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ABSTRACT

The emerging availability of high-quality geophysical observations motivates the

development of new methodologies to better extract the key information contained

in the datasets. In this thesis, I present methodological developments utilizing two

types of geophysical data. Firstly, in Chapter 2, I make use of the observations

recorded at the newly-available dense seismic arrays and propose a new method

for estimating the seismic receiver functions (RFs). RFs have been widely used in

global seismology to probe the structural discontinuities in the interior of the Earth.

By exploiting the coherency in RFs at neighboring stations, the new method adds the

RF coherency as a key constraint in RF estimation, which directly addresses issues

such as non-uniqueness and over-�tting in conventional ways for RF estimations. I

show a pilot application of this method to real data that demonstrates its advantages

on obtaining high-quality RFs on short-term (e.g., one month) high-density seismic

pro�les. Secondly, in Chapter 3 and Chapter 4, I take advantage of the temporally

dense Synthetic-Aperture-Radar (SAR) imagery. In these two main chapters of my

thesis, I focus on understanding the temporal variations in the buttress stress of

Antarctic ice shelves and develop new methodologies for observing tidally-induced

ephemeral grounding of ice shelves on the sub-shelf bathymetric highs. This ob-

servational study provides new insights into the buttressing e�ect of ice shelves

and improves our understanding of the dynamics of Antarctic ice �ow including

the short-term (days to weeks) response to tidal forcing and the long-term (tens to

hundreds of years) response to changes in climate. Speci�cally, in Chapter 3, I

illustrate the methodological development and an application to Rutford Ice Stream

(RIS), West Antarctica; in Chapter 4, I further apply the new methods to Evans

Ice Stream (EIS), an ice-stream-shelf system signi�cantly larger than the RIS with

multiple upstream tributaries and complex grounding line. At both RIS and EIS, I

�nd abundant zones of ephemeral grounding in the vicinity of the grounding zone.

These two studies provide direct evidence for the asymmetric response of ice �ows

to tidal forcing, which causes the observed strong fortnightly variation in horizontal

�ow. With the projected oceanic warming, our observations of ephemeral ground-

ing will help quantify the increase in ice �ow rate in the long-term caused by the

loss of buttressing stress due to ice-shelf thinning.
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C h a p t e r 1

INTRODUCTION

Better geophysical observations of the Earth are crucial in enhancing the knowledge

of many fundamental problems in Earth system, including the origin and mecha-

nisms of natural hazards, the search for and sustainable use of natural resources,

and environmental responses to climate changes. Seismological and geodesic ob-

servations are two important categories of geophysical data. Studies utilizing seis-

mic observations can depict the Earth's interior structures and earthquakes rupture

process. Studies based on geodetic observations reveal the space-time evolution

of surface deformation associated with various geophysical phenomena, including

seismic cycles, tides, sub-surface migration of magma and water, etc.

The availability of high-quality observations is a fundamental catalyst for advances

in geophysical studies. Large sizes of datasets are currently being generated via

various types of geophysical tools, including dense networks of seismometers, dis-

tributed acoustic sensing systems, earth-orbiting satellites, dense networks of GPS

observations, etc. In thesis, I focus on two types of geophysical observations�the

spatially dense seismic-array observations and temporally dense synthetic-aperture-

radar (SAR) observations. For the seismic-array observations, there have been

continuous e�orts to improve the spatial resolution through deployment of dense

seismic arrays, to increase the number seismic stations, and to decrease the station

spacing (Figure 1.1a-d). For SAR observations, which guarantee high spatial res-

olution, improving the temporal resolution of SAR observations has always been

a desire of the community. Last two decades have seen continuous decrease in

the revisit time of SAR acquisitions. With the rapid increase in SAR missions,

jointly using observations from multiple sensors can provide even higher temporal

resolution (Figure 1.1e-h).

These two types of emerging datasets (Figure 1.2) o�er new opportunities for ob-

taining geophysical observations at unprecedented spatial and temporal resolutions.

However, to extract key information from these datasets, often required are new

methodologies based on speci�c geophysical problems. The new methodologies

can take advantage of the data redundancy to reduce uncertainty in estimation or

can model more detailed information in the data to reveal complex geophysical
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Figure 1.1: The emerging seismic and SAR observations. (a-d) The increase in the
number of stations and decrease in the station spacing of dense seismic array pro�les
(Kim et al., 2010;Ma and Clayton, 2016;Ward et al., 2018;Wang et al., 2021). (e-g)
The decrease in the revisit time of SAR observations. (h) SAR missions from 1990s
to 2020s.

processes. In this thesis, I present two lines of study in which the methodological

development plays a key role:

1. I propose a new technique in re�ection seismology to image the structural

discontinuities in Earth interior using seismic data recorded by dense nodal

arrays. I demonstrate this technique by applying it to a dense network of

seismic nodes in Oklahoma basin, and provide high-resolution images of the

shallow sedimentary structures (Chapter 2).

