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DISSERTATION ABSTRACT
Jiun-Ting Lin
Doctor of Philosophy
Department of Earth Sciences
December 2022
Title: Machine Learning in Large and Small Earthquakes: from Rapid Large Earthquake

Characterization to Slow Fault Zone Processes

This dissertation summarizes the work of integrating machine-learning and
traditional seismic analysis techniques into large and small earthquake problems.
Earthquake early warning for large magnitude earthquakes is one of the most challenging
problems in seismology. Here I develop an algorithm, called M-LARGE, that harnesses
machine-learning, rupture simulations, and GNSS data to rapidly predict magnitude
without saturation issue with an accuracy of 99%, outperforming other similar methods. I
then show how M-LARGE can predict finite fault parameters and their evolution when
rupture unfolds for fast and accurate ground motion forecasting.

This dissertation will demonstrate how machine-learning can be used as a data
mining tool to detect small magnitude seismicity buried in noisy waveforms. I will show
its application to detect LFEs, a special class of small earthquakes typically occur down-
dip of the seismogenic zone. The model detects more than five times the number of events
than the original catalog in Vancouver Island and can apply to unseen stations, which
provides a more flexible way to refine the temporal resolution of subduction zone processes.

Finally, I will show how do small and slow earthquakes link to large and fast events

and their implication on earthquake hazard assessment. With jointly inverted GNSS, strong
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motion, and tsunami data of the 2018 M7.1 Hawaii earthquake, I find that fast slip ruptures
into the area previously hosts slow slip. The result is further validated by rupture
simulations, where we find that the effective stress can be a factor that exerts a dominant
control on the rupture extent. This reinforces the idea that an individual section of fault can
host a variety of distinct slip behaviors, and slow slip should be considered as rupture extent
for a more accurate hazard assessment.

This dissertation includes previously published and unpublished co-authored

material.
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CHAPTER I

INTRODUCTION

Large and small earthquakes are two challenging problems in seismology. In this
dissertation, I will show what are the current limitations and how we integrate machine-
learning and traditional seismic analysis techniques into these difficult tasks. The dissertation
is composed of three main topics, with the summary work from two published papers
presenting in Chapter II and V, and two soon to be published manuscripts in Chapter III and
IV. In Chapter II and III, I will first introduce the challenges of earthquake early warning
(EEW) systems for large magnitude earthquakes, the science behind EEW, and our solution
that harnesses machine-learning, rupture simulations, and Global Navigation Satellite
System (GNSS) data for rapid large earthquake characterization and ground motion
forecasting. Second, in Chapter I'V, I will show how machine-learning can be used as a data
mining tool to detect low-frequency earthquakes (LFEs), a special class of small magnitude
seismicity typically occur down-dip of the seismogenic zone, the challenges of identifying
small magnitude seismicity buried in noisy waveforms, and how can the model help to refine
the temporal resolution of subduction zone processes. For the third topic, I will show how
do small and slow earthquakes link to large and fast events and their implication on
earthquake hazard assessment in Chapter V. Finally, I will show the conclusion and the
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future work in Chapter VI.

1.1 Large Magnitude Earthquakes

Large magnitude earthquakes are one of the most catastrophic natural hazards
threatening human safety and global economics. To mitigate the impact, EEW systems aim
to provide warning to the public and automatic systems before strong shaking onsets
(Given et al., 2014). However, despite more than thirty years since their first deployment,
problems in magnitude underestimation and limitations in near-field seismic data exist,
making current EEW systems challenging in providing accurate and timely warnings for
large Mw7.5+ earthquakes. For example, the 2004 Mw9.2 Sumatra earthquake was
initially classified as a Mw8.0 earthquake until few days later, when observations of Earth’s
free oscillations revised the magnitude to Mw9.2 (Park et al., 2005; Stein & Okal, 2005).
Additionally, the 2011 Mw9.0 Tohoku-Oki earthquake, a catastrophic tsumanigenic
earthquake was first estimated to be a Mw8.1, which resulted in underestimating of both

the shaking and tsunami intensity (Colombelli et al., 2013; Hoshiba et al., 2014).

1.1.1 Science of EEW

Magnitude underestimation, or saturation (Geller, 1976) is a result of two factors.
The first is observational; it is produced by limitations of seismic monitoring equipment.
Seismometers are inertial systems and, in the near-field, strong ground shaking, produces
rotations and tilts that accompany the usual translational motions, leading to poor
characterization of long period and large ground motions necessary for proper magnitude

assessment. The second reason is physical. Large earthquakes take a finite amount of time,
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usually tens of seconds to minutes, to release their moment. During the process, it is a
matter of debate that when does the rupture differentiate between small and large
earthquakes and be distinguishable from observed data (Mori & Kanamori, 1996; Rydelek
& Horiuchi, 2006; Meier et al., 2016, 2017; Melgar & Hayes, 2017).

Whether earthquakes are deterministic is not only a scientific question but also the
heart of the EEW algorithms. The determinism of earthquake rupture is postulated early in
Olson & Allen, (2005). In this model, the first few seconds of rupture contain information
on the final fate of an earthquake. If so, an EEW algorithm should focus on the first few
seconds of the waveform and predict the final rupture characteristics. The opposite view,
that earthquake is non-deterministic (Rydelek & Horiuchi, 2006), suggests that the initial
rupture shows no differences between small and large earthquakes, and one must simply
wait for the entire source process to conclude before any assessment is possible. Although
this non-determinism is recently revisited by Meier et al., (2016, 2017), most arguments
are based on the band-limited seismic-based observations and limited dataset. Another
study shows a compromise model of weak-determinism (Melgar & Hayes, 2017). In this
view, large earthquakes and very large earthquakes are not distinguishable at their
nucleation stage from global navigation satellite system (GNSS) observations; however, as
the ruptures evolving, the waveforms have observably different behavior for different
magnitude events within the first tens of seconds and well before the rupture has finished.
Even though this view is again challenged by a weaker form of determinism that different
magnitude earthquakes have similar growth rate and cannot be separated earlier than half
or one-third of the duration (Meier et al., 2021), weak-determinism seems to be a consensus

that an EEW algorithm should rely on.



1.1.2 From Science to Practice: Next Generation of EEW System

Although the earthquake rupture determinism remains debated, an algorithm that
seeks to progressively update the source prediction when large rupture unfolds has become
a more feasible solution for practical purpose. For such goal, an EEW algorithm must meet
the following criteria: 1) the model is flexible that it does not rely on an a priori weak-
deterministic parameter, which is still unknown, to predict the final source characteristic;
2) the model can predict unsaturated result for large magnitude events; and 3) the model
has to rely on the fastest observations i.e. near-field data, while still capable of recovering
actual motions from large earthquakes. Taking these into consideration, in Chapter II and
Chapter I11, I will show our work with applying machine learning, rupture simulations, and
unsaturated GNSS data to rapidly and accurately determine large earthquakes magnitude

and other source parameters that can be further utilized for earthquake hazard forecasting.

1.2 Small Magnitude Earthquakes

Small magnitude earthquakes are another challenge in seismology. As opposed to
large earthquakes that radiate significant energy in the form of seismic waves and can be
recorded by distant instruments, small earthquakes release less energy and produce weaker
seismic waves that are, sometimes, difficult to detect. Understanding small magnitude
earthquakes is important because all large earthquakes start from a small one, and they
have shorter recurrence intervals (from days to months) than large earthquakes (from tens

of years to hundreds of years), providing more feasible ways to understand earthquake
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hazards given the short instrument recording history. However, identifying small
earthquakes usually requires manually checking and picking from human experts, which
involves tremendous work hours and effort. Furthermore, because of the low signal-to-
noise ratio, only a few of them can be identified manually from the raw waveforms.
Template matching, or cross-correlation technique, a method that calculates the similarity
between two waveforms, has become an alternative tool and has successfully been applied
to detect small magnitude events (e.g., Gibbons et al., 2006), and earthquake swarms (e.g.,
Shelly et al., 2007). This technique is based on the idea that earthquakes repeatedly break
the same faults at roughly the same location and generates repeating waveforms that can
be identified by multiple stations. Here in this dissertation, I will focus on the LFEs, which
are a special class of small seismicity, that usually occur down-dip of the seismogenic zone
(Obara, 2002; Katsumata & Kamaya, 2003). In the next section, I will introduce the

background of LFEs, and our machine-learning method to identify them.

1.2.1 Low-Frequency Earthquakes

LFEs are a special class of small magnitude earthquake (i.e., usually <M2) and is
first discovered in Japan (Obara, 2002) and Cascadia Subduction Zone (Rogers and Dragert,
2003). Since their first discovery, it is now clear that LFEs occur in most subduction zone
environments e.g., downdip of the Alaska-Aleutian Subduction Zone (Brown et al., 2013);
Mexican Subduction Zone (Frank et al., 2013); below the southern Vancouver Island
(Bostock et al., 2012), and on some continental faults e.g., central San Andreas Fault
(Nadeau & Dolenc, 2005; Shelly & Hardebeck, 2010). Compared to regular earthquakes,

the slip rate and stress drop of LFEs are 2-3 orders of magnitude smaller for the events with



same seismic moment, and thus resulting in lacking high-frequency content in the
waveforms (Chestler & Creager, 2017; Thomas & Beroza, 2016).

The mechanisms of LFEs are believed to be: 1) involved fluids, or 2) be due to slow
slip and breaking of the plate interface. The first mechanism that LFEs can be generated
by the movement of fluids, such as hydraulic fracturing (Obara, 2002; Seno & Yamasaki,
2003), or coupling between the rock and fluid flow at depth (Katsumata & Kamaya, 2003).
Some potential sources of water which promote this mechanism are 1) extraction of
interstitial water from oceanic crust; 2) dehydration from minerals in the oceanic crust; and
3) dehydration from minerals in the mantle wedge (Katsumata & Kamaya, 2003).

The second mechanism of the LFEs is that they are generated by slow slip on the
plate interface that accelerates when braking geometric or physical irregularities i.e.,
asperities (Obara & Hirose, 2006). In this case, although fluid may play an auxiliary role
that favors the slipping condition, it is not the primary source generating LFEs. This type
of LFEs is often accompany with slow slip events (Obara & Hirose, 2006; Ide, Shelly, &
Beroza, 2007; Ito et al., 2007), which can be further used as an indicator to understand
subduction zone activity and hazard. For example, Yamashita et al. (2015) show that LFEs
off Southern Kyushu, Japan, migrate toward shallow portion of the subduction zone where
big earthquakes are generated, and may cause stress accumulating in the region that
generate large and tsunami earthquakes in the future. Similarly, Saffer & Wallace (2015)
show that with favorable conditions, LFEs, slow earthquakes or slow slip can occur in
shallow subduction zones, an area often associated with large and tsunami earthquakes e.g.,

2011 Mw9.0 Tohoku earthquake (Kato et al., 2012; Ito et al., 2013).



This raises a fundamental question that what mechanism of the LFEs activity in a
known region is and whether they provide any insight for future hazards in the region.
Because the waveforms of different mechanisms are indistinguishable themselves, one
must rely on their spatial and temporal evolution to indicate an actual physical process,

which will require a completed catalog for LFEs to do so.

1.2.2 Challenges in Detecting Small Magnitude Seismicity

Obviously, one challenge in detecting the LFEs or small magnitude seismicity
activities is their low signal-to-noise waveforms. Although the template matching method
has shown its reliability, it always requires repeating sources that produce similar signals.
If a fault or seismic source can migrate or rupture as a different focal mechanism, this
approach would be challenging to detect such processes. The second challenge is flexibility.
The method requires a pre-identified template to search for new events. This requires the
same set of waveforms at the same stations, making the method challenging in applying to
a new region where no events or templates have been identified or adding new stations in
the old region. The last challenge is computational. Template matching requires cross-
correlation function from multiple stations and their stacking to identify events. This is
computationally expansive because the time complexity is proportional to the length of
waveforms to be detected, the number of templates, and the size of the network. For a large
and long-operating network where many stations and templates are considered, the full-

scale computation is almost infeasible.



1.2.3 Machine Learning as a Data Mining Tool

Nowadays, machine learning has become a popular tool in seismology (Mousavi &
Beroza, 2022), and for earthquake detection (e.g., Ross, Meier, Hauksson, et al., 2018; Zhu
& Beroza, 2019; Mousavi et al., 2020). Despite some variations in different methods, the
idea of these models is all based on the detection of P- and S-wave arrival from a given
time series. Compared to the template matching technique, this does not require always the
same repeating source and the same sets of stations. Because LFEs are small and rarely
generate clear P- or S-wave, whether they can be identified by machine learning method
remains unknown until recent study specifically applied machine learning to identify LFEs
in Parkfield, CA (e.g., Thomas et al., 2021). In Chapter IV, I will introduce our work
focused on applying such technique as a data mining tool to detect LFEs in Vancouver

Island, a nosier setting compared to in Parkfield, our findings and implications.

1.3 From Small and Slow to Large and Fast

Characterizing earthquake hazards can be separated into several stages. Among
them, 1) interseismic, and 2) coseismic periods of earthquake cycles are our particular
interest and the main focus of this dissertation. In Chapter II and III, I will introduce our
method to rapidly characterize large earthquake source during the coseismic period. In
Chapter IV, I will introduce the importance of understanding small magnitude seismicity,
which can provide implication on fault zone processes during the interseismic period,
associated to large earthquake hazards in the future. Finally, in Chapter V, I will show how
do small and slow earthquakes link to fast and large rupture and their implication on

earthquake hazards.



1.3.1 Slow Slip and Fast Slip

Slow slip and fast slip are two endmembers that release accumulated fault strain
energy on different timescales. Slow slip events (SSEs) rupture on timescales of seconds
to months resulting in weak or none seismic waves radiation (Blirgmann, 2018). In contrast,
regular earthquakes have faster slip, i.e., at second scale, generating high frequency seismic
waves that can be recorded by seismometers (e.g., Galetzka et al., 2015). Fundamentally,
slow and fast slip are controlled by different characteristic of rate and state frictions
(Dieterich, 1978, 1979; Ruina, 1983), and because slow slip produces less high energy
content compared to fast slip, it is considered to be the less hazardous fault region but
accumulate stress loading to regions that generate earthquakes (e.g., Dragert et al., 2001).
Recently, laboratory experiments have shown that the same section of fault is capable of
hosting both slow and fast slip during coseismic period (Ramos & Huang, 2019). If so,
earthquake hazard assessment should also consider the case that an earthquake ruptures
downdip or updip of the seismogenic zone, which causes different extent of ground motion
intensity and tsunami hazard. However, to date there is a dearth of observations of regions

known to host both slow and fast slip on the same fault.

