneity at 9 m depth: (a) inverted p through 3D FWI using
fx data, (b) inverted p through 3D FWI using fy data, (c) inverted p through 3D FWI using fx + fy data, and (d)
CPT cone tip resistance (g¢). The source-receiver combinations used here are chosen following the strategy
discussed in Section 5.4.2 (Fig. 5.8). The red arrows indicate possible artifacts, while solid and dashed yellow
arrows mark the variability in soil that match between the p image obtained from 3D FWI using fx + fy data and
independent data of g, obtained at multiple locations in the field. The black crosses in (d) show the CPT locations.

dataset in the FWI is seemingly able to resolve the fine-scale p structure, in alignment with
the soil variabilities seen in CPTs.

Next, we discuss how 3D FWI using single-component horizontal-force source data
produces artifacts A1 and A2 at specific locations. To examine this, we look at how the final
data misfits for each shot gather differ between the inversion results from single-component
source FWI and combined f + f,, FWI. We compute the difference between the normalized
misfits obtained using the subsurface models for each FWI. For the fy source data, for
instance, we calculate the misfit difference E9iff as follows:

pdiff _ EZV(Mfy) / n(ftxr) _ EifI;V(fx) / n(txr)’ (5.2)

where E}I;V(ﬁ‘Jrfy ' and Ezv(f") represent misfits for the inversion model obtained from 3D FWI

using the fy + f} source data and the f source data, respectively. n'™ is the total number of
X

receiver traces for the f shot used in 3D FWL If joint fy + f, FWIimproves the fit between
the observed and the simulated waveforms, in comparison with single-component-source
3D FWI, EYf becomes negative. In Fig. 5.18(a) we show the misfit difference for each
fx-source shot-gather, plotted at shot positions. The final misfits are reduced substantially
by joint fy + f, FWI for many shot gathers (see the red ellipse in Fig. 5.18(a)). The
shot positions corresponding to greatly decreased misfit values are surprisingly close to the
locations where the p artifact Al is reduced through joint fy + f,, FWI (compare Al in Fig.
5.17(a) and the red ellipse in Fig. 5.18(a)). At the same locations, the use of fx + f) source
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Figure 5.18: (a) Difference in the final misfit for each fy shot gather between single-component source 3D FWI
and joint fx + f) source 3D FWL The difference is calculated using equation:
EpAiff - Emv(fﬁfy)/ nto — Emv(fx)/ nt, (b) Same as in (a), but for each fy shot gather. The difference is
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fit between the observed and the simulated waveforms, compared to single-component-source FWI, then pdiff
becomes negative. The red ellipses mark the locations of misfit improvement due to the joint inversion. The red x
marks the locations where Vg and p are measured independently through geotechnical and borehole
measurements.

/ n%f) - E;;V(fy) / n;}yr) If joint fx + fy FWIimproves the

data combination also reduces the Vg artifact which appears when only the f, source data
are used in FWI (compare red arrow in Fig. 5.10(b) and the red ellipse in Fig. 5.18(a)). We
also compute the misfit difference for the f}-source shot gathers between the inversion result
from the 3D FWI with the f} source data and that with the f + f; source data (Fig. 5.18(b)).
The significant misfit differences are not visible unlike the f, source data. The final misfits
are slightly improved only for a few shot gathers (see the red ellipse in Fig. 5.18(b)). Similar
to the f source data, these shot positions are spatially correlated with the locations where
we observe reduced artifact due to joint f + f, FWI (compare between A2 in Figs 5.17(b)
and the red ellipse in Fig. 5.18(b)). These observations suggest that, compared to the
single-component horizontal-force source data, the combined f + f} source data results in
a favourable shape for the misfit function in 3D FWI, thus preventing poor inversion results
due to convergence to local minima. This finally leads to a better fit between the simulated
and the observed waveforms.

The above detailed discussions elucidate how the use of fy + f} source combination in
3D FW1I is beneficial for the reconstruction of both Vg and p, in turn offering the possibility
for a better interpretation which is in agreement with the independent CPT-data-derived soil
variability.