2. I develop a new method employing a nonlinear time-dependent 3-D dis-

placement model to identify and quantify tidally-induced ephemeral ground-

ing of ice shelves on sub-shelf bathymetric highs in Antarctica, using dense

Synthetic-Apeature Radar (SAR) imagery. I apply this method to two main

ice-shelf-stream systems in west Antarctica and reveal abundant undocu-

mented zones of ephemeral grounding. The observation of ephemeral ground-

ing improves our understanding of the buttressing e�ect of ice shelves (Chapter

3 and Chapter 4).
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Figure 1.2: The characteristics of emerging seismic and SAR observations�
increasing spatial resolution in seismic observations and increasing temporal reso-
lution in SAR observations.

Chapter 2 is adapted from a published paper (Zhong and Zhan, 2020). For this new

technique on re�ection seismology proposed in this chapter, the presented imaging

of the sedimentary structure in the Oklahoma basin is a pilot application. There is a

follow-up work of this method that includes its optimization and further applications

(Wang et al., 2021).

The main parts of this thesis are the methodology and the applications in Chapter 3

and Chapter 4 to study tide-induced sub-shelf ephemeral grounding in Antarctica.

These two chapters are adapted from two manuscripts in preparation for submission

as Zhong et al. (n.d.[b]) and Zhong et al. (n.d.[a]). Because we use the same

methodology in Chapter 3 and Chapter 4, the methodology section in Chapter 4 is

a brief review of that in Chapter 3.

In Chapter 2, I present our study on developing an array-based receiver function

deconvolution method for improving the imaging of subsurface structures from

emerging dense seismic-array datasets. Receiver function (RF) is an indispensable

tool in global seismology to probe the structural discontinuities in Earth interior.

The most widely used classical teleseismic P-wave RF isolates receiver-side struc-

tures from source and path e�ects by deconvolving vertical component from radial
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component of recorded seismograms at one station to highlight the P-wave-to-S-

wave conversions at structural discontinuities (e.g., Vinnik, 1977, Langston, 1979,

Ammon, 1991). In this study, I focus on improving RF estimation along a dense

pro�le of stations, a common layout of seismic experiments to get a cross-section

of target areas (e.g., Nábelek et al., 2009, Kim et al., 2010, Ma and Clayton, 2016).

The conventional practice is that RFs are estimated independently at individual sta-

tions, and are then combined to form a 2-D RF pro�le. The coherent phases on the

pro�le are then tracked and interpreted as structural discontinuities. However, due

to the ill-posedness of deconvolution, or more speci�cally non-uniqueness and data

over-�tting, RFs often include spurious phases and are di�cult to interpret.

I propose a new array-based RF deconvolution method towards improving RF esti-

mation on dense arrays. Its main characteristic is to exploit the coherency of RFs

at neighboring stations on dense-arrays. The advantages of exploiting coherency

in RFs in the estimation stage are two folds: (1) The new constraint of coherency

in RFs serves as a regularization in RF estimation which signi�cantly reduces the

non-uniqueness and over-�tting in estimation. (2) The estimated RFs only include

coherent phases which makes the interpretation easier and bene�ts the following

imaging process using the estimated RFs (e.g., migration of RFs). I �rst present the

methodology including the inverse problem setup and the algorithm for parameter

estimation. Then, I show a synthetic test, where I compare this new method with

conventional RF practices. Finally, I present a real data application to the 2016

IRIS community wave�eld experiment in Oklahoma, where I show the challenges

the dataset poses to convention RF practices and how they are overcome by the new

method.

In Chapter 3, I switch to satellite geodesy and glaciology to observe tide-induced

ephemeral grounding of ice shelf on sub-shelf bathymetric highs and discuss the

implications of the observed zones of ephemeral grounding for the dynamics of

Antarctic ice �ow. The Antarctic Ice Sheet is fringed with �oating ice shelves

which have contact with sub-shelf bathymetric highs that generate resistive back

stress to tributary ice �ows (e.g., Thomas, 1979, Gudmundsson, 2013). This resistive

stress, often referred to as buttressing stress, plays an important role in regulating

Antarctic ice �ows (e.g., Joughin et al., 2012, Pritchard et al., 2012). It is interesting

to understand how temporal variations in the buttressing stress may impact the

tributaries. For instance, short-term (days to weeks) variations in buttressing stress

induced by ocean tides have been proposed as an underlying mechanism to generate
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strong fortnightly �ow rate variation at Rutford Ice Stream (RIS), West Antarctica

(Minchew et al., 2017, Robel et al., 2017). Tide-induced ephemeral grounding of

ice shelves on sub-shelf bathymetric highs which modulates the buttressing stress is

considered as an important underlying mechanism for this phenomenon.