1.3.2 Evidence from the Nature Laboratory

Here in this dissertation, I will show that the overlapping of slow and fast slip is
possible by providing evidence from the 2018 M7.1 Hawaii earthquake. With jointly
inverted GNSS, strong motion, and tsunami data, we investigate the slip history of the 2018

M?7.1 Hawaii earthquake and invert the existing slow slip in an adjacent region. We find



strong evidence that the earthquake ruptured into the area regularly hosts slow slip. The
result is further validated by our rupture simulation, suggesting that this behavior may be
a common feature in other tectonic settings, and earthquake hazard assessment should also
consider the possibility that their overlapping can contribute to a larger rupture extent or a
large magnitude earthquake, which is important for estimating more accurate ground

motion or for tsunami hazard assessment.
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CHAPTERII

EARLY WARNING FOR GREAT EARTHQUAKES
FROM CHARACTERIZATION OF CRUSTAL
DEFORMATION PATTERNS WITH DEEP
LEARNING

From Lin, J. T., Melgar, D., Thomas, A. M., & Searcy, J. (2021). Early warning for
great earthquakes from characterization of crustal deformation patterns with deep

learning. Journal of Geophysical Research: Solid Earth, 126(10), €e2021JB022703.

2.1 Introduction

Following earthquake initiation, most EEW algorithms provide the initial hazard
predictions based on the character of the first arriving P-waves, which is the earliest
information available. However, it is well known that this approach will routinely struggle
during large magnitude earthquakes owing to magnitude saturation, or underestimation, a
current limitation of such EEW systems. Saturation occurs for two reasons. First, inertial-
based instruments (seismometers) that record earthquakes in the near-field tend to distort
large, low-frequency, typically over tens to hundreds of seconds, signals radiated from

large earthquakes, making the data unreliable (Boore & Bommer, 2005; Larson, 2009;

11



Bock & Melgar, 2016). Second, large earthquakes have durations of several minutes and
early onset signals (i.e. the first few seconds) might not contain enough information to
forecast the final earthquake magnitude (Rydelek & Horiuchi, 2006; Meier et al., 2016,
2017; Melgar & Hayes, 2017; Ide, 2019; Goldberg et al., 2019). As an example of this, the
Japanese EEW system mis-identified the 2011 Mw9.0 Tohoku-oki earthquake as only an
Mw8.1 for the first hour after rupture (Hoshiba et al., 2011). This magnitude saturation has
consequences for downstream applications that rely on rapid magnitude determination,
specifically, in the 2011 Tohoku-oki case both forecasts of the expected shaking and the
tsunami amplitudes were drastically underpredicted (Colombelli et al., 2013; Hoshiba &

Ozaki, 2014).

In recent years, a number of EEW algorithms that attempt to ameliorate the
magnitude saturation problem have been developed and tested. For example it is possible
to match shaking patterns in real-time to the expected geometric extension of the causative
fault (Bose et al., 2012; Hutchison et al., 2020). Another approach is to forego complete
characterization of the earthquake, and simply take the observed shaking wavefield at a
particular instant in time, and forecast its time-evolution into the future (Cochran et al.,
2019; Kodera et al., 2018). Furthermore, the advent of widespread high rate global
navigation satellite system (HR-GNSS) networks have enabled a new class of EEW
algorithms based on measurements of crustal deformation and are particularly well suited
to identifying large magnitude earthquakes (Crowell et al., 2013; Grapenthin et al., 2014;
Kawamoto et al., 2016; Minson et al., 2014). Noteworthy among these are methods is the

Geodetic First Approximation of Size and Time (GFAST) algorithm which is primarily

12



based on the scaling of peak ground displacement (PGD) and is currently operating in U.S.

EEW system for large earthquakes (Crowell et al., 2013, 2016).

More recently, advances in computing power and technologies have enabled the
use of machine learning and deep learning algorithms (LeCun et al., 2015). These have
also been demonstrated to provide significant improvements in other data-rich
seismological applications such as earthquake detection, phase picking, and association
(Kong et al., 2019; Mousavi et al., 2020; Perol et al., 2018; Ross, Meier, & Hauksson, 2018;
Zhu & Beroza, 2019). Earthquake magnitude estimation is a popular application of deep
learning, and multiple studies have demonstrated their fast and accurate magnitude

prediction (Lomax et al., 2019; Mousavi & Beroza, 2020; van den Ende & Ampuero, 2020).

Despite the sophistication of these existing algorithms, many of which are
employed in some of the most advanced EEW systems worldwide (such as the U.S. and
Japan) (Kodera et al., 2020; Murray et al., 2018), each of them has limitations. For example,
the seismic wavefield-based approaches overcome saturation at the expense of short
warning times, typically of the order of ~10-20s (Kodera et al., 2018). Meanwhile, PGD-
based approaches avoid saturation but can struggle when earthquakes have very long or
unilateral ruptures (Williamson et al., 2020) and can grossly over-predict the magnitudes
of these kinds of events. At the root of these difficulties is that every large earthquake is
different from the next. Each can, and likely will, have a different starting location, rupture
velocity, slip distribution, and radiated seismic energy that evolves in a complex way as
the rupture unfolds. All of these properties fundamentally affect EEW system performance

and are difficult if not impossible to predict prior to earthquake occurrence. As such,
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developing algorithms that can reliably characterize this complexity from surface

observations in real-time has proven challenging.

In spite of this diversity of earthquake characteristics, advances in seismic and
geodetic instrumentation over the last 30 years have allowed observation and synthesis of
the basic kinematic behaviors of large ruptures (Hayes, 2017; Vallée & Douet, 2016; Ye et
al., 2016). Additionally, the location and geometry of the faults on which many large
earthquakes are expected to occur are well known (Hayes et al., 2018). By combining
these observations, it is now possible to efficiently simulate the rupture process of many
potential earthquakes in a realistic way, and to predict their expected seismic and geodetic
signatures (Frankel et al., 2018; Goldberg & Melgar, 2020; Melgar et al., 2016; Pitarka
et al., 2020). Another important improvement, specifically in the case of HR-GNSS, is
that noise models for real-time data have been proposed (Geng et al., 2018; Melgar et al.,
2020). HR-GNSS displacements are a derived product and there can be significant
differences between real-time and post-processed solutions. This improvement enables

adding realistic noise to any simulated waveform, making the waveforms more realistic.

Here, we will show how to leverage machine learning (ML), the aforementioned
earthquake simulations and their associated HR-GNSS waveforms to characterize
earthquake magnitude in real-time. As a demonstration, we apply this approach to the
Chilean Subduction Zone, which has a dense real-time GNSS network and assess its
performance on five recent large-magnitude earthquakes that have occurred there

(Figure 2.1).
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Figure 2.1. Map view of the Chilean subduction zone, example rupture scenario, and
resulting HR-GNSS waveforms. (a) Slip distribution of a synthetic Mw9.3 earthquake.
GNSS stations (triangles) are color coded by their peak ground displacement. Focal
mechanisms of 5 large events that have occurred since 2010. Red and black stars with focal
mechanisms represent the hypocenter of the Mw9.3 rupture scenario and of the historical
earthquakes, respectively. (b) Simulated three-component GNSS time series sorted by
latitude. Bold red lines denote the records at stations PFRJ and MAUL. (c) Time series at
stations PFRJ and MAUL. Thin lines denote the synthetic GNSS noise.
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2.2 Data and Methods

2.2.1 Rupture Simulation and Synthetic Waveforms

The Chilean Subduction Zone on the west coast of South America is nearly
3,000 km long and accommodates 78—85 mm/yr of convergence between the Nazca and
South American plates (DeMets etal., 2010). It regularly hosts large magnitude
earthquakes, including five Mw7.5+ events in the last 10 years (Riquelme et al., 2018).
Chile has a real-time HR-GNSS network with more than 120 stations currently in operation

(Béez et al., 2018) and provides an excellent testbed for our proposed approach.

For generating the kinematic ruptures, we use the Slab2.0 3D slab geometry of
Hayes et al. (2018). We utilize the Chilean slab model from its southern terminus to
~100 km north of the Chile/Peru border. We limit the seismogenic depth to 55 km
consistent with the down-dip extent of recently observed large earthquakes (Ruiz &
Madariaga, 2018). The resulting geometry spans a nearly 3,000 km long, 200 km wide
fault. The entire fault is then gridded into a total of 3,075 triangular subfaults using a finite

element mesher, the average length and width of the subfault vertices is ~12 km.

We generate the 36,800 ruptures on this geometry spanning the magnitude range
Mw?7.2 to Mw9.4 using the stochastic approach first described by Graves and Pitarka (2010)
with modifications proposed by LeVeque etal. (2016) to avoid the use of Fourier

transformations.
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The magnitudes of the scenarios are uniformly distributed with allowing a small
perturbation so that the exact magnitude spans a wider range. The goal here is not to obey
the Guttenberg-Richter frequency magnitude distribution but rather to generate a
meaningful large and varied number of ruptures to expose our model to a sufficient variety
of sources. The process of generating one particular rupture and its associated waveforms
is described in detail in Melgar et al. (2016) and is summarized here: once the target
magnitude is selected, we define the length and width of fault for that particular rupture.
We make a random draw from a probabilistic length, L and width, 7, scaling law (Blaser
et al., 2010). L and W are obtained from a random draw from the following lognormal

distributions

log(L)~N(=2.37 + 0.57M,,, 5, 2.1)

log(W)~N(—1.86 + 0.46M,,, 6,,) (2.2)

The objective is to obtain a length and width that is consistent with the behavior seen in
earthquakes worldwide while retaining the observed variability as well. The probabilistic
scaling law thus ensures that for a given magnitude we do not always employ the same
fault dimensions. Detailed statistics on the resulting fault dimensions for all simulated
ruptures is shown in Figure 2.2. After the fault dimensions are defined, we randomly select
a hypocentral location on the megathrust from a uniform spatial distribution. Here, we do
not take into account the variability in along-strike plate convergence rates or any
information pertaining to which parts of the megathrust are considered more or less likely

to experience a rupture. Next, we generate the slip pattern and GNSS waveforms. The
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process is separated into the following steps: (1) generate the stochastic slip pattern with
the Karhunen-Loeve (KL) expansion method (LeVeque et al., 2016; Melgar et al., 2016),
(2) define rupture kinematics, and (3) forward model the resulting GNSS waveforms using
a Green's function approach. First, by comparison to slip inversions from earthquakes
worldwide several studies have noted that slip is best modeled by the Von Karman
correlation function (Goda et al., 2016; Mai & Beroza, 2002; Melgar & Hayes, 2019) where

the correlation between the i-th and j-th subfault in the rupture is defined as

) =28
Gu(rij) = i Ku(ri)) (2.4)

where Ky is the modified Bessel function of the second kind and H is the Hurst exponent.
We set H = 0.4 based on a recent analysis of large earthquakes between 1990 and 2019
(Melgar & Hayes, 2019), which is slightly lower than the value of H=0.7 proposed when
stochastic slip models were first employed (Graves & Pitarka, 2010; Mai & Beroza, 2002).

1;;is the inter-subfault distance given by

Tij = \/(7'5/“5)2 + (ra/aq)? (2.5)

where 7; and r,; are the along-strike, and along-dip distance, respectively. The along-strike
and along-dip correlation lengths, a; and ag, control the predominant asperity size in the
resulting slip pattern (Mai & Beroza, 2002) and scale with indirectly with magnitude as a

function of the fault length and width.
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a;=2.0+:L (2.6)

ag=1.0+-W 2.7)

Once all the parameters of the correlation matrix are defined the covariance matrix
is obtained by

—

Cl] = UiCijUj (28)
where o is the standard deviation of slip which is usually defined as a fraction of mean slip.
Here we set 0=0.9 (LeVeque et al., 2016). Now we can obtain a randomly generated slip
pattern with the statistics as defined above by summing the eigenvectors of the covariance

matrix according to the K-L expansion (LeVeque et al., 2016) by

s = p+ ot 2k i (2.9)

where s is a column vector containing the values of slip at each of the subfaults for a
particular realization; u is the expected mean slip pattern. We set it to be a vector with
enough homogenous slip over the selected subfaults to match the target magnitude. N is
the maximum number of summed eigenvectors. We use a reasonably large number of 100
which should give enough variation of slip complexity (Melgar et al., 2016; LeVeque et
al., 2016). z,is a scalar randomly selected from a presumed gaussian distribution with zero
mean and standard deviation of 1. 4, and v, denotes the eigenvalue and eigenvector of the

covariance matrix.
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With the stochastic slip pattern in hand, the second step is to define the rupture
kinematics. Here we follow common best practices and a full treatment of this can be found
in Graves & Pitarka (2010, 2015). We set the rupture speed to 0.8 of the local shear wave
velocity at the subfault depth plus some stochastic perturbation to destroy perfectly circular
rupture fronts. The hypocenter is randomly selected from the subfaults that are involved in
the rupture to ensure both unilateral and bilateral ruptures. Rise times are defined to be
proportional to the square root of local slip (Mena et al., 2010) but over the entire fault
model must on average obey known rise-time magnitude scaling laws (Melgar & Hayes,
2017). We then use the Dreger slip rate function to describe the time-evolution at a
particular subfault (Mena et al., 2010; Melgar et al., 2016). It is well-known that the shallow
megathrust has slow rupture speeds and long rise times, so for subfaults shallower than
10km rupture speeds are set to 0.6 of shear wave speed and rise times are doubled from
what is predicted by the scaling by the square root of slip. Below 15km the previously
described rules are used, and between 10 and 15km depth a linear transition between the
two behaviors is employed. This is similar to what is done for continental strike-slip faults
(Graves & Pitarka, 2010). Similarly, the rake vector is set to 90 degrees plus some

stochastic perturbations.

Once the slip pattern and its complete time evolution are known, synthetic GNSS
waveforms can be generated by summing all the synthetic data from participating subfaults.
We use the FK package, which is a 1D frequency-wavenumber approach (Zhu & Rivera,
2002) and the LITHOL1.0 velocity structure (Pasyanos et al., 2014) to generate the Green’s

functions from all subfaults to given stations. We focus only on the long period
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displacement waveforms (<0.5 Hz or 1 second sampling) since they are less sensitive to

small scale crustal structure and are the dominant period of large earthquakes.