5.6.3. LIMITATIONS IN THE CURRENT 3D FWI RESULTS

We have imaged the spatial variability of Vs and p through 3D FWI applied to combined
fx+ fy source data. However, the achieved resolution is rather limited. This is mainly due
to the limiting maximum frequency value: we have used frequencies only up to 25 Hz,
although the vibrator sweep range in field data acquisition is 4-300 Hz and in the raw shot
gathers we do observe signals with frequency exceeding 100 Hz. We have further limited
the lateral resolution by applying a Gaussian smoothing filter to the gradient of the misfit
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Figure 5.19: 3D FWI result after stage 1 (6—15 Hz, see Table 5.2) using the fx-source data, (a)-(b) without any
smoothing constraints and (c)-(d) with the Gaussian smoothing filter.

function (Section 5.3.2). These constraints are unfortunately unavoidable for successful
FWI in order to avoid acquisition footprints due to spatial aliasing in the source domain:
As=8 m > A/2 = 4 m, where As and A are source spacing and the dominant seismic
wavelength, respectively. We check further how a sparse source configuration can cause
artifacts in the FWI result, in case the spatial smoothing is not applied to the gradient. For
brevity, here we consider the inversion using the fy source data at stage 1 (6—15 Hz) (Fig.
5.19). Clearly, many striped patterns appear, associated with the shot positions, in both Vg
and p images. These are acquisition footprints due to spatial aliasing (Figs 5.19(a)-(b)).
On the contrary, our employed Gaussian smoothing filter eliminates most of these artifacts,
enabling to identify the lateral variabilities in soils (Figs 5.19(c)-(d)). We have carried out
in-depth investigation, in Chapter 3, into these striped patterns using 2D SH-wave data. If
the maximum frequency used in FWI is increased, the spatial aliasing effect would become
very significant. This makes it difficult to incorporate much higher frequencies in the FWI.
Therefore, having more seismic sources at finer spacing is required to enable using higher
frequencies in the FWI and to achieve higher resolution in the obtained Vs and p images.
In this context, one may consider building an aliasing-free seismic dataset, for instance by
employing seismic interferometry (Chapter 3)

There is another limitation: we could not use in FWI all of the nine components of the
acquired seismic dataset. Especially in the case of FWI applied to the horizontal-force data,
we use only the SH/Love-wave-dominated data, in order to avoid large initial misfits due
to leaky waves in the simulated data. Our chosen dataset contains merely 1.7% of all the
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seismic traces that are acquired in the field (e.g., compare between Fig. 5.1 and Fig. 5.8).
We also limit the vertical-force data to the vertical-component seismic traces only. This
data-selection strategy results in a limited coverage and hence limited seismic illumination,
constraining further the capability of 3D FWI in high-resolution seismic imaging. To
address this issue, one needs to first understand better the reason why leaky waves are hardly
generated in the field, unlike in the simulation (see Section 5.4.1). In the past decades, the
characteristics of such leaky mode have been investigated focusing on seismic data involving
vertical component source-receiver combination only (Schréder & Scott, 2001; Gao et al.,
2014; Lin et al., 2023). Such source-receiver combination is commonly used in conventional
dispersion-curve-based surface wave studies. However, our numerical investigations show
that the use of an inline horizontal-force source excites more leaky waves than a vertical-
force source (e.g., see Fig. 5.7). Therefore, a better understanding of the leaky wave mode,
especially focusing on the effect of the seismic source type, is important in order to improve
the capability of 3D FWI using horizontal-force data.

Also, building an initial model from the seismic data, such as through inversion of
surface-wave dispersion curves, may help improve the matching of waveform between the
observed data and the initial synthetic data. We have derived a 1D initial model from
the SCPT data following the conclusion drawn in Chapter 2 about initial model building
strategy. However, this choice might represent a limitation of the current study. In particular,
a dispersion-based inversion using three-component seismic records could provide a suitable
initial model for the field application, which might allow more consistent seismic modelling
and might potentially enable the use of the full dataset acquired in the field. A systematic
comparison of the initial models derived from the SCPT data and from seismic dispersion
inversion would be valuable to assess their respective impact on the inversion robustness
and parameter reconstruction.