In this study, I develop a new nonlinear time-dependent 3-D displacement model

that explicitly accounts for ephemeral grounding in the vertical displacement to infer

zones of ephemeral grounding from dense SAR imagery. The full work�ow of our

methodology includes two displacement models: a 3-D linear displacement model

which is based on modi�cation to the linear model used in Minchew et al. (2017)

for indirectly inferring zones of ephemeral grounding, and our new 3-D nonlinear

displacement model that both directly infers and quanti�es the process of ephemeral

grounding. The work�ow of our methodology starts from the linear model, then

constructs the nonlinear model using the results derived from the linear model and

an independent ocean tidal model, and �nally solves for vertical displacements with

ephemeral grounding and horizontal �ow variability.

I revisit the temporally dense 9-month long SAR dataset collected over RIS by

the COSMO-SkyMed 4-satellite constellation which was used in Minchew et al.

(2017). By applying our new methodology, I infer zones of ephemeral grounding

as well as the spatial-temporal variation of the fortnightly �ow variability. I �nd

zones of ephemeral grounding along the western ice-shelf margin as well as a few

prominent ephemeral grounding points in the central trunk of ice shelf and the

vicinity of the grounding zone. Our observations provide key evidence for tide-

modulated buttressing stress and the temporally asymmetric response of ice-shelf

�ow to tidal forcing at RIS. In the long-term, with projected ice-shelf thinning,

we should expect that RIS will accelerate if the ice shelf thins su�ciently that the

ephemeral grounding zones I have identi�ed remain permanently ungrounded over

the tidal cycle. Besides inferring ephemeral grounding, the new methodology also

produces improved estimates of secular velocity and fortnightly �ow variation at RIS

which are of higher resolution and contain less artfacts compared with the reported

values in Minchew et al. (2017).

In Chapter 4, I apply the methodology developed in Chapter 3 to Evans Ice Stream

(EIS), West Antarctica, to infer zones of ephemeral grounding and horizontal fort-

nightly �ow variability. Both EIS and RIS are tributary ice streams of Filchner-

Ronne Ice Strean (FRIS). The California-sized FRIS situated at Weddell Sea is

subjected to the largest ocean tides in Antarctica. The strong fortnightly �ow vari-
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ability which was �rst observed at RIS (Gudmundsson, 2006) was later proved to

present over the entire FRIS and all adjoining ice streams (Rosier et al., 2017) in-

cluding EIS by spatially sparse GPS observations. EIS and RIS, both situated on the

Zumberge Coast, experience very similar tidal forcing. EIS is a signi�cantly larger

ice stream than RIS with multiple upstream tributaries and a complex grounding

line. Unlike those ice streams adjoining the southern portion of FRIS, EIS is located

at relatively low latitude, so it is well covered by the ongoing right-looking SAR

systems (e.g., Sentinel-1 and COSMO-SkyMed). Therefore, it is both interesting

and viable to expand the observation to EIS to investigate the existence and in�uence

of zones of ephemeral grounding.

I jointly use synthetic aperture radar data (SAR) collected over EIS by Sentinel-1 two-

satellite constellation and COSMO-SkyMed four-satellite constellation over a 4-year

temporal coverage from 2017 to 2021. Our study, for the �rst time, provides complete

maps of zones of ephemeral grounding zones and spatial variability of fortnightly

�ow variability at EIS. The inferred zones of ephemeral grounding have prevalent

existence in the vicinity of the grounding zone which are the new observational

evidence for the asymmetric response of the ice-shelf �ow to tidal forcing at EIS.

The spatial variability of fortnightly �ow variability exhibits similarity with that at

RIS, but the modulation of fortnightly �ow rate on secular �ow rate is smaller at

EIS than RIS suggesting the intrinsic asymmetry in tidal response is smaller at EIS.

This inferred zones of ephemeral at EIS corroborate the observations at RIS and

demonstrate that the asymmetric response to tidal forcing is not unique to a single

ice stream. The abundant zones of ephemeral grounding at RIS and EIS suggest the

potential of tide-induced ephemeral grounding playing an important role in explain-

ing fortnightly �ow variability over the entire FRIS. Our study motivates similar

observations at other ice-shelf-stream systems and the central trunk of FRIS. The

accumulation of such observations will be crucial in advancing our understanding

of the buttressing e�ect of ice shelves and help make more realistic projections of

long-term dynamic response of ice �ow to ice shelf thinning at FRIS and beyond.