Finally, to make the synthetic data more realistic, we introduce noise into the
displacement waveform characteristics using a known real-time GNSS noise model
(Melgar et al., 2020), which was computed from the analysis of one-year-long real HR-
GNSS observations spanning a large region. For each waveform, we randomly select the
percentile noise model and add it to the synthetic displacement waveforms. The addition
of noise guarantees that the resulting time-domain waveform varies with each realization.
In this way, we guarantee a large variability of noise and quality in the stations as is

routinely seen in true real-time operations.
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Figure 2.2. Source parameters of the 36800 rupture scenarios.
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We validate the synthetic data by comparing the simulated peak ground
displacement (PGD) against the existing PGD-Mw scaling (Melgar et al., 2015; Ruhl,

Melgar, Chung, et al., 2019) (Figure 2.3). PGD is defined by

PGD(t) = max({E(£)?2 + N(t)? + Z(t)?) (2.10)

where E(?), N(t), Z(t) represents the East, North and vertical component of the GNSS

displacement time series starting from the earthquake origin (i.e. t=0), respectively.
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Figure 2.3. Comparison between synthetic data and PGD-Mw scaling. (a) Scaling from
Melgar et al. (2015) and (b) Scaling from Ruhl, Melgar, Chung, et al. (2019). (a) and (b)
from left to right shows the misfit of synthetic PGD and PGD-Mw scaling and its contour;
standard deviation of the misfit; and distribution of waveforms in count.
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Figure 2.3 suggests that the synthetic PGD pattern matches the scaling based on
real observations at hypocentral distance ~100 km and Mw from Mw7.7 to Mw8.7. We
note that misfit between modeled and expected values of PGD increases at Mw greater
than Mw9.0 or hypocentral distance smaller than 10 km. This is because the PGD
regressions are constructed from databases of real events; large earthquakes (i.e., Mw9.0+)
and very close observations are comparatively rare in those databases (Melgar et al., 2016;
Ruhl, Melgar, Chung, et al., 2019). The large misfit is also due to the limitation of point
source assumption in PGD-Mw scaling laws where finiteness of large events needs to be

considered.

2.2.2 M-LARGE: Model Architecture

For time-dependent earthquake magnitude prediction, we employ a deep learning
model, called Machine Learning Assessed Rapid Geodetic Earthquake model (M-LARGE)
by linking the input time series recorded at each GNSS station to the time-dependent Mw
for each rupture derived from the integration of the source time function (STF). Our model
is composed of seven fully connected layers and a unidirectional long-short term memory
(LSTM) recurrent layer (Hochreiter & Schmidhuber, 1997), which iteratively predicts Mw
using the current and previous HR-GNSS observations across the network (Figure 2.4).
We adopted this model architecture because LSTMs are ideal for processing sequential
data, which allows M-LARGE to update magnitude predictions as the rupture progresses.
Additionally, it does not require a priori source information (such as the hypocenter)
typically required by other rapid modeling methods (e.g., Crowell et al., 2018). Note that

the dense layers only connect the feature values at the same time channel rather than all the
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features, which would include future times as well. Dropouts are applied to prevent
overfitting during the training process (Srivastava et al., 2014). We use a Leaky ReLU
function with a slope of 0.1 at negative values (Maas et al., 2013), which is an adaptation
of the regular ReLU (i.e., slope of 0 at negative values) (Glorot et al., 2011) for the
activation of dense layers. Finally, the last layer is connected to an ReLU function to output
a current magnitude prediction, and the goal is to minimize the mean square error (MSE)

contributed from the magnitude misfits at every epoch (Figure 2.4).
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Figure 2.4. M-LARGE model architecture. The figure shows the input as the time-
dependent PGD values from the GNSS stations plus the station on or off (existence) codes.
Blue rectangles mark the input PGD time series (i.e., 100 s) from all the available stations
with their existence codes and the participating layers.

2.2.3 M-LARGE: Input Features, Output Labeling, and Model Training

To train the model, we use the 36,800 synthetic ruptures described in above

section and split them into training (70% or 25,760 ruptures), validation (20% or 7,360
24



ruptures), and testing data (10% or 3,680 ruptures). Note that these are the number of
rupture scenarios, the actual input data consider different station recording combinations
and GNSS noise. In our case, we generate more than 6 million training data from the
original training data set and 8,192 testing data from the testing data set. We use PGD time
series at a total of 121 stations (Figure 2.1) as the input features. The PGD time series are
first clipped at a minimum of 0.01 m and scaled logarithmically. This is done so that during

this rescaling process, the zero-valued data do not diverge to negative infinity.

For the model output, we use the time integration from the real STF, convert it to
the moment magnitude scale, and rescale this by multiplying the value by 0.1 for
computational efficiency. Both the input and output time series are decimated to 5s
sampling so that we obtain Mw updates in 5 s increments. To increase the variability of the
data, we apply data augmentation by introducing realistic HR-GNSS noise as described
above. We also randomly discard some GNSS records to simulate station outages and
network variability yielding more than 6 million earthquake and station scenarios used for
50,000 training steps. To distinguish between existing and nonoperational stations, we add
an additional “station existence” feature channel for every site. We set the value to zero to
simulate a station outage and set it to 0.5 if the station is working normally. This last value
is arbitrary, but it is a good practice to set it to the same scale of other features (i.e., in our
feature, 0.5 is 3.16 m in the original scale, so that their values are comparable) (Figure 2.4).
Finally, we save the training weights every 5 epochs and select the model which has the
minimum validation loss as the final model, and test it with the simulated testing data and

real earthquakes occurred in the region.
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2.3 Results

2.3.1 Model Performance and Comparison to Existing Methods

The performance of M-LARGE on the testing data set is shown in Figure 2.5. To
quantify how well the model performs on testing data, we define a correct prediction as
one within 0.3 units of the target magnitude (i.e., time-dependent magnitude) and
calculate the model accuracy. Within these bounds, the model performs well with a high
accuracy of 95% after 60 s, and increases to 99% by 120 s. The standard deviation of the
magnitude misfits are 0.15, 0.1, and 0.09 at 60, 120, and 360 s, respectively. The accuracy
difference from 120 to 360 s is not significant; however, this additional time improves
some underestimations of long source duration events with magnitude greater than Mw8.5

(Figure 2.5).

Our main point of comparison for assessing whether M-LARGE is an improvement
will be GFAST (Crowell et al., 2016), which predicts magnitude from GNSS observations,
and it is also one of the most stable GNSS EEW methods currently operating in the U.S.
EEW system (i.e., ShakeAlert). It uses the PGD observations from HR-GNSS time series.
When a hypocenter is confirmed by a seismic method, the magnitude is calculated based
on the PGD-Mw scaling relationship (Crowell et al., 2016; Melgar et al., 2015; Ruhl,
Melgar, Chung, et al., 2019). To ensure the data contain PGD information and not noise, a
3 km/s travel-time filter is added into the algorithm, and the model only predicts Mw when

at least 4 stations have valid information.
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Figure 2.5. Model performance on testing data set and on real events. (a) (from left to right)
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Note that for GFAST, we remove those predictions with Mw = 0 due to the four-
station minimum and only show the data that have nonzero values. In this example, over
30% of the testing events have Mw=0 prediction at 60 s, these predictions require
additional time to converge compared to our model. Despite this removal, we find that
GFAST has a lower accuracy of 62% at 60 s, which slowly increases to 78% by 120 s and

to 80% by 360 s. In comparison to M-LARGE's maximum accuracy of 99%, GFAST's
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accuracy saturates at 86% by 215 s. The standard deviation of the magnitude predictions
of GFAST are also larger, which are 0.22,0.21, and 0.22 at 60, 120, and 360 s, respectively,
about 2 times more scatter than the M-LARGE performance. To summarize, M-LARGE

reaches 80% accuracy 5 times faster than GFAST and has half the scatter on average.

GFAST is not the only GNSS modeling approach; there are other proposed
algorithms that utilize near-field GNSS data to rapidly estimate earthquake magnitude. To
further compare with M-LARGE, we also run the Global Positioning System-based
centroid moment tensor (GPSCMT) method, which utilizes the near-field static offset term
from the GNSS records to calculate magnitude, moment tensor, and centroid location (Lin
et al., 2019; Melgar et al., 2012). Unlike the GFAST approach, GPSCMT does not require
hypocenter information, instead it grid-searches every predefined centroid location and
solves for the moment tensor. We take the same subfault meshes used by M-LARGE as
the potential centroid locations for the GPSCMT algorithm. Our result show that the
accuracies are only 41%, 28%, and 28% at 60, 120, and 360 s, respectively, less accurate

and overall, much scattered than our M-LARGE model.

2.3.2 Model Performance on Real Earthquakes

To further assess the performance of M-LARGE, we apply the model to five large
historical events in the Chilean Subduction Zone with HR-GNSS records, which were not
used for training (Figure 2.1). For the 2010 Mw8.8 Maule earthquake, the model only takes
40 s to reach the 0.3 magnitude unit criteria. M-LARGE also successfully predicts the
final magnitude of the 2014 Mw8.1 Iquique and the 2015 Mw&8.3 Illapel earthquakes at 20

and 60 s, respectively. For the 2014 Mw?7.7 Iquique aftershock and the 2016 Mw7.6
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Melinka earthquakes, both the M-LARGE predictions slightly overshoot the true
magnitude at 30 s, but soon correct downward to their actual magnitude ranges. Compared
to the performance of GFAST, which underestimates the Mw7.7 Iquique aftershock by 0.3
magnitude units and overestimates the Melinka earthquake by 0.6 magnitude units, our
model shows more robust results on those smaller magnitude events where large GNSS
noise dominated the data across the whole network spanning a 3,000 km long subduction
zone. We also note that the performance is bounded by the delay times prior to the P-wave
arrival at the closest stations. For example, the Maule earthquake, where most of the
presently operating closest stations did not exist in 2010, the first arrival time was 17 s.
Considering these delay times, useful predictions are made as soon as the signals are

recorded but the lowest uncertainties are anticipated after ~30 s.
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Figure 2.6. M-LARGE performance on real Chilean earthquakes compared to GFAST. (a)
The 2010 Maule Mw8.8 earthquake. Red and blue lines show the M-LARGE and GFAST
prediction, respectively. Black dashed line and gray shaded areas represent the true Mw
and the +0.3 magnitude unit range. Thin dashed lines show the peak ground displacement
waveforms from the 2010 Maule earthquake (Figure 2.1). Magenta line represents the
event source time function from the USGS finite fault product. Hatched dark gray area is
the time period prior to the arrival of the P-wave at the closest site where no information
on the rupture is available. (b—e) Same as (a) but for the 2014 Mw8.1 Iquique earthquake,
the 2015 Mw8.3 Illapel earthquake, the 2014 Mw7.7 Iquique aftershock, and the 2016
Mw?7.6 Melinka earthquake, respectively.
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2.4 Discussion

2.4.1 Timing of Final Magnitude Estimation

Although the timeliness of the final magnitude assessment is intimately tied to the
evolution of the STFs (i.e., whether the event grows faster or slower), we find that
frequently the time to correct predictions do not follow the exact STF behavior. The reason
for this time variation is mainly because of the + 0.3 tolerance. A successful prediction can
occur earlier than the actual source duration and at the lower bound of the magnitude
tolerance resulting in an earlier prediction. While the effect of the magnitude tolerance
depends on the shape of the individual STF, which is nontrivial to our stochastic
simulations; however, by simply assuming the STF as a triangular function (i.e., rise and
fall-off rates are the same), we can estimate the time of Mw-0.3 being 71% of the original

Mw duration time based on the scaling of Duputel et al. (2013).
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Figure 2.7. Warning time ratios and STF analysis. Panel (a) shows the duration (z4), time
to the correct prediction (7. ), and the ratio between these two for each magnitude bin. Texts
indicate the number of samples for each bin. Panel (b) shows the STF of 36,800 rupture
scenarios color coded by Mw. Thick lines denote the averaged STF of different magnitude
bins. Inset shows the zoom-in view of the averaged source time functions.
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Our model result shows an even shorter magnitude determining time, which is
about 25%—50% of the source duration (Figure 2.7). This advance in time is when we
consider sources that follow a nonsymmetric flat and long tail Dreger-STF, which have
growth patterns that can frequently be seen in worldwide databases (Figure 2.7b) (Mena
et al.,, 2010). Thus, our model can provide practical earlier warning while updating its
magnitude as time progresses; this is only possible when the real-time STF can be

accurately measured.

2.4.2 Model Uncertainty

The uncertainty in magnitude prediction is important for practical EEW systems. A
probabilistic output layer could potentially be an estimator of the model confidence;
however, in our regression-type model, such an output layer is not straightforward. Here,
we analyze the model performance on the testing data set to estimate uncertainty.
Assuming that the distribution of the testing data set is complete, we calculate the model
accuracy as a function of time (i.e., length of PGD data used) and its magnitude (Figure
2.8). We find that generally high accuracies occurred at the right-hand side of the estimated
duration curve, suggesting a final magnitude is more likely to be determined after the
source termination. On the other hand, the low accuracies at the beginning of the prediction
suggest that the initial rupture signals are not good indicators of final magnitude, which is
consistent with previous source studies (Goldberg et al., 2018; Ide, 2019; Meier et al., 2017;
Melgar & Hayes, 2019; Rydelek & Horiuchi, 2006). We also note that for very large events
(Mw9.2+), high accuracies can occur at the very early stage, prior to the source duration.

This is due to a large slip influencing the beginning of the STF, and since the largest
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possible magnitude is limited by the finite fault geometry (i.e., in our case, Mw9.6), the

possibility that an Mw9.2+ event grows into a larger event is limited.
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Figure 2.8. Model performance on the testing data set. Panel (a) shows the prediction
accuracy (i.e., number of successful prediction/total samples) as a function of peak ground
displacement time and Mw, where a successful prediction is defined as when the predicted
and final Mw misfit is smaller than 0.3. Dashed line shows the estimated duration from
Duputel et al. (2013). Panel (b) same as (a), but define a successful prediction is when the
predicted and time-dependent Mw misfit is smaller than 0.3. Note that the time-dependent
Mw is the integration from the STF at the current time.
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2.4.3 Model Performance on Imperfect Data or Complex Rupture

To understand how M-LARGE performs on imperfect data, we test M-LARGE on

two different recording scenarios of the same rupture from the testing data set. One scenario

has poor station coverage whereas the other has excellent station coverage (i.e., red dots in

Figure 2.5) (Figure 2.9).
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Figure 2.9. M-LARGE prediction tests with two different station distributions. (a) Rupture
scenario of an Mw8.7 earthquake with the station distribution of Casel (blue hexagon) and
Case?2 (red triangle). Red star denotes the hypocenter. Black dashed lines show the 50 s
rupture time contours. (b) M-LARGE predictions for Case 1 (blue line), Case 2 (red line),
and the actual Mw (dashed line) calculated from the STF (gray area). (c) Peak ground
displacement data of Case 1 sorted by latitude, red star denotes the hypocenter latitude.