Nevertheless, our proposed data-selection strategy works robustly to obtain a reliable
subsurface model, avoiding the need of a special consideration for the leaky wave. One
might, however, consider other solutions to reduce the effect of the leaky wave. For
example, seismograms generated by an inline horizontal-force source could become usable
by manually tuning the Vp model. This is because Vp controls greatly the energy of the
leaky wave in the simulated data (see Fig. 5.6). Even if the chosen Vp model is off from
a true one, relatively accurate Vs and p models might be obtained by FWI. Also, one may
consider filtering out the leaky wave in the simulated data through data processing in case
such leaky wave is not clearly observed in the field data, as is the situation in case of
our field dataset. Since the leaky mode propagates much faster than the Rayleigh wave
(Fig. 5.6), the leaky mode can be suppressed by applying a filter either in the frequency-
wavenumber domain or in the phase-velocity-frequency domain (e.g., Luo et al., 2009;
Gao et al., 2014). Additionally, one may use the SH/Love-wave-dominated seismic traces
from the field-acquired two-component horizontal receiver traces due to two-component
horizontal-force seismic sources. This is possible by performing coordinate transformation
to bring the data from inline-crossline configuration to radial-transverse configuration (e.g.,
Burschil et al., 2022). The transverse source-receiver data should be more dominated by
SH/Love waves. Such extracted SH/Love-wave data would cover a much broader range of
source-receiver azimuths. This will help increasing the spatial resolution of the subsurface
model obtained by 3D FWL.
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In this chapter, we examined the effect of the force-direction of the seismic source on the 3D
FWlIresults. We carried out a 3D seismic survey involving three-component seismic sources
and three-component seismic receivers. We found that leaky waves cause large initial misfits
between the observed and the simulated data. This can lead to cycle-skipping and is not
easily mitigated, even when starting the inversion at the lowest available frequency. This
problem is significant especially when an inline horizontal-force source is used. Through
numerical investigations, we proposed 3D FWI only on SH/Love-wave-dominated receiver
data due to horizontal-force seismic sources, as these data are less contaminated by leaky
waves, and therefore do not suffer from inversion difficulties due to local minima. Also,
for the vertical-force data, the inversion is performed using only the vertical-receiver seis-
mic traces, as these traces are least affected by the leaky waves. We demonstrated that
3D FWI using the selected SH/Love-wave-dominated data is advantageous for relatively
accurate reconstruction of Vg and p images, compared to using the vertical-force data. The
reliability of the FWI results was validated using independent Vg and p measurements in
the field. The superiority of the SH/Love-wave-dominated data is explained by the corre-
sponding misfit function having relatively high sensitivity to p and very weak sensitivity
to Vp. We finally looked into potential benefits of simultaneous use of the cross-polarized
horizontal-force data. Compared to FWI using single component horizontal-force data,
joint FWI allows reconstruction of both Vs and p without severe local artifacts. Further-
more, a much finer density structure is revealed through combining the cross-polarized
horizontal-force datasets, showing good agreements with the spatial variability obtained
from independent CPT cone tip resistance datasets. As a result, a better interpretation
of subsoil structure is possible. In this chapter, we have proven that 3D FWI, using two
cross-polarized horizontal-force sources and SH/Love-wave dominated receiver traces, is a
robust approach to obtain reasonably accurate spatial distribution of Vg and p in 3D. This
will make a positive contribution to many near-surface applications pertaining to shallow
subsoil characterization.







CONCLUSIONS AND
RECOMMENDATIONS

In this dissertation, we have looked into 2D and 3D FWI to estimate the spatial variability of
p in soils. Towards accurate reconstruction of p through FWI, there are several problematic
issues, which are addressed in this research, namely parameter coupling (Chapters 2 and
4), the difficulty in recovering the background distribution for p (Chapter 2), and the effect
of spatial aliasing in the source domain (Chapter 3). Also ground truths are gathered
via independent field and laboratory measurements to test our results. While looking for
answers, we had in mind the need of making the economic burden of having a suitable
dataset ready and performing computations for FWI manageable in the limited budget of
near-surface site investigation projects. In this context, we use the gradient-based FWI
throughout this research, due to its relatively low computational cost. One of the main focal
points in this research is to try to understand the underlying reasons and to define the benefits
of using a horizontal-force seismic source instead of a conventional, vertical-force source
for successful p imaging through FWI. Especially for the 3D case, we have investigated, on
both synthetic and field data, how FWI applied to horizontal-force source data performs for
p estimation compared to FWI applied to vertical-force source data (Chapters 4 and 5). Our
tests on 2D and 3D field data have shown that FWI is fairly capable of reconstructing the p
distribution, with the trend agreeing with independent downhole measurements performed
at multiple locations and with laboratory measurements on soil samples.