In summary, both lines of work in this thesis, though in distinct �elds, propose

new methodologies to extract key information from the emerging datasets. The

proposed RF method is motivated by the recent rapid deployment of ultra-dense

seismic networks. The proposed nonlinear 3-D displacement model to infer zones of

ephemeral grounding over ice shelves is enabled by the recently available temporally

dense SAR datasets. Our two lines of studies contribute to the respective �eld
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and show the possibility of pushing the limits of datasets through methodological

developments. Chapter 5 contains my closing thoughts on the experiences with

developing and applying the methodologies as well as possible follow-up work of

our studies.
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C h a p t e r 2

AN ARRAY-BASED RECEIVER FUNCTION
DECONVOLUTION METHOD FOR IMPROVING THE

IMAGING OF SUBSURFACE STRUCTURAL
DISCONTINUITIES

Abstract

Receiver functions (RFs) estimated on dense arrays have been widely used for the

study of Earth structures across multiple scales. However, due to the ill-posedness

of deconvolution, RF estimation faces challenges such as non-uniqueness and data

over-�tting. In this chapter, we present an array-based RF deconvolution method

in the context of emerging dense arrays. We propose to exploit the wave�eld

coherency along a dense array by joint inversions of waveforms from multiple

events and stations for RFs with a minimum number of phases required by data. The

new method can e�ectively reduce the instability of deconvolution and help retrieve

RFs with higher �delity. We test the algorithm on synthetic waveforms and show

that it produces RFs with higher interpretability than those by the conventional

RF estimation practice. Then we apply the method to real data from the 2016

Incorporated Research Institutions for Seismology (IRIS) community wave�eld

experiment in Oklahoma and are able to generate high-resolution RF pro�les with

only three teleseismic earthquakes recorded by the temporary deployment. This

new method should help enhance RF images derived from short-term high-density

seismic pro�les.

2.1 Introduction

Receiver function (RF) has been an indispensable tool in global seismology. The

classical teleseismic P-wave RF isolates receiver-side structures from source and

path e�ects by deconvolving vertical component (Z) from radial component (R)

(e.g., Vinnik, 1977, Langston, 1979, Ammon, 1991). RF has been applied routinely

to study crustal and upper mantle structures, such as basins, Moho, and subduction

zones (e.g., Zhu and Kanamori, 2000, Nábelek et al., 2009, Nikulin et al., 2009,

Levander et al., 2011, Ma and Clayton, 2016). The classical RF has also been

generalized to longer periods and S waves, to study the Lithosphere-Asthenosphere-

Boundary (LAB) and the mantle transition zones (e.g., Fischer et al., 2010, Miller
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and Agostinetti, 2012, Tauzin et al., 2013). In particular, wide applications of RF on

dense arrays have pushed Earth structure images to unprecedented resolutions (e.g.,

IRIS Portable Array Seismic Studies of the Continental Lithosphere (PASSCAL)

experiments in U.S., Tibet, and South America, and the EarthScope Transportable

and Flexible arrays; Eagar et al., 2011, Levander and Miller, 2012, Kumar et al.,

2012, Shen et al., 2013, Tauzin et al., 2013, Schulte-Pelkum and Mahan, 2014).

In this chapter, we focus on RF estimation along a dense pro�le of stations, a

common layout of seismic experiments to get a cross-section of target areas (e.g.,

Nábelek et al., 2009, Kim et al., 2010, Ma and Clayton, 2016). The conventional

practice is that RFs are estimated independently at individual stations and are then

combined to form a 2-D RF pro�le. The coherent phases on the pro�le are then

tracked and interpreted as structural discontinuities. To improve the RF resolution,

it is common to stack individual RFs obtained from many events that share similar

receiver-side structural responses. In RF imaging, the next step is to relate RFs to

physical structures through migrating or inverting RFs for re�ectivity and velocity

models. (e.g., Ammon et al., 1990, Dueker and Sheehan, 1997, Zhu and Kanamori,

2000, Gilbert et al., 2003, Xu et al., 2013). The new method we present here is

solely on RF estimation using arrays, not on deriving re�ectivity or velocity models

from the RFs.