Panel (d) similar to (c), but data of Case 2.
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In the poor station coverage example (i.e., Case 1 in Figure 2.9), almost all the near-
field data are missing and M-LARGE fails to estimate the true magnitude. It is not until
far-field stations begin recording data that M-LARGE upgrades its moment estimate closer
to the lower bound of the actual magnitude. In contrast, for the good station coverage
example, abundant near-field data are used to accurately characterize the rupture process
and M-LARGE predicts the actual magnitude successfully (Figure 2.9). This suggests that
data sparsity in the near-field plays an important role for the accuracy and timeliness of the
predictions. The clear implication is that having more stations closer to the source improves

M-LARGE's performance.

To understand M-LARGEs performance as a function of source complexity, we
choose four different characteristic source time function shapes (i.e., symmetric, bimodal,
early, and late skewed) and analyze the results (Figure 2.10). We use the time-to-peak STF
(peak time 7,,) and centroid time (T¢qn¢) as proxies to measure the model performance on
different STF shapes. We define the time to corrected prediction (7.) as the time when the
model successfully predicts the final magnitude with a misfit smaller than 0.3, and finally
we calculate the correlation coefficient (CC) between these metrics and find that the 7, —

T, has the weakest correlation with CC =0.66 compared to T, — Tgen of CC=0.9
and T, — Tayration 0f CC = 0.85. This suggests that the 7,,, a proxy of STF's shape, does

not significantly affect the timing and accuracy of the M-LARGE estimations. On the other
hand, the performance relies on the actual moment release because it is trained to map the

STF directly.
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Figure 2.10. Example plot for the time to corrected prediction (7.), centroid time (T ept),
and peak time (7,) for four different cases. Red and black lines show the M-LARGE
predictions and final magnitudes, respectively. Black dashed lines denote the +0.3
magnitude unit range. Panel (a) shows the case of late rupturing, where the source focuses
at the end of the rupture, (b) shows the case with early rupturing, where the source focuses
at the beginning of the rupture, (c) nearly symmetric (triangular) source time function, and
(d) shows the case of two rupture asperities.
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2.4.4 Limitations and Future Work

We have shown that M-LARGE has the ability to learn complex rupture patterns
from the crustal deformation data. Also, it significantly outperforms other similar
algorithms. However, we note that it still has some limitations, and these should be targets
for potential improvements in the future. First, once M-LARGE is trained, the model is not
global in scope, it is presently limited by the simulated earthquakes, waveforms, and
network geometry for a specific region. In machine learning, whether a model can be
applied to other data not seen in training, such as that from a different subduction zone, is
called generalization. It is evident that the approach we have followed here is tied to the
specific network geometry and subduction zone and will not immediately generalize to
other tectonic settings. For M-LARGE to be useful elsewhere, it will need to be retrained
to another specific geometry and perceived possible set of ruptures for that tectonic

environment.

M-LARGE, like any geodesy-based technique, is only limited in large magnitude
events typically in the M7+ range (e.g., Crowell etal, 2013; Melgar etal., 2015).
Damaging shaking during earthquakes can also occur at significantly smaller magnitudes
(e.g., Minson et al., 2021). Thus, our model is not meant to replace seismic methods but
rather to work in tandem with them. Saturation is a persistent concern for EEW and by
combining networks, data types, and algorithms EEW systems can respond to a wider

variety of events.

We note that for the 2010 Mw8.8 Maule earthquake example, there is a 17 s gap
without recording due to the lack of near-field stations. This performance could be sped up

by ~10 s if the information delay introduced by the travel times could be reduced, that is if
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station coverage were expanded offshore. The model performance is strongly reliant on the
training data set behaving according to what is seen in world databases. As a result, an
outlier event with a unique rupture may still prove challenging. More simulated events that
incorporate rupture variability would improve M-LARGE's performance by making it

resilient to complex rupture scenarios.

The model architecture and hyperparameters are selected arbitrarily; however, the
scale of hyperparameters is comparable to those in similar studies (e.g., Ross, Meier,
Hauksson, etal., 2018; Zhu & Beroza, 2019). We do not find significant model
improvement from tuning the hyperparameters we used, probably because the model has
already reached its accuracy limit (i.e., 99%) based on the current architecture. Any further
improvement will require a different model design. We find that the logarithmic scaling
function of PGD features has better performance against the commonly adopted linear
scaling. This is consistent with the existence of log-linear PGD and magnitude relationships
(Crowell et al., 2016; Melgar et al., 2015; Ruhl, Melgar, Chung, et al., 2019) making the

input and output pairs less complicated during model training.

Lastly, the earthquake magnitude is not the only important factor for EEW. In fact,
the source location, rupture length, width, and slip are equally important for an accurate
ground motion prediction or tsunami amplitude forecasts. In this Chapter, we have
successfully demonstrated that M-LARGE is capable of learning Mw directly from raw
observations. In the next Chapter, we will show our improved M-LARGE model that can

predict other source parameters that can be further utilized to forecast earthquake hazards.
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2.5 Conclusion

Developing frameworks to provide timely warning during the largest magnitude
earthquakes remains an outstanding scientific and technological challenge. EEW systems
continue to expand and have proliferated to many countries across the globe (Allen &
Melgar, 2019). Despite this, how these systems will perform in rare but high consequence,
large magnitude earthquakes is uncertain. Here, we have combined the knowledge of where
great earthquakes will occur, their average expected rupture characteristics, state of the art
sensor technology, and deep learning to rapidly characterize large magnitude earthquakes
from their crustal deformation patterns. In simulated real-time testing, the resulting EEW
algorithm, M-LARGE, has a significantly better performance than current GNSS
algorithms and can be retrained to apply to any specific region capable of generating large
events. As such, M-LARGE represents a new approach to EEW that, if made operational,
can work in tandem with the current technologies and provide accurate, unsaturated Mw
estimation and fast alerts that will lead to increased resilience. This is the first
demonstration of our approach, future work to achieve generalization of the method is still
needed and will include more training and testing data, interacting with existing EEW
methods, and creating new data for different tectonic environments and GNSS network

configurations.
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CHAPTER III

REAL-TIME FAULT AND GROUND MOTION
PREDICTION FOR LARGE EARTHQUAKES WITH
HR-GNSS AND MACHINE LEARNING

From Lin, J. T., Melgar, D., Thomas, A. M., & Searcy, J. (in prep.) Real-time fault
and ground motion prediction for large earthquakes with HR-GNSS and machine-
learning. Journal of Geophysical Research: Solid Earth. 1 am the primary contributor for
this manuscript writing, model building, results, and analysis. Diego Melgar contributes to
the work by developing code for earthquake simulations; Amanda Thomas for providing
writing assistance; Valerie Sahakian for ground motion simulations; Jake Searcy for initial

model constructing.

3.1 Introduction

3.1.1 Current EEW systems

The ultimate goal of EEW systems is to provide seconds to minutes of warning to
public and automated systems before strong shaking occurs at their location (Given et al.,
2014). In Chapter II, I have shown that our proposed machine learning model, M-LARGE,

can rapidly and accurately predict earthquake moment magnitude without saturation issue
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with an accuracy of 99%, outperforming other similar algorithms. To provide actual ground
motion (GM) prediction, there are further steps to be considered. The most commonly
adopted EEW system relies on the two steps approach: 1) quick estimation of point source
parameters and 2) forecasting the upcoming strong ground motion with pre-built ground
motion prediction equations (GMPE) (Nakamura, 1988; Allen & Kanamori, 2003; Allen,
2007). This method has been proved effective in Japan (Nakamura, 1988; Kamigaichi et
al., 2009), west coast of the United States (Allen & Kanamori, 2003; Given et al., 2014),
Mexico (Espinosa-Aranda et al., 1995, 2009), Taiwan (Wu & Kanamori, 2005; Hsiao et
al., 2009), Turkey (Wenzel et al., 2014), and in many other seismic active regions

(e.g., Bose et al., 2007; Zollo et al., 2009).

3.1.2 Limitation of the Existing EEW systems

One of the challenges of the existing EEW systems is that large earthquakes have
finiteness, which can contribute to source errors, resulting in underestimation of shaking
and tsunami intensity (e.g., Hoshiba et al., 2011; Hoshiba & Ozaki, 2014). Later studies
proposed finite fault methods to mitigate the issue (Bose et al., 2012; Hutchison et al.,
2020). For example, the FinDer algorithm utilizes pattern matching technique to search for
fault parameters with seismic observations and pre-built shaking patterns (Bose et al., 2012;
Bose et al., 2018), or methods that forecast shaking intensity directly from the observed
waveforms (e.g., Kodera et al., 2018; Cochran et al., 2019). However, although these
methods are more reliable than the original oversimplified point source methods, they have
either shorter warning time or limited on-site warning which requires dense network

coverage (Allen & Melgar, 2019).
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Another challenge for the EEW system is that large earthquakes have strong, and
low-frequency shaking (i.e., down to permanent offset), making the recording difficult to
unravel the true shaking emitted from large earthquakes (Boore & Bommer, 2005; Larson,
2009; Bock & Melgar, 2016). GNSS data, on the other hand, provides unsaturated near-
field displacement data, which is ideal for building EEW systems for large events. One of
the most stable and fastest methods, GFAST, utilizes the relationship of PGD and Mw to
characterize the source soon after earthquake initiation (Crowell et al., 2013, 2016).
Similarly, G-larmS and BEFORE:s solve slip distribution on an assumed fault plane and
can provide unsaturated Mw estimation (Grapenthin et al., 2014; Minson et al., 2014). The
biggest limitations for these methods are that the fault dimensions and geometries are pre-
assumed or derived from seismic-based EEW systems (Murray et al., 2018). Thus, any

uncertainties in fault geometry can cause errors in source estimation.

Recently, a number of machine learning (ML) approaches have emerged to provide
faster and more accurate EEW. These include using waveforms data to estimate magnitude
and other source parameters (Lomax et al., 2019; Mousavi & Beroza, 2020), or directly
forecast shaking intensity from single or multiple station records in a region (e.g., Jozinovi¢
et al., 2020; Miinchmeyer et al., 2021; Zhang et al., 2022). ML approaches are known to
be a powerful tool for automatically extracting information from data, but their
generalizability is also limited by the training data. Fundamentally, because of lacking
large magnitude events for model training, the limitation of these models for large EEW
can be expected (Jozinovi¢ et al., 2020; Mousavi & Beroza, 2020; Miinchmeyer et al.,

2021).
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3.1.3 New M-LARGE Model

In Chapter II, I have shown our M-LARGE model that solves the aforementioned
limitations from the methodology, recording instrument, and lack of events. Here, we
further expand the M-LARGE algorithm toward rapid finite fault parameters prediction.
The new algorithm predicts Mw, centroid location, and fault size simultaneously, which
can be further used for strong ground motion forecasting through existing GMPEs. We
apply the new M-LARGE model to the Chilean Subduction Zone and test it with synthetic
rupture data and 5 large historical Chilean earthquakes occurred in the past 12 years (Figure
3.1). With testing on simulated stochastic strong ground motion waveforms and real data,
the results show that the timeliness of our M-LARGE EEW alerts is significant,

outperforming other similar algorithms.
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Figure 3.1. Map of the Chilean Subduction Zone, rupture scenario, synthetic HR-GNSS
waveforms, and model predictions. (a) Synthetic Mw9.18 earthquake ID:024513 from Lin
et al. (2021). Red star show the hypocenter of the synthetic earthquake. Triangles are the
HR-GNSS stations used in this study. Black stars and focal mechanisms mark the 5 real
large earthquakes occurred in the past 12 years (b) Synthetic 3-components HR-GNSS
waveforms. Red, blue, green lines represent East-West, North-South, and vertical
component, respectively. (¢) Model prediction of Mw, centroid longitude, centroid latitude,
fault length, and fault width as the rupture unfolds (red solid lines) and their actual values
(black dashed lines).
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3.2 Data

3.2.1 Kinematic Rupture Simulation

We take the Chilean Subduction Zone rupture and waveform dataset from Lin et al.
(2021), which has 36,800 rupture scenarios with magnitude ranges from Mw7.2-Mw?9.4
with a small perturbation. The detailed methodology of rupture scenario is described in
Melgar et al. (2016) and in Lin et al. (2021). Unlike the natural of fewer large Mw events,
the magnitudes of the scenarios are uniformly distributed to guarantee enough large
earthquakes exposed to the model. Additionally, to cover events that occur at the edge of
the subduction zone, we generate 309,600 smaller events following the same procedures
as in Lin et al (2021). Combining with the original dataset, a total of 346,400 events are

used in this study (Figure 3.2).
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Figure 3.2. Source parameters of the 346400 rupture scenarios in this study.
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3.2.2 Synthetic HR-GNSS Waveforms

Once the kinematic ruptures have been created, the synthetic 3-components HR-
GNSS waveforms can be generated by the summation of waveforms from all subfaults
based on the Green’s function approach. We use the FK package (Zhu & Rivera, 2002) and
the velocity structure from LITHO1.0 (Pasyanos et al., 2014) to generate the Green’s
functions from all subfaults to the selected HR-GNSS stations currently operating in Chile
(Baez et al., 2018). The HR-GNSS waveforms are in 1-Hz sampling rate, which is high
enough to cover the dominant period of our large earthquakes. For computational
efficiency, we only generate the waveform when the closest rupture is smaller than 10° to
the station. To simulate realistic data, we apply the empirical HR-GNSS noise (Melgar et
al., 2020) into the raw synthetic waveforms during the data augmentation step for model

training.