In this chapter, we summarize the main conclusions and briefly discuss the new findings
reported in this thesis, followed by recommending some directions for future research.

6.1. ConcLUSIONS
Much attention has been paid towards mitigating the parameter coupling, which is a main
obstacle to accurate reconstruction of p using FWI, in both 2D (Chapter 2) and 3D (Chapter
4). We discuss, at first, the main conclusions from these two chapters.

In Chapter 2, a sequential workflow has been proposed for FWI for p reconstruction.

127



128 6. CONCLUSIONS AND RECOMMENDATIONS

The workflow enables weakening the coupling effect between Vs and p. Our new workflow
is made of two stages: in the first stage, a multi-parameter inversion reduces the errors
in Vg, and then in the second stage the p is updated in a relatively correct direction by
starting with a less erroneous Vs model. We demonstrate its benefit on 2D SH/Love-wave-
dominated field data. Compared to conventional simultaneous inversion, the proposed
workflow improves the p estimates dramatically. The estimated values match well with the
independent estimates of p obtained by density logging and from laboratory experiments on
soil samples collected in boreholes. The sequential inversion, after the convergence, results
in a better fit between the observed and the synthetic seismograms. We also discuss the need
of a good initial model for Vg to further mitigate the parameter coupling issue. Inversion
tests are conducted to compare two different initial Vs models, i.e., 1D Vg derived from
SCPT data and 2D Vg derived from MALW. Our results indicate that a smoothed version of
the SCPT-derived Vs profile used for input in FWI results in a less erroneous p variability
and a better waveform matching. The proposed workflow and the SCPT-derived initial Vg
model are advantageous in order to minimize the risk of falling into local minima due to
parameter coupling.

In Chapter 2, we also address the difficulty in recovering the background distribution
of p. We look into this issue using field-acquired 2D SH-wave seismic dataset. We try
to incorporate sufficient low-wavenumber components of p into the FWI. For this purpose,
a smoothed version of an 1D initial p model derived from the density log is used. The
need and the importance of an accurate initial p model for successful FWI are investigated
through a comparison with using a constant p for the initial model. Starting with the density-
log-derived, smooth 1D starting p model, the FWI could capture the spatial variability of
p up to 15 m depth (the 15 m depth limit, in this case, is only to keep computation time
limited). The extracted spatial variability is in better agreement (compared to a constant p
initial model) with the density logs and the density measurements on soil samples collected
at multiple locations in the field. The waveform matching is also better when the initial
p model is derived from the density log. Clearly, the accuracy of p estimates from FWI
is greatly influenced by the goodness of the starting p model. The idea is that the density
logging is performed only at one location in the field in order to build a good starting model,
and thereafter, the lateral variability in density is estimated from the FWI of surface seismic
data. Our research shows that the use of a homogeneous initial p, though unable to capture
the correct trend of lateral p variability, still does provide meaningful p structure at many
locations. Therefore, one should judiciously decide on the strategy for building the initial
p model depending on the application goal, characteristics of the site (e.g., from available
a priori information), and budget availability.

In Chapter 4, we present a systematic comparison between vertical- and horizontal-force
sources on 3D synthetic data. We could disentangle the difference in parameter-coupling
effect due to the different force directions. Given a point-localized perturbation model,
we show that the use of horizontal-force source data can reduce the effect of errors in Vg
on the gradient of the misfit function with respect to p, compared to using vertical-force
source data. In the gradient-based inversion scheme, the less-contaminated gradient enables
updating p in a relatively more correct direction towards the true value. Inversion tests
using two different subsoil models demonstrate the benefit of horizontal-force source data
to resolve p fairly accurately. For a spatially uncorrelated model, at the first iteration, FWI
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applied to the horizontal-force source data produces fewer artifacts in the inverted p image
due to errors in Vg than FWI applied to the vertical-force source data. The use of horizontal-
force data indeed leads to a more accurate recovery of p without suffering from local
minima. The superiority of the horizontal-force sources in FWI over vertical-force sources
is also demonstrated by the inversion test performed on a more realistic subsoil model. The
use of horizontal-force data provides a gradient for p which represents a relatively more
correct update direction towards the true model, compared to using vertical-force data. This
finally results in relatively more accurate estimation of p, where the estimated p variability
correlates much better with the variability in the true model, while FWI applied to the
vertical-force data fails to reconstruct a meaningful p structure.