Although dense-array RFs are widely used to reveal Earth discontinuities, it is

well known that obtaining high-resolution RF pro�les is far from being trivial

and sometimes challenging. This reason is often related to the ill-posedness of

deconvolution, or more speci�cally non-uniqueness and data over-�tting. As a

result, RFs often include spurious phases and are di�cult to interpret. These issues

related to RF deconvolution have been widely recognized and there have been many

e�orts in overcoming the challenges, which we summarize as the following three

categories:

1. Procedures for data and RF quality controls, especially for (semi-) automated

systems. For example, the IRIS EARS project has a conservative system

rating the RFs (Crotwell and Owens, 2005). Yang et al. (2016) developed a

RF quality control system with 13 procedures. The chosen criteria need to

account for the time span of seismic experiments as well as the quantity and

quality of available data.

2. Improved algorithms to stabilize the RF deconvolution. The most classical
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one is water-level spectral division (Clayton and Wiggins, 1976). The multi-

taper approach provides optimal spectra estimates by suppressing stochastic

e�ects thus further improving spectral division (Park and Levin, 2000). Time-

domain iterative deconvolution is probably the most widely used RF method

these days, due to its simplicity, robustness at suppressing ringing e�ects, and

ability to obtain consistent RFs from events of di�erent source spectra (Lig-

orría and Ammon, 1999). Gurrola et al. (1995) performed the time-domain

deconvolution as a regularized simultaneous inversion of a group of events, to

improve stability and suppress artifacts. Recently, more sophisticated statis-

tical deconvolution methods are proposed, involving Bayesian inference and

time series sparsity modeling (Yildirim et al., 2010, Kolb and Leki, 2014).

3. Stacking and post-processing of RFs. Stacking has been the most common

approach to improve RF quality. RFs estimated from a group of events sharing

receiver-side structural response are combined, often through some kind of

averaging, to produce the stacked one with random noise suppressed. When it

comes to RFs on dense arrays, RF post-processing can be another way towards

the same goal. For example, Wilson and Aster (2005) applied frequency-

wavenumber (FK) �lter to 2D RF pro�les to promote spatial coherency. On a

dense nodal seismic array, Ward et al. (2018) averaged individual RFs within

10km to suppress noise and produce coherent RF images.

In this chapter, we propose a new RF deconvolution method towards improving RF

estimation on dense arrays. Its main characteristic is to exploit the coherency of

dense-array RFs. Figure 2.1 is a schematic example of an RF dense array experiment.

The incoming teleseismic P wave converts to S wave at structural discontinuities.

Because of the small station spacing, RFs at nearby stations correspond to similar

ray paths and are coherent. The coherency exists for laterally smooth discontinuities,

as well as sharp features such as o�sets/steps in discontinuities or scatters due to

wave di�raction. Therefore, as long as the station spacing is substantially smaller

than the depth of structures, the coherency of nearby RFs is maintained.

We will demonstrate that the adoption of coherency can e�ectively address insta-

bilities in deconvolution. Intuitively, this is because the noise (e.g., instrumen-

tal/ambient noise, scattering from shallow/local heterogeneities) are incoherent,

while the waveforms constraining RF phases are coherent. Requiring RF to be

spatially coherent on a dense array naturally excludes the incoherent parts of wave-

forms from estimation. Problems, such as non-uniqueness and over-�tting, which
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are essentially related to noise, are thus largely suppressed. Although the idea of

combining the power of dense array to RFs is not new, most previous array-based

RF methods are actually on how to better translate RFs to subsurface structures

(e.g., Dueker and Sheehan, 1997, Bostock and Rondenay, 1999, Chen et al., 2005).

For these methods, RFs as the input are assumed to be generated from some stan-

dardized procedures. In exploration seismology, multichannel deconvolution has

been established (e,g� Wapenaar et al., 2011). However, in global seismology,

deconvolution on dense-arrays has not systematically moved into an array-based

fashion. The aforementioned FK �ltering approach (Wilson and Aster, 2005) is an

early work touching this possibility but focused on post-processing of RFs. The

method we propose treats RF coherency more rigorously by integrating it into RF

deconvolution.

To include RF coherency into estimation, we cast RF deconvolution as an inverse

problem, in which the deconvolution at a single station involves the nearby stations

to provide constraints. We design the inverse problem to be sparsity-promoting

by parameterizing RFs as a �nite number of coherent phases and seek the optimal

solution with the minimum number of phases required by data. We also jointly invert

seismic data from multiple events, instead of stacking individual RFs, for better

stability and rigorous treatment of data uncertainty (Gurrola et al., 1995). We adopt

the Bayesian formulation of inverse problem which provides the model posterior

probability distribution. The optimal RF and RF uncertainties are indicated by the

maximum a posteriori (MAP) estimation and marginal distributions of parameters.

The structure of the chapter is as follows. We �rst present the methodology in section

2, including the inverse problem setup and the algorithm for parameter estimation.