3.2.3 Synthetic High-Frequency Waveforms

The ultimate goal for EEW system is to forecast GM before its onset. Additional to
the 1-Hz waveforms, we simulate high-frequency 100-Hz broadband data at 525 virtual
stations distributed along the coast with an averaged spacing of 0.4° to understand the
timeliness of the warning time from the expected shaking. Up to this frequency, the high-
rate data cannot be generated by the aforementioned Green’s function approach because
they are sensitive to unconstrained small-scale crustal structure. Instead, we apply the
hybrid stochastic approach, where waveforms are controlled by modeled amplitude
spectrum and random phases (Graves & Pitarka, 2010, 2015). Because these simulations

are more computationally expensive, we randomly select the virtual stations with the
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subfault-station distance smaller than 600 km to generate broadband data. We simulate

100-Hz broadband data for 10,000 ruptures and validate their peak ground acceleration

values (PGA) with the existing GMPE for the Chilean Subduction Zone (Montalva et al.,
2017) (Figure 3.3).
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Figure 3.3. Example of 3-components synthetic high-frequency waveforms and

comparison of synthetic PGA with GMPE. (a) Synthetic for rupture 1D:024513 (Figure
3.1). Triangles represent the selected virtual stations color coded by their PGA values
calculated from synthetic timeseries data. (b) Comparison of the synthetic high-frequency
data and the existing GMPE (Montalva et al., 2017) for different Mw and distance bins.
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3.3 Model

3.3.1 New M-LARGE Architecture
We expand the original M-LARGE architecture (Lin et al., 2021) to predict a total

of 5 parameters: Mw, centroid longitude, centroid latitude, length, and width. We do not
predict the centroid depth because depth is usually not well constrained by the observations
and may contribute as a noise source to other parameters. Instead, we adopt the depth from
the subduction zone geometry when the centroid longitude and latitude are determined.
Unlike the original M-LARGE model where PGD timeseries are used (Lin et al., 2021),
we use the raw 3-components displacement waveforms as the model inputs to solve for a
more complex problem. Similarly to Lin et al. (2021), we decimate the timeseries to 5
second sampling so that the model predictions updates for every 5 second period up to a
maximum of 510 second. Lastly, we scale the outputs by their maximum value to prevent

one parameter dominates the other during the training.

3.3.2 Model Training and Testing
We split the total of 346,400 rupture scenarios into 70%, 20%, and 10% for model

training, validation, and testing, respectively. With these rupture scenarios, we create a
generator that simulates real-world data with GNSS noise and station outages following
the same procedure as in Lin et al. (2021). As a result, each scenario can have many
numbers of unique observations. In our case, we create a total of 7.68 million realistic
recordings from 242,480 ruptures (i.e. 70% of the total 346,400 ruptures) during the 2,000

training epochs, with 300 steps per epoch and a batch size of 128.
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3.3.3 Finite Fault and GM Prediction
The goal of M-LARGE is rapid GM forecasting. We take the two steps approach,

similar to the existing methods (e.g., Nakamura, 1988; Allen & Kanamori, 2003; Allen,
2007). The main improvements are that our model predicts the finite fault plane based on
the centroid location, which is more suitable for earthquakes with large centroid-
hypocenter difference, and the fault size is directly predicted from observations. Once the
5 parameters are determined, they can be further utilized to create a finite fault plane with
the strike and dip taken from subduction zone geometry based on the centroid location
(Figure 3.4). We then apply the existing Chilean GMPE (Montalva et al., 2017) to predict
the PGA and in Modified Mercalli Intensity (MMI) scale. We note that due to the
simplification of the fault geometry curvature, the simplified fault may introduce some
errors in the MMI prediction. However, as we will discuss later, the MMI difference
between actual and simplified rupture is small and can be ignored. Furthermore, although
misfits are presented in the GMPE (Montalva et al., 2017), we do not aim to develop a new
GMPE for the most accurate GM forecasting, instead we focus more on how would the
source parameters be quickly and accurately characterized, which will lead to long and

accurate GM alerts when a good GMPE is available.
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Figure 3.4. Example shake map based on the actual fault, simplified fault, and the M-
LARGE predicted fault. Gray circles mark the location of 525 virtual stations used to
construct the shake map (some stations are truncated). For this example, the difference in
shake maps is insignificant.
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3.4 Results

3.4.1 M-LARGE Performance on Testing Data

The performance of M-LARGE on 10,000 unexposed testing dataset is shown in
Figure 3.5. We define a successful prediction as the misfit of predicted and actual value
smaller than 10% of the parameter range. For example, the range of Mw is set to be 0.3
Mw scale, a value from Mw of 6.5~9.5. We note that this is the definition only for
evaluating the model performance such that the accuracy of the predictions can be
calculated. Although the accuracy of each parameter may not be comparable (i.e. length
has higher accuracy than the others due to the larger range), and the effect of imbalance
distribution of parameters, it is an important metric to evaluate each parameter and their
time evolution. Overall, the model is better at predicting parameters along-strike than
along-dip direction with an accuracy of 96.2% and 99% for latitude and length, respectively,
and 93.8% and 89.4% for longitude and width, respectively. On average, M-LARGE

predicts the source parameters with a high accuracy of 95.5%.
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3.4.2 M-LARGE Performance on Real Data

Additional to the simulated earthquakes, we test the model on the 2010 Mw8.8
Maule earthquake, one of the largest historical earthquakes in Chilean Subduction Zone.
The M-LARGE performance at 10, 30, 60 and 510 s after the origin is shown in Figure 3.6.
At 10 s, the “initial stage” of the rupture, none of the data are available at the time, the M-
LARGE predicts the parameters based on the noise inputs (Figure 3.6a). At 30, and 60s,
the “growing stage” of the rupture, a few of near-field stations have received the P or initial
S-waves. At the times, M-LARGE corrects the centroid location closer to the actual answer
and expanding the fault when more data and more stations are available (Figure 3.6b-3.6c).
At 510 s, the “final stage”, which the maximum time window that M-LARGE is tested.
Most stations have received the rupture signals and the predicted source parameters does
not change significantly after 50 s (red lines in Figure 3.6d), which is similar to the result

of Lin et al. (2021).
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Figure 3.6. M-LARGE performance on the 2010 Mw&8.8 Maule earthquake real data. Gray
triangles mark the Chilean HR-GNSS stations that were not operating or unavailable during
the earthquake. Colored triangles show the available stations color coded by their vertical
displacement value. Shaded map show the PGA prediction based on predicted fault (blue
rectangle) by the Chilean GMPE (Montalva et al., 2017). Black dash line and red solid line
on the map shows the expected P and S arrival, respectively. (a) Initial stage of the rupture
(10 s), where none of the stations have recordings at this time. (b)-(c) Growing stage of
the rupture (30 s and 60 s). (d) Final stage of the rupture (510 s i.e., the maximum time for

model testing).



3.5 Discussion

3.5.1 Error Estimation

Our M-LARGE model predicts 5 source parameters as a representation of actual
fault. Whether they are enough to reconstruct the finite fault as well as the GM forecasting
is our main discussion. To understand the misfit introduced from such simplification, we
calculate the MMI misfits between actual and simplified rupture (Figure 3.7). The misfit is

obtained by

g=Y -V (3.1)

where &, is the misfit at time t, ¥, and Y, represents model and actual MMI value,
respectively. We compare the misfits at the final time i.e., 510 s. At this time most of the
ruptures should have been completed and the misfit simply represents the error of the
simplification assumption. Our result shows an averaged MMI error close to zero and
standard deviation of 0.12 MMI scale, which suggests that this is a reliable approach if the

simplified fault plane, created from the M-LARGE predictions, can be accurately estimated.

We then evaluate the M-LARGE based GM forecasting by comparing them with
the actual MMI values. By Equation 3.1, we calculate the final MMI based on the M-
LARGE predicted source parameters and compare them with the final MMI based on the
actual slip pattern (Figure 3.7). The result shows an accurate final MMI prediction with an

averaged error of -0.06 and standard deviation of 0.49 MMI scale. Considering the existing

54



0.1 MMI misfit due to the fault simplification error as described above, this is a small error,
which suggests that actual GM can be accurately predicted by our M-LARGE model. The
evaluation can also be discussed in the timeliness analysis, which we will compare the M-
LARGE predicted MMI timeseries with the actual MMI timeseries from the high-

frequency synthetic data in the later discussion.
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Figure 3.7. Final MMI misfits at the 525 virtual stations for the simplified and M-LARGE
predicted fault in different Mw groups. We take the fault at 510 s as the final fault to
generate MMI values. To prevent zero to zero comparison for distant stations, the misfit is
only calculated at the stations with the true MMI value >=3 MMI scale. The averaged MMI
misfits are -0.0020.116 and -0.0620.492, for simplified and M-LARGE predicted,

respectively.

The above result suggests that accurately predicting the 5 source parameters is
crucial. To understand how we can improve the prediction accuracy, we discuss the effect
of GNSS noise and data scarcity by testing the model with noise-free, full station data i.e.,

the perfect case (Figure 3.8). We find that with the perfect conditions, the accuracies of all
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the parameters are close to 100% and there is no strong correlation between Mw and misfits,
suggesting that the network coverage and data quality are more important than the source
complexity to the M-LARGE predictions, consistent to the result of Lin et al. (2021). We
note that length can be saturated as when a fault grows to 1,000+ km, this is because of the
simplification of the curving subduction zone geometry, which introduces ambiguity in the
along-strike and along-dip direction. Similarly, large misfit can also be seen in width due

to the onshore station distribution (Figure 3.8).
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Figure 3.8. M-LARGE performance on perfect data using 510 s long time series. The

accuracies of all the parameters are close to 100% except for the width of 92.8% due to the
onshore station distribution of the GNSS network.
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3.5.2 Timeliness of Alerts

To understand the timeliness of warnings that our model could make, we compare
the M-LARGE predicted GM to the real GM records collected from Ruhl, Melgar, Geng,
et al. (2019). We calculate the effective warning time, defined as when the prediction is
faster than the actual onset at a particular MMI level, to evaluate the performance (Figure
3.9). We find that M-LARGE can provide accurate MMI prediction and significant
warning time for most of the sites. For MMI=4 as an example, it shows 100% true positive
prediction of final MMI and a long warning time of ~60 s for most of the stations (Figure
3.9a). Some stations provide less or no warning time because these stations are close to the
source (~100 km) located in the blind zone of the model where only a few of GNSS stations

were operating during 2010 (Figure 3.6).

We then calculate the warning time for all the Chilean large earthquakes (Figure
3.9b) and plot the warning time histograms for all the real data at different MMI levels
(Figure 3.9). The result shows a long median warning time of 36 s for MMI=4, and 28 s
for MMI=5, which is slightly better than the result of Ruhl, Melgar, Geng, et al. (2019) of
34 s and 26 s for MMI=4 and MMI=5, respectively. One big difference is that our model
does not rely on the seismic triggered parameters which will potentially introduce latency
and saturated information from the seismic approaches that we have introduced earlier.
Thus, we anticipate that our model can have a longer and more accurate warning time

compared to the similar methods.
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We further test the model on synthetic data, which is more challenging because
they can be larger (Mw9.5+) and rupture a wider area (1000+ km) than the 5 Chilean real
earthquake data in the past 12 years. We test our M-LARGE model on the 10,000 ruptures
from testing dataset and compare the GM between the model predictions and the real GM,
assessed from the synthetic broadband data (e.g., Figure 3.3a). We find that with the rapid
estimation of earthquake sources, our model yields a median warning time of 34.5 s for all
the MMI levels for distance of 200 km, and this increases to 58.4 s for sites with distance
of 300 km (Figure 3.10). Considering a blind zone of 100 km due to the subduction zone
geometry and distribution of the GNSS stations that only a few of station has recording at
the initial stage (e.g., Figure 3.6), this is a long warning time and can be utilized to forecast
strong GM before their onsets. For MMI=4, our model yields a long median warning time

of 40.5 s, and this changes to 25.8 s for MMI=5, similar to the real data test.

Furthermore, we analysis the warning time statistic by calculating the rate of
successful warning, defined as the number of effective warnings divided by the number of
effective warnings and too late warnings (Figure 3.10). The result shows a high successful
warning rate for most of the sites, suggesting that our model can provide long and accurate

GM forecasting.
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Figure 3.10. Warning time of M-LARGE model testing on synthetic data. Warning time
is calculated by the median value of all the effective warning at a particular distance and

MMI level. Successful warning is defined by the number of effective warnings divided by
the number of effective and too late warning. Total number N is shown in logarithm scale.

3.6 Conclusion

In this chapter, we have proposed a new M-LARGE model (Lin et al., 2021) that
predicts finite fault parameters for large earthquakes from surface displacement waveforms
from HR-GNSS data. We test the model with synthetic and real data in the past 12 years
in the Chilean Subduction Zone and show that it successfully predicts magnitude with a
high accuracy of 99% and an averaged of 95% for other source parameters. These
predictions can be used to further forecast strong ground motion. Our synthetic earthquakes
test suggests that a long median warning time of 34.5 s can be made at the sites with

distance of 200 km, and this increases to 58.4 s for distance 300 km. Additionally, both the
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synthetic data and real Chilean earthquake data test provide a longer warning time of
36~40.5 s at sites with MMI=4, longer than the existing G-larmS algorithm of 34 s. Most
importantly, the prediction does not rely on seismic methods which will potentially
introduce latency and saturated information from the seismic approaches. We conclude that
the M-LARGE model is better and more suitable than the current EEW algorithms for large

earthquakes.
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CHAPTER 1V

DETECTING LOW-FREQUENCY EARTHQUAKES
IN NOISY TIME SERIES DATA WITH MACHINE
LEARNING: CASE STUDY IN SOUTHERN
VANCOUVER ISLAND

From Lin, J. T., Thomas, A. M., Melgar, D., & Bostock, M. G. (in prep.) Detecting
low-frequency earthquakes in noisy time series data with machine learning: case study in
Southern Vancouver Island. Earth Planet. Sci. Lett. The writing of this manuscript is by
me and Amanda Thomas, with the direction of my analysis and results. Diego Melgar

provides editorial support. Michael Bostock provides part of the data for this work.

4.1 Introduction

In recent years, the geophysical community has discovered that faults globally can
accommodate tectonic loading with different mechanisms that are commonly distinguished
by their slip speed. Earthquake ruptures represent the fastest fault slip phenomena and slip
at rates sufficient to produce high-frequency seismic waves. Whereas crystal plastic
processes operating in the deep roots of faults, at elevated temperature and pressure,

accommodate some of the slowest deformation that occurs at rates at or near that of tectonic
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loading. Slip phenomena between these two endmembers, which include transient creep,
slow slip, and afterslip, typically have slip velocities one or more orders of magnitude
larger than the tectonic loading rate, but still far smaller than inertially limited slip
velocities characteristic of seismic ruptures (Ide, Beroza, Shelly, et al., 2007; Peng &

Gomberg, 2010; Blirgmann, 2018).