Spatial aliasing in seismic data disturbs the high-resolution subsurface image that can
be obtained by FWI. In Chapter 3, we investigate on 2D SH-wave data the impact of sparse
source configuration on the FWI results (both Vg and p). We then present a new approach
to mitigate the source sparseness issue. For our specific field site, spatial aliasing occurring
due to sparse source distribution produces shot-position-related striped-pattern artifacts in
the gradient and in the inversion results, causing deterioration of the lateral resolution in both
Vs and p images derived from FWI. These artifacts are due to insufficient source spacing,
failing to suppress the oscillatory side lobes in the gradient of the misfit function that appear
around each shot location. In addition, the accuracy of the p estimates themselves is also
compromised due to spatial aliasing. To address this issue, we have proposed a strategy
to build aliasing-free seismic data by applying SI to the sparsely distributed shot gathers.
SI is able to generate virtual surface-wave records at each receiver location from the real
records that are dominated by surface waves. The retrieved dataset is then combined with
the real field dataset to create densely distributed shot gathers. FWI is performed on the
merged data, instead of only the real field data. To account for errors in the virtual seismic
waveforms (amplitude and phase) due to SI, we use a matched filter with additional low-
frequency correction. We also introduce a weighted misfit function. The inversion tests on
field data demonstrate that our proposed approach improves the lateral resolution of Vg and
p by reducing the striped patterns that occur due to spatial aliasing. The error correction
approach contributes to avoiding the negative impact of using relatively low-S/N virtual
records on the FWI results. The spatial distribution of p obtained from our newly developed
method shows better correlation with the distribution of CPT cone-tip resistance, compared
to when using only the aliased real (field) data in the FWI.

Throughout this thesis, we closely look into the advantages of using horizontal-force
source data in FWI for the purpose of reconstructing reasonably well the p distribution in
soils. To this end, to the best of our knowledge, this is possibly the first ever attempt to carry
out 3D FWI using field-acquired horizontal-force source data. In addition to the reduced
parameter-coupling effect, we recognize also other clear benefits of using horizontal-force
seismic sources. Chapter 2 shows that SH-wave FWI can resolve the spatial variation of
not only p, but also of Vg up to at least 15 m depth in soil; the obtained image gives
seismic wave travel times that are in close agreement with the first-arrival travel times in
the SCPT data. This result is significant for many near-surface applications, where the main
target is to image the distribution of Vs. In Chapter 4, further investigation on synthetic
data reveals two other merits of using horizontal-force seismic sources over vertical-force
sources: robustness of FWI to noisy data and relatively high-resolution in the derived
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images. The noise robustness of the FWI results (p image) in case of the horizontal-force
data is explained by the large energy in the scattered wavefield due to the perturbation in p.
Considering a point-localized perturbation model, we illustrate the ability of the horizontal-
force data to construct a high-resolution gradient for both Vs and p, thereby making the
model update more focused to the perturbation. Moreover, the parameter-coupling effect on
the inverted p can be spatially limited in case of horizontal-force source data. Inversion tests
using two different subsoil models demonstrate that 3D FWI applied to horizontal-force
source data leads to reconstruction of higher-resolution Vs images that have fewer local
artifacts, compared to vertical-force source data.