In section 2.3, we show a synthetic test, where we compare this new method with

conventional RF practices. Section 4 is a real data application to the 2016 IRIS

community wave�eld experiment in Oklahoma, where we show the challenges the

dataset poses to convention RF practices and how they are overcome by the new

method.

2.2 Methodology

2.2.1 Inverse Problem Setup: Single-Station Deconvolution

We �rst describe the inverse problem formulation of single-station deconvolution.

It lays down the foundation for the extension to the array-based version in section

2.2. We start from the simplest form of P-wave RF. Given a pair of vertical and
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Figure 2.1: Coherency of receiver functions on dense arrays. (a) Teleseismic P wave
(blue) impinges on subsurface structures below a dense seismic pro�le, including
a step along a velocity discontinuity (brown thick lines to the left) and a single
scatterer (the brown dot to the right), and generates Ps conversions (red). Due to
wave di�raction, the Ps phase recorded by the dense array should be coherent at
neighboring stations. (b) Illustration of coherent RFs for the �ve-station subarray
outlined by the green box in (a). Each coherent RF phase is parameterized by timing
t, slowness s, and amplitude a. For example,C3, B3, and03 characterize the negative
coherent phase whereB3 = � C3• � 3.

radial component of seismic records at a single station, the problem of P-wave RF

deconvolution can be expressed in frequency domain as:

' ¹l º = / ¹l º� ¹l º ¸ # ¹l º (2.1)

where' , / , and� are the spectra of the radial component, the vertical component,

and the RF respectively, and N is the spectrum of noise in the radial component. We

parameterize the RF by a �nite number of delta functions with di�erent amplitudes

and timings. Similar parametrization has been widely used in RF methods and

proves useful in producing consistent RFs from events of various source spectra

(e.g., Ligorría and Ammon, 1999, Kolb and Leki, 2014, Wang et al., 2016). With

this parameterization,� ¹l º can be written as:

� ¹l ; 08– C8º =
<Õ

8=1

08exp¹� 8lC8º (2.2)

where m is the number of phases, andC8and08are the timing and amplitude of the8-

th spike. For simplicity, we ignore the normalization factor in the Fourier transform,

which is eventually cancelled out in deconvolution. Using equation (2.2), we can

rewrite equation (2.1) as:

' ¹l º = / ¹l º
<Õ

8=1

08exp¹� 8lC8º ¸ # ¹l º• (2.3)



15

We can then solve for the RF parametersC8, 08 ¹8= 1–2–� � � – <º by minimizing the

squared mis�t of data and model prediction if< is known:

argmin











' ¹l º � / ¹l º

<Õ

8=1

08exp¹� 8lC8º












2

2

• (2.4)

We can �nd the optimal< through approaches such as L-curve (e.g., Hansen, 1992)

or cross-validation (e.g., Aster et al., 2018).

2.2.2 Inverse Problem Setup: Array-Based Deconvolution

Array-based deconvolution is built upon the single-station formulation with the

consideration of RF coherency. Here, we assume that any speci�c RF phase has

constant amplitude and slowness across a subarray (Figure 2.1b). With this as-

sumption, deconvolution at a particular station involves a subarray of stations to

provide constraints. For each phase, besides timing and amplitude, now we have an

additional parameter, slowness (s). For a subarray with n stations, the spectrum of

RF at the9-th station (9= 1–2–� � � – =) is:

� 9¹l º =
<Õ

8=1

08exp¹� 8l ¹C8¸ B8¹G9 � G2ººº (2.5)

whereG9 andG2 are the coordinates of station9and the center station. Therefore,

the array version of (2.3) for the9-th station is

' 9¹l º = / 9¹l º
<Õ

8=1

08exp¹� 8l ¹C8¸ B8¹G9 � G2ººº ¸ # 9¹l º ¹ 9= 1–2–� � � – =º• (2.6)

Putting all the n stations within the subarray together, we can write (2.6) into matrix

form

R = ZE¹) º ¸ N• (2.7)

Here, R = »R)
1–R)

2–� � � –R)
=¼) is a column vector formed by concatenation of

the spectra of the radial components at the= stations, whereR9¹1 � 9 � =º

is a column vector of the spectrum of the radial component at the9-th station.