Slow slip events are a type of transient fault slip during which the slip rate
accelerates to speeds that are 1-2 orders of magnitude faster than the background tectonic
loading rate (e.g., Biirgmann, 2018; Behr and Biirgmann, 2021). Slow slip events occur
frequently in subduction zones around the globe (Saffer & Wallace, 2015). In the past two
decades much effort has been dedicated to documenting their spatial and temporal
characteristics in different tectonic environs (Obara, 2002; Rogers & Dragert, 2003; Beroza
& Ide, 2011; Obara & Kato, 2016; Biirgmann, 2018, Behr & Biirgmann, 2021). Because
slow slip events occur over significantly longer timescales than typical earthquakes, they
generate very weak seismic waves that are both lower in amplitude than and depleted in
high-frequency content (i.e., > 1 Hz) relative to typical earthquakes (e.g., Thomas et al.
2016). Obara (2002) first recognized what he dubbed non-volcanic tremor beneath the
Shikoku and Kii peninsulas in Japan. He identified tremor as a low-amplitude signal with
a predominant frequency content of 1-10 Hz lasting a few hours to a few days. He also
recognized that tremor signals propagated with a velocity most consistent with that of S-
waves and locate deep on the plate interface. Shortly thereafter nonvolcanic tremor was
recognized as the seismic manifestation of deep slow slip (Rogers & Dragert, 2003).
Tremor can be rapidly detected and is a useful tool for identifying and tracking SSE

evolution. One of the most widely used tremor detection algorithms is that of Wech and
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Creager (2008) which is run in real-time by the Pacific Northwest Seismic Network,
identifies tremors by cross-correlating waveform envelopes and grid searching the location,
which shifts the S-wave time until the summed cross-correlation functions for all the station
pairs reach the maximum value (Wech, 2021). Because there are no clear P- and S-waves,
the locations require a predefined grid and depth estimates are unreliable (Wech, 2021).
Furthermore, detections are limited to 5 minute time windows which do not allow for
analysis of shorter timescale phenomena or to resolve energy coming from multiple

locations.

Low-frequency earthquakes (LFEs) are more traditional seismic sources and do not
suffer from the limitations above. Although the physical process responsible for their
generation is still a matter of debate (Obara, 2002; Obara & Hirose, 2006; Seno &
Yamasaki, 2003). It is known that LFEs are often accompany SSEs (Obara & Hirose, 2006;
Ide, Shelly, & Beroza, 2007; Ito et al., 2007), and they can shed light on slow slip
nucleation and evolution, and potentially earthquake hazards. For example, Yamashita et
al. (2015) show that LFEs off Southern Kyushu, Japan, migrated toward shallow depth of
the subduction zone where large earthquakes occurred, and may cause stress accumulating
in the region that generate large and tsunamegenic earthquake in the future. Similarly,
studies have shown that spatial and temporal distribution of LFEs, slow earthquakes and
SSEs can link together and can be associated with large e.g., 2011 Mw9.0 Tohuku

earthquake (Kato et al., 2012; Ito et al., 2013).

Of all the seismic manifestations of SSEs, LFEs provide the most precise depth
estimates. The location of LFEs relative to the structure of the subduction shear zone

provides valuable information about which processes may be responsible for slow slip (e.g.,
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Calvert et al. 2020). Traditionally LFEs are detected by template matching approaches
(Bostock et al., 2012; Chamberlain et al., 2014; Royer & Bostock, 2014; Shelly et al., 2007).
This method requires an LFE waveform template which is cross-correlated through the
continuous waveform data to search for similarity. When the summed cross-correlation
function exceeds a threshold (e.g., eight times the median absolute deviation (Shelly et al.,
2007)), the window is considered a detection. This process can be refined by stacking all
the detected waveforms as a new LFE template to increase the signal-to-noise ratio.
Obviously, the above approach is time consuming and computationally expensive. Most
importantly, it can only detect known templates and is limited by the assumption that LFEs

are repeating sources.

Thomas et al. (2021) proposed a machine-learning (ML) approach that can identify
LFE waveforms in noisy data from a single station. They have successfully applied this
model in Parkfield, CA and shown that it identified new events that are not in the original
catalog, suggesting the potential of applying such an approach. Here we take the same ML
technique from Thomas et al. (2021) and apply it in Southern Vancouver Island (Figure
4.1) to detect LFEs. The detected events, without the aforementioned repeating limitations,

can provide us a better idea of subduction zone processes.
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Figure 4.1. Map view of the study area. Magenta triangles show the stations used for model
training and testing; blue triangles represent the unseen stations, which are not involved

during the training process, for model testing. Circles denote the LFEs locations from
Royer & Bostock (2014) catalog, color coded by their depth.
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4.2 Methods

4.2.1 Training Data for Phase Picks

The first goal of this work is to develop a ML based phase picker which can
distinguish LFEs from noise and make arrival time picks on records deemed to contain
signal. Accomplishing this task requires obtaining training data that includes many
representative examples of noise, P-, and S-waves with associated picks. We obtained
manual phase picks from events that were originally identified by a combination of
autocorrelation and template matching (Royer & Bostock, 2014). For each arrival time
pick in the catalog, we download a 30 second window of data centered on the pick time
using Obspy (Krischer et al. 2015). We interpolate any traces not sampled at 100 Hz, the
sample rate we employ in this study. To distinguish earthquakes from noise, representative
noise samples are included in the training data for the CNN. As such we download a
similar number of noise windows (defined as the time period prior to the P arrival time
pick). Noise data are randomly selected when there are no known LFEs prior and after the
time with the minimum separation of 180 s. This process results in nearly 750,000
waveforms split approximately evenly between noise, P-wave, and S-wave picks. We use
a Gaussian function as the network target. The Gaussian is centered on the P or S wave
arrival time and has a standard deviation of 0.4 s. This small value is to allow some errors
in the arrival time pick in the catalog, but it is not sufficiently large that it smears the
detection resolution. For noise waveforms, we use an array with all zeros as the targets.

(Figure 4.2).
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Figure 4.2. Example of LFE and noise data at station TWKB. (a) 3-components waveforms
from LFE catalog (family: 006) from Royer & Bostock (2014). Gray lines show the raw
data normalized by their amplitude; red lines show the stacking of gray lines (only show a
few examples here). Blue line shows the gaussian function as the possibility of the S-wave
arrival, which is the target for model training. Note that the label applies to individual
waveforms (i.e., gray lines), not the stacked data which is only for demonstration purposes.
(b) Similar to (a) but for noise data.
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4.2.2 Convolutional Neural Network Architecture and Training

The input data to the network is three component seismic data. Since data windows
are 30 s long and we employ a sample rate 100 Hz, the input data has a length of 3000
samples. Leaving the training data in the original form, with the pick in the middle, would
result in the CNN learning to pick the middle sample each time. As such, similar to
Thomas et al. (2021) we use a data generator during training which randomly selects
subsamples of traces from the training data, called batches, and applies the following
modifications to the data prior to input. First, we randomly select a start time in the first
half of the trace and include only 15 seconds of data beginning at that time. This has the
effect of randomly shifting the pick in time such that it can occur at any time during the
window. Second, to account for variable amplitudes in the training data, we normalize the
three component data with the maximum amplitude of all three components and apply a
logarithmic transformation to the input data. This transformation maps each value, x, in
the original traces to two numbers: the first is sign(x) while the second is the /n(abs(x)+eps)
where eps=1e-6. This has the effect of scaling the features such that input amplitudes do
not vary over orders of magnitude and preserving information on the sign. The data
generator supplies six channels (3 components with a normalized amplitude and sign for
each) in batches to the CNN during training and augments the training data by shifting the

pick times.

For the ML model we employ the U-Net architecture from Thomas et al. (2021). U-
Nets are composed of several convolutional layers (LeCun et al., 1998) and links, which

allow the raw and early information to be accessible to the later decision layers. This
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architecture has shown to be successful in biomedical image processing (Ronneberger et
al., 2015) and in seismic phase identification (e.g., Zhu and Beroza, 2018). The model
contains a size factor to control the size of the neurons of convolutional layers and dropout
layers to avoid overfitting. Here, we only test three network sizes (i.e., size 0.5, 1, and 2)
and fix the standard deviation of arrival time label of 0.4 s since our goal is to build and
test the feasibility of applying such a method in a noisy environment. We do not fine tune
the hyperparameters, which have shown to have minor influence on the performance, and

find that the size 2 model works the best for P-wave and S-wave detection in our case.

The data partitioning is important for ML models. One modification that we make
is instead of mixing all the waveforms from all the events (Thomas et al., 2021), we split
the data by the event ID so that traces from the same event will not participate in both the
training and testing datasets, potentially minimizing the model memorization. A total of
269,422 events are split into 80% and 20% for training and testing, respectively. On
average there are 2-3 P-wave or S-wave recordings associated with one event. We set our
model batch size to 32, with a total of 50 training epochs. Finally, we take the final model

as the preferred model and test it with both the testing dataset and the continuous data.

4.3 Results

4.3.1 Assessing Model Performance
We first perform the model on the testing dataset to evaluate the model performance
(Figure 4.3). To do so we calculate the accuracy, precision, and recall for both the P- and

S-wave models. We first calculate accuracy
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Accuracy (%) = ——0__ % 100%, (4.1)

TP+TN+FP+FN

where true positive (TP) is defined by the number of positive detection and that are actual
LFEs; true negative (TN) is the number of negative detection and that are noise; false
positive (FP) and false negative (FN) are the number of incorrect LFE and noise predictions,
respectively. For simplicity, here we initially consider this as a binary classification
problem and discuss the arrival time accuracy later. We calculate the accuracy as a function
of the decision threshold for the P- and S-wave models and find that the S-wave model has
slightly higher accuracy (92%) than the P-wave (90%) at threshold ~0.1. Next, we

calculate precision as

TP
TP+FP

Precision (%) = %X 100%, 4.2)

Unlike accuracy, precision ignores the number from negative predictions, and the value
simply represents the rate of positive predictions and that are actually positive. Both our P
and S-model have a precision of 95% at threshold ~0.1 which means the predicted LFEs
are 95% accurate, and only 5% of the detections are false detection i.e. noise. Furthermore,
to understand the rate of misclassification of actual LFEs we calculate recall, or the true

positive rate (TPR)

TP
TP+FN

Recall (%) = x 100%, (4.3)

Recall evaluates the rate of actual LFEs and that are successfully detected. For
example, both our P and S-model have a recall of 90% at threshold ~0.1, this means 90%

of the LFEs can be identified, and 10% of the LFEs are misclassified as noise.
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A receiver operating characteristic (ROC) curve is another metric to evaluate the
overall model performance (Figure 4.3b). The ROC curve varies the decision thresholds of
a binary classifier and examines the true positive rate (TPR) against the false positive rate
(FPR). The Area Under the ROC Curve (AUC) is a more common representation of the
ROC curve. AUC spans a value from 0.5 to 1, where 0.5 is randomly guessing and 1 means
perfect prediction. To further validate the model, we perform three different tests: testing
the model with the full testing dataset (v1); testing with only large (*M2.2) events (v2);
and recording at close (<30 km) epicentral distances (v3). We randomly select data from
the above criteria and pass them into the generator to generate 1,000 LFEs and 1,000 noise
samples and repeat the procedure 20 times to assess the distribution of ROC curves and
AUC values (Figure 4.3). In comparison to the vl test, which had AUCs of 0.92 and 0.97
for the P- and S-wave models, respectively, we find that the model performs better when
testing it using only large events with an AUC of 0.96 and 0.98, for P- and S-wave models,
respectively. This suggests that the ML model performs better with the higher signal-to-
noise ratio data, representative of larger LFEs. The v3 test demonstrates that the model
does not perform significantly better than the v1 test. This is because most of the LFEs are
located beneath the stations with depth of ~40 km (Figure 4.1) and thus the difference in

horizontal distances is insignificant.
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4.3.2 Application to Continuous Seismic Data

According to the metrics, we set a decision threshold at 0.1 for both the P- and S-
wave model and run our ML model on 14 years of continuous waveform data from 2005
to 2018. We find that, unsurprisingly, the model is able to identify known LFEs. Figure
4.4 shows example S-wave detections of a known LFE on multiple stations. The model
clearly picks the arrival at stations TWKB, LZB, PGC, and SSIB. For station SILB and
VGC the model detects the event but with a few second arrival time difference. Overall the
model is adept at identifying existing LFEs. Furthermore, we find that our ML model
detects events that are not in the original catalog; such events are routinely detected on
multiple stations (Figure 4.5). Assuming there is only one LFE in the 15 s time window
and all the detections are independent, the chance that such detections are false detections

1s smaller than 1%.
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Figure 4.4. Example of S wave detections of a known LFE. Family ID: 022, origin time:
2005-09-09T16:55:26.065 from testing dataset (only showing East-component). All the
waveforms are normalized by their amplitude and plotted with their epicentral distance
along the y-axis. Bolded lines show the model prediction. Blue dots mark the detected
arrivals from the model, red stars show the actual arrivals.
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Figure 4.5. Example of S wave detections of an unknown LFE which is not in the original
catalog. Waveforms are normalized by their amplitude (only showing East-component).

Bolded lines and dots show the model prediction and the detected arrivals from the model,
respectively.