Chapter 5 presents a 3D field application to illustrate how the seismic-source compo-
nent can be selected for accurate reconstruction of Vs and p through FWI. We encounter
a major challenge when using the inline horizontal-force source dataset in FWI. 3D FWI
applied to this dataset fails to extract a reasonable subsurface model and satisfactory wave-
form matching, even when the lowest-frequency components available in the field data are
used. Detailed numerical investigation reveals that this problem is due to erroneously sim-
ulated leaky waves, which are pronounced in specific source-component data. We exclude
leaky-wave-contaminated records as input to FWI. For horizontal-force source data, we use
the crossline horizontal source- and receiver-component records which are dominated by
SH/Love waves, while only vertical-component records are used for FWI of vertical-force
source data. This selective use of data results in good waveform matching for a given
initial model. We compare three source component records, namely vertical force and two
cross-polarized horizontal force sources. Compared to using vertical-force source data,
FWTI applied to SH/Love-wave dominated horizontal-force source data captures better the
3D spatial variation of Vs and p. The obtained spatial variability matches with the inde-
pendent measurements of Vs and p (ground truths). The difference in the performance of
FWI for different source components can be attributed to the difference in the correspond-
ing misfit functions. For horizontal-force source data, the effect of sensitivity of p on the
misfit function is much greater, whereas sensitivity of Vp is very low. This selective use of
source and receiver components makes the inversion more focused on the reconstruction of
Vs and p, leading to a better reconstruction of both parameters. Importantly, this chapter
also demonstrates that further improvement in the performance of FWI can be achieved by
making simultaneous use of two cross-polarized horizontal-force sources. This joint FWI
scheme contributes to reducing the local artifacts that appear when only single-component
horizontal-force data are used in FWI, and thereby this helps in recovering a much finer p
structure. The improved p estimates are better comparable to the spatial distribution of soil
types, as estimated from an extensive field CPT campaign. The joint FWI also improves
the misfit values at the convergence, compared to single-source-component FWI. The si-
multaneous use of two cross-polarized horizontal-force sources results in a more favourable
shape for the misfit function, for instance, ones that have less severe local minima.

We conclude that, in 2D and 3D FWI, the use of horizontal-force seismic source data
and SH/Love-wave-rich receiver component leads to more reliable imaging of p and Vg
variability in the near-surface soils.

Next, we discuss the economic implication of the results obtained in this research. In
the past, there have been attempts to improve the value of the estimated p from FWI by
implementing advanced optimization algorithms, for example, using a truncated Newton
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method (see Sections 2.1 and 4.1). The truncated Newton method modifies the shape of
the misfit function to a more favourable one using the (accurately) estimated inverse of the
Hessian. This reduces the local minima due to parameter coupling. But these approaches are
generally computationally quite expensive because their implementation requires iteratively
solving the Newton’s equation using the second-order adjoint equation. This computational
burden becomes quite heavy in case of 3D FWI. In contrast, the approach that we have
proposed in this thesis attempts to obtain, through selective use of source and receiver
components, a misfit function which is suitable for accurate reconstruction of p. This
approach allows us to use still the gradient-based inversion which is less expensive, in order
to extract reasonable and useful information about p variability in the subsoil. The efficacy
of the data-selection approach is validated through 2D (Chapters 2 and 3) and 3D (Chapters 4
and 5) applications. Especially in 2D, SH-wave FWI is preferable from computational point
of view (less computation time and lower memory requirement) than using P-SV/Rayleigh-
wave data. This insight is useful for near-surface applications, because the available funding
is generally much less there compared to deeper exploration-scale projects. Also, our
developed approach, involving seismic interferometry, to reduce spatial aliasing effect due
to sparse source distribution (Chapter 3) helps in limiting the need of many sources in the
field for achieving sufficient resolution and reduced artifacts in the FWI-derived images.
This should be beneficial also in near-surface temporal monitoring using FWI.

In this research, efforts have been made to collect independent ground-truthing data
from the field as much as possible. For this purpose, many CPTs and SCPTs are performed
to evaluate the lateral variability in soil. Also, shallow density logging, and estimation of
density in the laboratory on soil samples are performed at different locations at our test site.
These independent field measurements and laboratory tests are carried out by Fugro. We
have tested the FWI results against these ground truths. In Chapter 2, the spatial variability
of p derived from 2D SH-wave FWI is found to correlate with the variability of Vg and p
deduced from independent measurements, and with that of soil types from the CPT surveys.
FWI can delineate the spatial change in the attitude of the sharp boundary separating the
shallow sand layer from the deep alternating layers of soft sand and stiff clay, and a laterally
continuous high p layer. Moreover, the difference in p between shallow and deep sand layers,
implying different porosities, is distinguishable in FWI results. In Chapter 5, FWI using
simultaneously two cross-polarized horizontal-force seismic sources succeeds to capture the
fine-scale changes in the soil, indicative of the laterally heterogeneous sand and clay layers.
This matches with the changing soil layering seen in CPT surveys. Having independent
ground truths, if feasible and affordable, is important in order to evaluate the FWI results
and/or optimize the inversion so as to get reliable results.