Z = »Z)
1–Z)

2–� � � –Z)
=¼) is a diagonal matrix �lled by the spectra of the vertical

components at the= stations whereZ 9¹1 � 9 � =º is a column vector of the

spectrum of the vertical component at the9-th station.E = »E)
1–E)

2 � � � –E)
=¼) is a

column vector formed by concatenation of the spectra of the= RFs. The RF spectra

are parameterized by) : C8, B8and08 ¹8= 1–2–� � � – <º through equation (2.5).
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We adopt the Bayesian formulation of inverse problem (Tarantola, 2005). Assuming

zero-mean Gaussian uncertainties and uniform priors for all parameters, we have

the model posterior probability distribution

%¹) jRº / %¹Rj) º = exp¹�
1
2

¹R � ZE¹) ºº) C� 1
3 ¹R � ZE¹) ººº (2.8)

whereC3 is the data covariance matrix. We use a diagonalC3 without consideration

of covariance between di�erent frequency. The diagonal entries ofC3 are the

measurement error variances estimated from the pre-event noise and control how

data are weighted. Data is transformed into the frequency domain and all frequencies

within the chosen frequency band are jointly inverted for the �nal RFs. The choice of

frequency band depends on the scale of structures, noise level, instrument response,

etc, in the same way as in conventional RF estimations.

The pursuit of more sophisticatedC3 and the incorporation of modeling error (i.e.,

noise in the vertical components) are potentially important and left for future work

(Yagi and Fukahata, 2008, Duputel et al., 2012).

We can �nd the maximum a posterior (MAP) model estimation through

argmin) ¹R � ZE¹) ºº) C� 1
3 ¹R � ZE¹) ººº• (2.9)

The formulation (equation 2.7 and 2.8) above can be extended to jointly invert data

from events with similar receiver-side structural responses (Gurrola et al., 1995).

We prefer joint inversion to stacking the individual inversions for two reasons. First,

we can ingest our prior knowledge of the data quality into the estimation rigorously

through appropriate design ofC3 . Second, joint inversion helps promote model

sparsity by taking all events into consideration simultaneously to constrain the RF

phases.

Finally, the choice of subarray size,=, needs to account for two factors. First,

the subarray aperture needs to be substantially smaller than the depths of target

structures to satisfy our assumption of phase coherency, which states that the phases

within a subarray have the same slowness. Second, there needs to be enough stations

in the subarray to suppress non-uniqueness and over-�tting. Therefore, a seismic

pro�le with average station spacing substantially smaller than the depth of target

structures would be ideal for applying this array-based deconvolution method. For

the synthetic and real-data experiment shown in this chapter, we �nd a �ve-station

subarray setup is optimal. At the two edges of an array, we skip stations that do not

have enough nearby stations on both sides to form a subarray.
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2.2.3 Solving the Inverse Problem: Parameter Estimation

We employ a derivative-free search method�Neighborhood Algorithm (NA) to

�nd the optimal model by solving (2.9). NA is a non-linear optimization algorithm

developed in Sambridge (1999a). It conducts direct search in the multi-dimensional

parameter space in an iterative fashion. Given a set of initial models, in each iteration,

# Bnew models are generated from the neighborhood of the best#Aexisting models

from the previous iteration. Since NA searches in the full parameter space, the

computation complexity increases exponentially with the number of parameters.

For computational e�ciency, we take advantage of the linearity of the amplitude

terms in (2.5) and rewriteE¹) º in equation (2.7) to separate the amplitudes from

the nonlinear parameters of timing and slowness:

E¹) º = B¹C1– C2–� � � – C< – B1– B2–� � � – B< ºA (2.10)

whereB is the matrix containing the unit spike spectraexp¹� 8l ¹C8 ¸ B8¹G9 � G2ººº

constructed from the parameters of timing and slowness given the station coordinates

G1– G2–� � � – G=, and A = »01– • • • – 0< ¼) is a column vector of phase amplitudes.

Given any particular set of timing and slowness parameters, we can directly �nd the

optimalA through

A = ¹¹ZBº) C� 1
3 ¹ZBºº� 1¹ZBº) C� 1

3 R• (2.11)

This separation of linear and nonlinear parameters reduces the number of parameters

for the NA non-linear optimization by one third and therefore increases the overall

computation e�ciency signi�cantly.

To quantify the uncertainty of the RF parameters, we make use of the NA ensemble

of searched models, each of which is a sample of the model posterior probability

distribution (PPD) given by equation (2.8). We employ the ensemble appraisal

approach introduced in Sambridge (1999b). It �rst de�nes an approximate model

PPD by interpolating all the samples via Voronoi cells in model space. Gibbs

sampler is then used to perform e�cient importance sampling of this approximate

PPD, from which we can readily �nd the marginal distribution of parameters.