Beyond individual detections, Figure 4.6a shows timeseries of daily detection
counts for the 14 stations that were used to train the network. High LFE rates manifest
across the network during times of known large magnitude SSEs while inter-SSE time
periods have very low detection rates. The result shows that the detections are consistent
with known tremor activity catalog (Wech, 2021) and the original Royer & Bostock (2014)
catalog (Figure 4.6b). We next define robust detections as those in which a minimum of
three stations detect an arrival in the same 15 s time window. Our result shows that in the
ten year period from 2005-2014, the model detects more than five times the number of
events than the original catalog of Royer and Bostock (2014) in a fraction of the time. This
is not surprising considering those authors applied their template matching approach to
times of known SSEs to minimize computing time but does indicate that there are likely
undetected LFEs during large SSEs and significant inter-SSE LFE activity that may be

used to better resolve slip throughout the slow slip cycle.
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Figure 4.6. Model performance on multiple stations. (a) daily detection number for all the
14 stations, normalized by their maximum value. (b) Cumulative number of model
detection, LFE catalog (Royer & Bostock, 2014), and tremor catalog (Wech, 2021).
Detection is constrained by a minimum of 3 stations detecting an arrival at the same 15 s
detection time window.
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Furthermore, we apply the trained model to 10 stations that were not used during
model training (Figure 4.7). The detection counts on these stations have the same low daily
detection counts during inter-SSE periods that increase abruptly during times of known
SSEs for time periods when data is available. The CNN has not seen any of the LFE data
from these stations, yet it can still robustly detect LFEs, and the patterns are consistent with
the original catalog (Figure 4.7). This result demonstrates the CNNs ability to extrapolate
learned information to new settings and that path, site effects, and noise character for the

unseen stations are likely to be similar to the training stations.
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Figure 4.7. Model performance on unused stations. The station locations are shown in
Figure 4.1.
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4.3.3 P and S-wave Arrival Time Estimates

As demonstrated in Figure 4.4, arrival time prediction can be challenging especially
for low signal-to-noise ratio data. We find that by setting a decision threshold of 0.1, the
model has an averaged S-wave travel time misfit of -0.2 s, with a standard deviation of 3.6
s (Figure 4.8). This slightly decreases to -0.17 s and a standard deviation of 2.6 s when
setting a higher threshold of 0.5. The negative mean value is mainly because the model
identifies some of the earlier P-wave arrivals. This is shown in Figure 4.8a in the 0-40 km
distance groups, where the arrival time misfits show a secondary peak at -6 s, the expected
P-S wave arrival time difference for the depth of ~40km. Similarly, this can be also seen
for the larger magnitude events shown in Figure 4.8b where the P-wave amplitude is
expected to be more obvious. We find that the misfits do not decrease when using events
with epicentral distances of less than 40 km, this is likely because all the sources are deep
and thus the difference in the horizontal distance is insignificant, similar to the result of v1
and v3 tests in Figure 4.3. For the P-wave model, we do not find the predicted arrival time
useful because the predictions are frequently mixed with the S-wave arrivals, yielding large
misfits with a standard deviation of 4.2 s. This is expected, as shown in Figure 4.2, P-wave
arrivals usually have such low signal-to-noise ratio that they are rarely detected. Thus in
our daily seismicity analysis presented in Figure 4.6, we do not include the detections from

the P-wave model.
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Figure 4.8. Distribution of arrival time misfits in different groups. (a) shows the misfits in
different distance groups. (b) The misfits in different magnitude groups. (c) Histogram of
the misfits.
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4.4 Discussion

4.4.1 Flexibility and Efficiency

Past studies have shown that traditional template matching methods are an effective
tool for identifying repeating LFEs in continuous seismic data (e.g. Shelly et al. 2007,
Thomas and Bostock, 2015). Despite its success, the method has several limitations: it
requires templates be selected a-priori, it finds only known signals and cannot extrapolate
to waveforms of similar character, it requires similar station distributions through time and
is computationally intensive. The CNN we develop here has several advantages over
template matching. First, it is capable of identifying new and known LFEs as demonstrated
above. Second, it can be applied to new stations in the same geographic region to detect
existing and new LFEs. Finally, it is computationally efficient. Once it is trained, the time
complexity of the model is O(N), which is linearly dependent on the total number of data,
compare to the template matching method of O(N*M) which is depending on both the
number of data and templates. Our result shows the presenting arrival misfits for ~seconds
that will require additional work to accurately locate LFEs, but as a test of methodology,
we anticipate that the predictions can be added as an additional constraint for a more robust
detection i.e., only keeps the events when both the P- and S-wave are clear and reasonably

separated.
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4.4.2 Implication and Future Work

From the daily seismicity plot (Figure 4.6), we find that the seismicity emerges (e.g.,
June 2006 - December 2006) before a group of LFEs occurrence, associated with the 2007
SSE occurrence. Such LFEs emergence seems to be a robust feature as it can be seen in
almost all the inter-SSE periods, constraining by at least 3 stations. The pre-SSE activities
is also correlated with the tremor catalog (Wech, 2021), where daily tremor rate gradually
increases and eventually reaches the peak when an SSE emergence. Whether these
activities suggest a process of slip nucleation and acceleration, or fluid been inconstantly
supplied remains unknown. Future work on event locating and validation are necessarily
to help understanding the actual seismic activities and the mechanism downdip the

Vancouver Island.

4.5 Conclusion

LFEs activities provide a tool to track SSE evolutions, associated to earthquake
hazards. Traditional methods for detecting LFEs are computationally expensive and they
are usually limited by the assumption that sources repeat. Here we train a CNN to detect
LFEs and identify their P- and S-wave arrivals in Southern Vancouver Island. We first
consider LFEs identification as a binary classification problem. When applied to the testing
dataset our model has a high accuracy of 92% for S-waves and 90% for P-waves at a
decision threshold of 0.1. This is remarkable considering the low signal-to-noise ratio of
the data. We applied the CNN to 14 years of continuous data and find that the model detects
more than five times the number of events than the original catalog (Bostock et al. 2012;

Royer & Bostock, 2014). These events comprise undetected LFEs that occur during large
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SSEs and interSSE LFEs that were not included in the original catalog. Given the high
precision of 95% and by requiring simultaneous detections on at least 3 stations the false
detection rate is less than 1% suggesting the vast majority of detections are robust. A high
resolution LFEs catalog would undoubtedly help to constrain the enigmatic processes
responsible for deep slow slip events however further work is needed to accurately locate

LFEs before such investigations can yield insightful results.
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CHAPTER YV

OVERLAPPING OF COSEISMIC AND
TRANSIENT SLOW SLIP

From Lin, J. T., Aslam, K. S., Thomas, A. M., & Melgar, D. (2020). Overlapping
regions of coseismic and transient slow slip on the Hawaiian décollement. Earth and

Planetary Science Letters, 544, 116353.

5.1 Introduction

5.1.1 Fast and Slow Slip

Earthquakes represent rapid release of accumulated strain along faults and typically
occur on timescales of fractions of a second to minutes in the largest earthquakes. To
generate high frequency seismic waves, typical earthquakes slip at velocities ranging from
107* to 1+ m/s (e.g., Galetzka et al., 2015; Thomas et al., 2016). In contrast, slow, transient
fault slip occurs on timescales of seconds to years resulting in slip velocities that are usually
at most 1-2 orders of magnitude above the plate rate (Biirgmann, 2018). Transient slow
slip events were originally discovered down dip of seismogenic zone in Japan and Cascadia
(Obara, 2002; Rogers and Dragert, 2003). However, in the nearly 20 years since its original

discovery it is now clear that transient slow slip can also occur in the shallow portion
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of subduction megathrusts (Yamashita et al., 2015; Saffer & Wallace, 2015; Wallace et al.,

2016) and within the seismogenic zone (Ito et al., 2013; Dixon et al., 2014).

Regions that regularly host transient slow slip are often observed adjacent to highly
coupled regions of subduction megathrusts capable of generating large magnitude
earthquakes (e.g., Dixon et al., 2014; Radiguet et al., 2016; Rolandone et al., 2018). This
observation naturally raises questions as to whether the same section of fault is capable of
hosting both slow and fast slip. If they are, then using only the highly coupled regions of
subduction megathrusts to estimate the areal footprint of future earthquakes may
fundamentally underestimate rupture extent and earthquake magnitude. Beyond estimating
the extent of future earthquakes, the ability of slip to penetrate into regions hosting slow
slip has important implications for ground motion and tsunami hazards. For example, in
many subduction zone geometries the down dip region of subduction megathrusts is the
section of fault closest to major population centers, hence increasing slip in this region will
increase ground motions there (Chapman & Melbourne, 2009; Frankel et al., 2015; Ramos
and Huang, 2019). In contrast, increasing slip near the trench results in larger sea floor

displacements and resulting tsunamis (Satake et al., 2013; Melgar et al., 2016).

Despite the aforementioned implications, to date there is a dearth of observations
of regions known to host slow slip overlapping with those that host coseismic slip. Here
we show that the 2018 M7.1 Hawaii earthquake (Figure 5.1) ruptured the entirety of an

adjacent region that regularly hosts transient aseismic slip.
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Figure 5.1. Map of southeastern Hawai'i island. (a) Blue, orange and green vectors show
the recorded GNSS horizontal displacements from the 2018 My7.1 earthquake, SSE-East
and SSE-West, respectively. Triangles denote the strong motion stations from the
Hawaiian Volcano Observatory network. The yellow circles represent tide gauges (KAPO,
HONU) and one DART buoy (DART). The colormap shows the joint GPS, strong motion,
and corrected tsunami inversion for the 2018 earthquake on the same fault plane of Liu et
al. (2018). Orange and green contours mark the SSE areas of Foster et al. (2013). Focal
mechanisms and hypocenters (stars) are taken from the USGS NEIC, including the
M,5.7 foreshock (20180504T21:32:44) shown in black and the mainshock (red). Brown
lines denote regional active faults identified by the USGS. (b) Cross section along the red
line shown in Panel A (a). The black triangle indicates the Kilauea's eastern rift system.
Black lines represent the décollement of Hawaiian flank and the oceanic crust inferred
by Morgan et al. (2000) (reflection profile 2 in Fig. 4) and the structures modified
from Montgomery-Brown et al. (2009, Figure 18). Brown rectangles show all 45 fault
geometries (i.e., projected from 3D to 2D) explored in our overlap analysis described
below. The red rectangle marks the fault of Liu et al. (2018) that is also shown in Figure
5.1(a).
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After exploring the extent of overlap as a function of fault plane geometry and
inversion regularization parameters we find that, for most reasonable choices, the SSEs
and coseismic slip overlap nearly entirely with the majority of the SSE regions hosting 1+
m of coseismic slip. Finally, we use simplified numerical models of fault slip to explore
the conditions that promote significant overlap and discuss which variations in fault

mechanical properties are likely responsible for variations in slip behavior.

5.1.2 Tectonic Setting of Hawaii

The south east flank of Hawaii's Kilauea volcano is a region of complex tectonics
that reflect a combination of earthquake and magmatic processes (Owen et al., 1995).
Leveling, continuous, and campaign Global Navigation Satellite System (GNSS)
measurements indicate that it moves seaward at rates that can exceed 10 cm/yr (Owen et
al., 1995; Delaney et al., 1998). This deformation is thought to be driven by unstable
gravitational spreading and accumulation of magma along Kilauea eastern rift systems
(Thurber and Gripp, 1988) and is accommodated on a décollement dipping shallowly to
the NW. The décollement is thought to coincide with the interface between the
underlying oceanic crust and the volcanic edifice (Hill, 1969; Furumoto and Kovach,
1979; Nakamura, 1982). As such, the décollement is likely made up of a thin (<I km) layer
of oceanic sediments based on observations of low velocity seismic waves (Thurber et al.,
1989) and measurements of sediment thickness in the Pacific basin surrounding Hawaii
(Nakamura, 1982). The distribution of seismicity beneath the East rift zone (ERZ) clearly

illuminates a planar geometry at a depth of 7~10 km (Klein et al., 1987; Denlinger &
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Okubo, 1995; Got and Okubo, 2003) that extends seaward, which has been well-
constrained by focal mechanisms and seismic reflection data (Gillard et al., 1996; Morgan
et al., 2000; Park et al., 2007). Large earthquakes have occurred on the décollement, such
as the 1868 M7.9 Kao and the 1975 My7.7 Kalapana earthquakes. Additionally, this

structure hosts both periodic and aperiodic slow slip events (SSEs).

5.1.3 Slow Slip in Hawaii

Cervelli et al. (2002) first identified slow slip in GPS data recorded on Kilauea's
south flank that manifest as systematic GPS displacements of up to 1.5 cm occurring over
a 36 hour period. Those authors found that the displacements were best fit by a shallow,
thrust source located at 4.5 km depth. Accounting for material heterogeneity increased the
estimated source depth to 5 km which led those authors to conclude that the slow slip was
too shallow to be on the décollement. Later, Segall et al. (2006) and Brooks et al.
(2006) showed that M5.5~5.9 transient SSEs regularly occur in Hawaii and can be
magmatically triggered (Brooks et al., 2008). Additionally, Segall et al. (2006) employed
the location and timing of coeval, triggered microseismicity to argue that these SSEs do
indeed occur on the décollement. Montgomery-Brown et al. (2009) later showed the
accounting for the combined effects of topography and elastic heterogeneity can reconcile
the inferred depths of the SSEs with the depths of coeval microseismicity, further
supporting the idea that both occur on the décollement. Additionally, they identified new
SSEs with distinct deformation patterns. Foster et al. (2013) later recognized that there are

two different asperities that produce SSEs; a western asperity that hosts nearly periodic
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SSEs that average with typical magnitudes of ~M5.8 and an eastern asperity that hosts

irregular ~M5.4 slip events.

5.2 Data

5.2.1 The Mw7.1 2018 Hawaii Earthquake

The May 4 My7.1 Hawaii earthquake is the largest earthquake on the island since
the 1975 M7.7 Kalapana earthquake (Owen and Biirgmann, 2006). In addition to
widespread strong shaking it produced a tsunami with a maximum wave height of 40 cm
recorded at a nearby tide gauge (KAPO, Figure 5.1). Different slip models using
teleseismic, strong motion, GPS, tsunami data or some combination thereof have been
published in the literature (Liu et al., 2018; Bai et al., 2018; Chen et al., 2019). While these
models differ in their specifics, their salient features are similar and include peak slip of
approximately 3 m on a structure dipping shallowly (5~7.5°) to the NW, with an average
rupture speed of approximately 1 km/s. Another common feature of these slip models is
they either do not include or fail to completely reproduce near-field tsunami observations
at stations HONU and KAPO (Figure 5.1). Published inversions for the Hawaii earthquake
that have attempted to include the near-field tsunami data ultimately have noted large
arrival time discrepancies (e.g. the difference between modeled and observed arrival times
as large as ~4 min at KAPO, only 30 km from the hypocenter (Bai et al., 2018)). Near
field tsunami data provide important constraints on rupture extent and total moment
(Satake et al., 2013), hence reproducing these observations is important because the 2018

Hawaii earthquake occurred almost completely offshore. We first download two near-field
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tide gauges and an additional far-field ocean-bottom pressures from the Deep-ocean
Assessment and Reporting of Tsunamis (DART) sensors from the Pacific Tsunami
Warning Center that will be used to validate the inversion. Additionally, we download the
GNSS observations processed by the Nevada Geodetic Laboratory (Blewitt et al., 2018),
estimated from the 5 minutes sampling displacement timeseries. A total of 36 3-
components GNSS stations with epicentral distances less than 0.6° were selected to ensure
high signal-to-noise ratio. We also download data for the 9 closest strong motion stations
from the IRIS DMC (https://ds.iris.edu/ds/nodes/dmc/), remove the instrument response,
integrate to velocity, apply a bandpass filter with corner frequencies of 0.08-0.4 Hz, and
resample to 1 Hz. We high-pass filter the tsunami observations with a 1 hour corner to

remove the long period ocean tides and re-sample the data to 15 sec (Figure 5.2).