6.2. RECOMMENDATIONS FOR FUTURE WORK

In this thesis, we have demonstrated the advantages of using horizontal-force source data in
FWTI to obtain reasonably accurate spatial variation of p and Vg through 2D and 3D FWL
However, our understanding of the underlying physical mechanism is still not sufficient.
In the scope of this research, we could not disentangle the degree of contribution of the
different wave modes, that are generated by the horizontal-force sources (e.g., SH- and
SV-body waves, fundamental-mode surface waves, and higher-mode surface waves), to the
reduced parameter coupling and to the reconstruction of the high-resolution gradient in
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FWI. More in-depth research on this topic can be beneficial. For instance, the selective use
of a specific wave mode in FWI could further improve the p estimates. If true, this can be
useful in different scales — near-surface, deeper exploration, or global scales.

We have not checked the results of FWI using jointly vertical- and horizontal-force-
source seismic records. This is because, in our research, the vertical-force data alone is
found to offer relatively inferior p estimates (Chapters 4 and 5). Wittkamp et al. (2018) have,
however, presented 2D FWI results using simultaneously vertical-force data (P-SV/Rayleigh
wave) and horizontal-force data (SH/Love wave), showing improved resolution and reduced
parameter coupling, in case a sufficiently accurate staring Vp model is used. Irnaka (2022
has also suggested that simultaneous use of vertical- and horizontal-force source datasets
offers enhanced image resolution in FWI. In our research, we have found that using simulta-
neously two cross-polarized horizontal-force datasets leads to a more favourable shape for
the misfit function for estimating p. The simultaneous use of vertical- and two horizontal-
force source data might offer further improvement in this regard.

More advanced optimization approaches are likely to be more affordable in the future.
They will require less computation resources than now. The computation power will also
increase in the future. Much more performance enhancement for FWI is anticipated if these
improvements are incorporated into the strategies and approaches that we have presented
in this thesis. For instance, the truncated Newton method, which is powerful to reduce the
parameter coupling and to enable more accurate model building (Gao et al., 2021, 2023),
can be used with two cross-polarized horizontal-force source datasets to improve the results
of FWI further. Also, the use of the Hessian inverse into the inversion have been found,
mostly on vertical-force source data, to suppress artifacts caused by the limited seismic
illumination and to enhance the resolution (Tran et al., 2019). It will be useful to check
if further improvement is achievable if two cross-polarized horizontal-source datasets are
used in this approach.

We have addressed in Chapter 3 the difficulty in 2D FWI in case the seismic sources
are sparsely distributed. Spatial aliasing causes artifacts and reduces the resolution of the
FWI image. The spatial aliasing issue is more severe in case of 3D FWI. The need of
more seismic sources in 3D FWI dramatically increases the cost. In case of sparse source
distribution, only a heavily smoothed subsoil model can be obtained from 3D FWI, as
illustrated in Chapter 5. The limited resolution in the results of 3D FWI of field data, that
we have illustrated in Chapter 5, is primarily due to relatively large source spacing used
in the field experiment due to time- and resource-constraints. As a result, the maximum
frequency that we could use (to limit the spatial aliasing effects) in FWI is only 25 Hz. This
issue can be alleviated in the future if proper care is taken during data acquisition and/or
spatial sampling is enhanced by extending techniques like seismic interferometry (Chapter
3) to 3D.

In our tests, we use a global-correlation misfit function to measure the difference between
observed and simulated waveforms. This phase-focused misfit function ignores the inter-
trace amplitude variation, and normalizes each trace using the maximum amplitude. It is
chosen so as to use the near-offset and the far-offset data equally in FWI. The signal in the far
offset is strongly attenuated. Also, the effect of varying receiver coupling with the ground
is reduced by this normalized misfit function. However, Ptonka et al. (2016) have indicated
that the subsurface p values are much more sensitive to seismic amplitude variation than
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to travel-time variation. Therefore, effective use of the amplitude information is probably
necessary in the future to enhance the accuracy and resolution of the inverted p by FWI. In the
near-surface scale, the inversion using amplitude data would need more careful consideration
of the inelastic attenuation (Qp and Qg ), which significantly affects the amplitudes in the
observed seismograms. In our research, a constant Q value is assumed over the whole model.
Inverting for laterally varying Q in the framework of multi-parameter inversion should be
possible, though a more careful consideration of the parameter coupling involving Q is still
required (e.g., Gao et al., 2020, 2021, 2023). Moreover, the source/receiver coupling with
the ground should be taken into consideration to increase the robustness of inversion (e.g.,
Maurer et al., 2012; Hu et al., 2021).