2.2.4 Solving the Inverse Problem: Iterative Strategy and Number of Phases

One key parameter in our inverse problem is the number of phases< . It not only

controls the computational complexity, but also re�ects how many phases the data

suggests. We want to design an objective approach to determine< with the goal of
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sparsity promotion��nding the RF with the smallest number of phases required by

data. Our strategy is to iteratively add new phases into the model, until the mis�t

reduction from adding a new phase is statistically insigni�cant. In each iteration, we

solve for the three parameters (i.e., amplitude, timing, and slowness) of the newly

added phase, while still adjusting the parameters for the existing phases around their

optimal values from the previous iteration. The adjustment of existing phases, which

is not included in conventional iterative RF methods (e.g., Ligorría and Ammon,

1999), is important because of the possible trade-o�s between the new and the

existing ones.

As more phases are added to the subarray RFs, the objective function, i.e., the

function to minimize in equation (2.9), will stabilize/converge. Beyond certain

number of phases, any new phases added are over�tting the data. In the conventional

iterative time domain method, the number is often set to be large (e.g., 100) to ensure

convergence of RF (Ligorría and Ammon, 1999). Instead, we stop adding new

phases when the distribution of residuals is statistically indistinguishable from the

converged/stabilized residual distribution with a large number of phases. Assuming

a zero-mean Gaussian data uncertainty# ¹0– f 2º, our stopping criterion is equivalent

to when thef < estimated for the RF with< phases is within certain con�dential

interval of thef 2 estimated for the converged RF. In practice, we �rst estimatef 2

by adding phases to inversion until convergence. Then we estimate the standard

deviation off 2 for the number of data points we included in inversion by parametric

bootstrapping. Finally, we choose the smallest number of phases that bring thef <

within one standard deviation off 2.

Note that the starting assumption of this strategy is that the residuals in the frequency

domain follow zero-mean Gaussian distribution. If the spectral power distribution

is strongly frequency-dependent, this assumption may not be appropriate. However,

additional data preprocessing steps, such as simultaneous spectral whitening of the

radial and vertical component, can help mitigate this issue.

2.3 Synthetic Test

2.3.1 Model and Synthetics

The synthetic test model is based on a 2-D �at subduction scenario (Figure 2.2a), with

reference to the central Mexico subduction zone. The oceanic plate �rst subducts

underneath the continental plate with a dipping angle of 17°then goes �at at50 km

depth for100 km, and �nally plunges into the mantle at 75°. For the continental
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Figure 2.2: Setup of the synthetic test for array-based RFs. (a) The P-wave velocity
model based on a �at subduction scenario to generate synthetic data. The two black
triangles indicate the �rst and last station of the virtual dense seismic array. Main
features to be captured by a RF pro�le include the low-velocity oceanic crust, the
continental Moho with a smooth topography, and a mid-crust discontinuity on the
continental side. (b) A snapshot of the simulated wave�eld, with the divergence and
curl showing the P-wave and S-wave �elds, respectively.

plate, we set the Moho to have a smooth topography and add a100 km-long mid-crust

discontinuity. The station distribution is similar to the Meso-America Subduction

Project (MASE) (Kim et al., 2010), with an even spacing of5 km, substantially

smaller than the depths of the target structures. We use a 2-D �nite di�erence

method (Li et al., 2014) to simulate the wave�eld from a cluster of seven teleseismic

events with the same azimuth aligned with the pro�le. The epicenter distances

are centered at 40°with 2 km spacing. Figure 2.2b is a snapshot of the simulated

wave�eld for one of the events. Each event has its unique source time function and

therefore di�erent frequency contents. We apply a1 Hz low-pass �lter to all the

synthetic data and add noise to the radial components. The noise is generated by

�rst �ltering the white noise in the same frequency band as the data, and then scaled

according to a pre-de�ned signal-to-noise ratio (8•7 dB).

2.3.2 RF Estimation

We �rst estimate RFs from the noise-free synthetics as a proxy to the �true� RFs,

by applying conventional iterative time-domain deconvolution at individual stations

(Figure 2.3a). The �true� RFs show features as expected, including negative and

positive phases related to the top and bottom edges of the oceanic crust. On the
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Figure 2.3: Synthetic test: full-array RFs. (a) Reference RFs estimated from
the noise-free synthetics of the center event at 40° using the iterative time-domain
deconvolution method. (b) Conventional RFs obtained by stacking the RFs estimated
separately from the noisy synthetic data of the seven events with noise. (c) RFs
estimated with the new array-based method by jointly inverting the noisy synthetic
data of all seven events.

continental side, Ps phases track well the lateral variation of Moho topography

and the mid-crust discontinuity. We then estimate RFs from the noisy synthetics

using conventional practices. We use the iterative time domain deconvolution for

individual RFs and stack the RFs from the seven events for the �nal RFs (Figure

2.3b). Compared with the �true� RFs (Figure 2.3a), main phases in Figure 2.3b

are trackable. However, weaker phases (e.g., mid-crust discontinuity) are distorted
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