The limited resolution in some of our results on field data (Chapters 3 and 5) is mainly
due to the limited maximum frequency used in FWI (40 Hz for 2D FWI discussed in Chapter
3, and only 25 Hz for 3D FWI in Chapter 5), although our field data contain much higher
frequencies. The practical reason for this is that limiting the higher frequencies makes the
computation time of FWI more manageable for us, while still providing important insights
- as presented in this thesis. Limiting the computation burden helps particularly in case of
3D FWI. However, there are also important technical reasons. At low frequencies much of
the recorded energy in the field data is that of surface waves. The reason of limiting the
maximum frequency to 40 Hz in Chapter 3 (2D FWI) is two-fold. Firstly, through seismic
interferometry of near-surface seismic data we preferentially retrieve the surface waves over
the body waves. This is mainly because the sources on the free surface fall into the so-called
stationary-phase region of the surface waves (D. Halliday et al., 2007, 2008). Surface waves
dominate the near-surface seismic data. Therefore, having higher frequencies (above 40 Hz)
will enhance the presence of body waves, and the proposed approach involving merging of
retrieved virtual source (surface wave) data with the real field data will be less effective.
Secondly, for a maximum frequency of 40 Hz, spatial aliasing still occurs, particularly for
the lowest-velocity surface waves, when the source spacing is 2 m (which is the case in
our 2D field dataset, see Chapter 3). This results into artifacts (striped pattern) in the FWI
result. Spatial aliasing is especially problematic for FWI of seismic data from soft soil
sites, because of the very low surface- and shear-wave velocities in soft soils. When the
virtual shot gathers containing surface waves are merged with the actual field shot gathers,
the source spacing decreases to 1 m in the merged dataset (Chapter 3). We do see that the
aliasing-related artifacts are significantly reduced and the p estimates are more accurate in
the results of FWI performed on the merged dataset (see Section 3.3.3). The reasons for the
low resolution in our 3D FWI results on field data are, firstly the used maximum frequency
of only 25 Hz, and secondly the Gaussian smoothing filter applied to the gradient of the
misfit function to reduce artifacts due to spatial aliasing in the data. The spatial aliasing
occurs because of the source spacing of 8 m in our 3D field data (due to time and resource
constraint). These reasons are discussed in detail in Section 5.6.3. In case the source
spacing was very fine and/or aliasing-free seismic dataset could be successfully retrieved
using techniques like seismic interferometry, and if the computation time/cost was not of
concern, then one could use much higher frequencies that are present in the data and, thereby,
achieve significantly higher resolution in the FWI results, while also benefiting from both
surface- and body-wave information. This should be the target in the future, if technically
possible and economically affordable. With increasing availability of large computation
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power, many receiver channels in near-surface seismic data acquisition, distributed acoustic
sensing (DAS) technology with high spatial sampling rate (e.g., Y. Pan & Gao, 2023), and
new algorithms enabling near-surface FWI successful even when the source and/or receiver
spacing is not sufficiently fine (e.g., Nuber et al., 2017; J. Li et al., 2024), the findings in our
research will be more useful in the future to achieve very high-resolution, accurate imaging
of Vs and p distribution in the shallow subsoil.

In recent years, to mitigate the well-known cycle-skipping issue, several misfit functions
based on the optimal transport theory have been proposed and applied to seismic data in
different scales (Métivier et al., 2016; Métivier et al., 2018; Borisov et al., 2025). H. Liu
et al. (2024) have proposed a Wasserstein distance-based misfit function, also based on the
optimal transport theory, to improve the ability of FWI to reconstruct p. They have shown
that this misfit function is more sensitive to the low-frequency components, compared to the
conventional least squares of I, norm. They have tried to achieve through data processing
an appropriate shape of the misfit function that leads to successful inversion results. In this
research, we have also targeted to obtain an appropriate shape of the misfit function for p
inversion, by making selective use of a specific source-component dataset. We anticipate
that the combination of our proposed data-selection approach with the data-processing
techniques (e.g., H. Liu et al., 2024) will contribute to achieving an even better shape of the
misfit function for the purpose of p imaging.
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