We note that large tsunami misfits may indicate that flank failure may have
occurred as part of the 2018 event, similar to the 1975 Kalapana earthquake discussed
by Owen and Biirgmann (2006). However, our analysis completely rules out this
possibility. Careful examination of the tide gauge records reveals a small tsunami signal
resulting from a My5.7 foreshock which occurred ~1 hr before the mainshock with very
similar source location and focal mechanism (Figure 5.3). This small event also has a
significant time delay. This timing issue in near-field recordings has been noted before
(Romano et al., 2016) and is attributed to artificial delays introduced into modeling of the
tsunami propagation by the finite resolution of the digital bathymetric model in the near-
shore region where tide gauges are located. To correct for this issue, we employ a novel
empirical time calibration technique to the tsunami data recorded at near-field stations. We

take the tsunami from My5.7 foreshock recorded at both tide gauges and use it to find the
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optimal time shift for the My7.1 mainshock tsunami record. The tsunami waveforms of the
My5.7 foreshock and mainshock are very similar as they share nearly identical path and
site effects. Because the My5.7 earthquake is a relatively small event, it can be treated as a
point source. We use the W-phase moment tensor solution to calculate the expected
coseismic seafloor deformation and use this as the tsunami initial condition. We model its
propagation model to both tide gauges and obtain the timing misfit by cross correlation
between the modeled and observed arrivals. The time shifts between synthetic and
observations are 240 s and 135 s for KAPO and HONU, respectively. These delays are
employed as empirical time corrections for the mainshock inversion and lead to good fits

to the data.
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Figure 5.2. Data and fitting from the joint inversion model in Figure 5.1. (a) shows the
GPS fitting, where the blue and red vectors represent horizontal coseismic displacement
data and model, respectively. The circles and squares are color coded to show the vertical
component of data and model, respectively. Triangles denote the strong motion stations.
(b) A zoom in view of dashed area shown in (a). Red box outlines the surface projection
of the fault plane. (c) Fitting of strong motion data (integrated to velocity), where the black
and red lines represent normalized data and model, respectively. Texts mark the peak
amplitude. (d) Model fitting of tsunami data. Station locations are shown in Figure 5.1.
The top two panels show the model fitting and the comparison of tsunami without
correction. Note that DART is not used in the joint inversion model, but for model
validation purpose.
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Figure 5.3. Tsunami waveforms and empirical tsunami correction. The blue (T1) and red

(T2) areas mark the tsunami data from foreshock and mainshock, respectively. Inset T1 v.s.

T1 model shows the tsunami model (blue dashed line) and the shifted model (red line) of

the foreshock. The shifts are then used to correct the unmodeled error in the mainshock

tsunami. Inset T1 v.s. T2 shows the normalized tsunami of foreshock (blue) and mainshock
(red).

5.3 Joint Inversion Model

We use the Mudpy (Melgar & Bock, 2015) with Laplacian regularized slips in the
inversion. The fault geometry is taken from (Liu et al., 2018). We divide it into 18 by 13
subfaults with total length of 45 km and 39 km for the strike and dip direction, respectively.

We use a frequency-wavenumber approach (Zhu & Rivera, 2002) and an average 1-D local

92



velocity model from Klein (1981) to calculate the static and strong motion Green’s
functions (GFs) (Table 5.1). The Greens functions (GFs) of tsunami data are calculated in
a two-step procedure following Melgar and Bock (2015). First, we obtain the vertical
seafloor coseismic displacement produced from unit slip on each subfault. This is
considered the initial condition for tsunami propagation. In a second step we propagate the
tsunami to each tide gauge using the GeoClaw shallow water solver (Berger et al., 2011).
We use the SRTM-15 topography and bathymetry. GeoClaw uses adaptive mesh
refinement (AMR) and we allowed 4-Levels of AMR with an inner 15 arc-second and an
outer 10 arc-min grid. We force the tsunami calculation to use the finest grid spacing as

tsunami waves get close to the stations when subtle bathymetry changes become significant.

We apply different weights to different dataset depending on data norm and level
of uncertainty. The strong motion data has the highest weight in the inversion with 1/0.6,
with respect to tsunami of 1/1.4. We set the weight of horizontal GPS as 1 and vertical GPS
as 1/2, because of the larger uncertainty in GPS vertical component. We also jointly invert
the GPS and strong motion data and grid-search the rupture velocity which best fit the
strong motion waveforms (Figure 5.2). Note that although GPS is not sensitive to rupture
velocity, it can still constrain the final moment in the joint inversion process. Similarly,
for the inversion of SSEs, we take the GPS data from Foster et al. (2013), a study based on
template matching the previously identified events. We invert the averaged GPS
observations for all the identified East and West SSE families using the same inversion
method that we invert for earthquake slip. In our preferred model, slip occurs on an asperity
located southeast of the hypocenter (Figure 5.1) with a maximum slip of 3.2 m at a depth

of 3.5 km resulting in a Mw7.1 event. Our preferred slip pattern also shows that the 2018
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event ruptured southwest of the hypocenter toward the SSE area. We find a preferred
rupture velocity of 1.2 km/s, consistent with the results of previous studies (Liu et al.,
2018; Bai et al., 2018). Considering the 3.7 km/s shear wave velocity at this depth, this is
a relatively slow rupture speed. Analysis of rupture progression indicates the rupture front
reached the main asperity 10 s after initiation, gradually ruptured to the southwest
beginning at 17 s, and ceased after 32 s (Figure 5.4). We also test the joint inversion with
corrected and uncorrected tsunami waveforms, and the result shows that the model cannot

explain tsunami data without empirical time corrections.

Although the fault geometries of the 2018 earthquake employed in previous studies
(e.g., Liu et al., 2018; Bai et al., 2018; Chen et al., 2019) seem to be distinct from the
décollement, i.e., they have a shallower preferred depth of ~6 km and a steeper fault dip of
~7° or 20° according to the USGS W-phase moment tensor, this possibility has been ruled
out by Chen et al. (2019). As they show, the fault depth is not very sensitive to the data
they used in their joint inversion (i.e., teleseismic, GPS and strong motion) since the
variance reduction (VR) only changes by up to 2% when varying the hypocentral depth
between 5 and 9 km. Thus, the preferred shallower fault plane is only a plausible solution
and we can only resolve the geometry within some range based on reasonable constraints
(Table 5.2) from grid-searching, not a global minimum of the models. Also, the initial dip
angle of 20° from USGS was refined by a later analysis of Love Wave radiation patterns
to between 2.5-7.5° (Lay et al., 2018), suggesting the 2018 earthquake took place on a fault

plane with a geometry similar to the décollement.
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Figure 5.4. Snapshots for the kinematic rupture model in Figure 5.1. Subplots show the
progression of the earthquake in different time stages. Red stars represent the earthquake
epicenter. White vectors denote the direction and amplitude of the slip.
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Table 5.1: Velocity model used in this study.

Thickness(km) Vs(km/s) Vp(km/s) Density(g/cm”3) Qs Qp
4.5 2.37 423 2.12 300 600

5.5 3.74 6.65 2.89 300 600

5.0 3.85 6.85 2.96 300 600

1.25 4.25 7.56 3.19 300 600
83.75 4.58 8.15 3.38 300 600

5.4 Overlap of Slow and Fast Slip

5.4.1 Evidence from Inversion Model

The results presented above suggest that there is significant overlap between the
2018 earthquake and SSE slip distributions so we now explore to what extent coseismic
slip overlaps with SSEs. The relatively simple faulting environment and very dense modern
geophysical observations when compared to subduction zone settings (e.g., Yamashita et
al., 2015; Wallace et al., 2016; Ito et al., 2013; Dixon et al., 2014) make Hawaii Island an
ideal place to explore this question. Owing to the large magnitude and associated fault
dimension (i.e. >30 km), all studies of the 2018 earthquake agree the event, like the SSEs,
ruptured the décollement (Liu et al., 2018; Bai et al., 2018; Chen et al., 2019). In order to
determine the extent of overlap, we re-invert GPS data from Foster et al. (2013) for the
SSE slip distribution; and jointly invert GPS, strong motion, and tsunami records for the
earthquake slip distribution using the same inversion method introduced in the

supplementary material. Our checkerboard tests show good resolution for the earthquake
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inversion, and satisfactory resolution in the SSE source region. Because of the uncertainties
in both the location and geometry of the décollement, we test a range of fault geometries
with strikes of 229°-249°, dips of 3°-11°, and depth of 5-9 km; a total of 45 possible fault
geometries. We also grid search Laplacian spatial regularization for each geometry. Rather
than determining a best fit fault plane and slips we consider all possible models that have
a reasonable VR and moment magnitude when compared to far-field moment tensor
solutions and results from different sources of joint inversion (Bai et al., 2018; Liu et al.,
2018; Chen et al., 2019), defined in Table 5.2. Note that for SSEs, only the VRGPS is
considered. For the earthquake, the joint inversion has regularized all the dataset together
and VRGPS above 70 should give satisfactory models that will be used for our overlap

analysis discussed below.

We test a total of 45 geometries and compute their overlap on each tested geometry
(Figure 5.1b). For each geometry, each event (i.e., EQ, East and West SSE) has 50 models
resulting from different regularization parameters. We select only the reasonable solutions
from those 50 models based on the filtering criteria of Table 5.2. We note that the smearing
effect in the inversion, thus, to focus only on the confident slip, we compute the top 50%
of slip contour for each model, and calculate the overlap between EQ and SSEs (Figure
5.5). We also compare the results of setting the slip contour of top 30% to 80%, or compute
the averaged value with only the overlaps are certain (i.e., non-zero averaging), the
overlapping area are slightly different but the relatively features are similar to the Figure
5.5. This suggests that when the fault geometry is similar to that of the Hawaiian
décollement, which is the most reasonable choice, this overlap feature of EQ and SSEs is

hard to be rejected.
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Figure 5.5. Overlapping areas of coseismic slip and SSEs from our inversion tests. (a) The
light gray circles show the overlapping areas of all the possible solutions. Colored circles
show the averaged of the light gray circles with numbers denoting the averaged overlapping
area (in km?). Dashed black boxes mark the preferred décollement dip and depth. (b)-
(d) show examples of overlapping calculations with (229°, 7°, 5 km), (244°, 3°, 7 km) and
(229°, 7°, 9 km) for strike dip and depth, respectively. The red, blue and black lines mark
the top 50% of slip from the earthquake, East SSE and West SSE inversion, respectively.
Gray areas in the insects show the solutions that fit the given VR, My and maximum slip
constraints (Table 5.2).
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Table 5.2. Constraints for the grid-searched inversions.

Earthquake SSE-West SSE-East
M, 6.9<My<7.25 5.5<Mw<6.1 5.2<Mw<5.6
VRGps VR>80 VR>80 VR>50
Slipmax(m) 1<8lipmax<5 0<Slipmar<1 0<S7ipmax<0.8

5.4.2 Evidence from Rupture Modeling

The physical mechanism that gives rise to slow fault slip and that best represents
the range of natural slow-slip phenomena is still debated. Producing events that slip slowly
requires that slip be able to nucleate and accelerate but quench at moderate slip speeds.
Numerical models that reproduce this behavior have 1) incorporated frictional rheologies
that change from rate weakening to rate strengthening at a threshold slip rate
(e.g., Hawthorne & Rubin, 2013), ii) included mixtures of rate-weakening and rate-
strengthening (Skarbek et al., 2012) or viscous materials (e.g., Ando et al., 2012), iii) called
upon dilatancy to stabilize slow rupture (e.g., Segall et al., 2010) and iv) appealed to a

characteristic length scale to stabilize rupture (Liu & Rice, 2009; Rubin, 2008).

Rate and state friction characterizes the frictional behavior of faults observed during
laboratory experiments (Dieterich, 1978, 1979; Ruina, 1983) and casts the friction

coefficient as a function of slip rate and a single state variable (Dieterich, 1979; Ruina,
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1983). Here, we model the fault strength T using a form of the rate and state friction law
given by

t(V,0) = f,0 + aclog (VK) + bo log (‘;—9 +1), (5.1)

where o is the effective normal stress, a and b are dimensionless material constants, D,. is
the critical slip distance over which the state variable evolves, V. is the cut off velocity (e.g.,
Hawthorne & Rubin, 2013), V is the slip rate, 6 is the state variable which evolves

according to slip law

e =="log (2) (5.2)

dt D¢

where, and V, and f, are reference values of slip rate and friction, respectively. To explore
the conditions that give rise to the observed overlap between slow slip and co-seismic
regions, we employ a boundary element model of a 1D fault embedded within a 2D whole
space. This 1D fault corresponds to along-strike length of the fault at a fixed seismogenic

depth. The equation of motion of the fault (for antiplane strain) can be written as

G 9198 gr = gF(V,0) + ZiVSV (5.3)

2w Y=o &—x

G is the rigidity, x is the local coordinate, I is the shear wave speed. The term
06/0¢ gives the displacement gradient along fault. The first term in Equation 5.3
represents the elastic stress, while the last term in Equation 5.3 represents the inertial stress.
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We differentiate Equation 5.3 with respective to time, and then solve the system of
coupled first order differential equations for V and 6 assuming periodic boundary
conditions. The assumption of periodic boundary conditions is made to compute the
integral term (first term) of Equation 5.3 in the Fourier domain. We model the whole length
of the fault (W= 60 km) using rate-weakening properties (Figure 5.6a), this is the length
over which the values of Vand 6 are computed. The first 20 km of the fault represent the
slow slip zone (SSZ) while the next 40 km represent the co-seismic zone (CSZ). We impose
background slip rate (Table 5.3) on the edges of the fault in order to reproduce the behavior
of a locked fault. The values of a and b are kept constant along the fault (i.e., same for the
SSZ and the CSZ). We select grid spacing dx of our model through a nucleation length
scale L, (= GD./ba), introduced by Dieterich, (1992) such that L, = 20dx. Most of our
simulations are performed with similar values of D, for both the SSZ and the CSZ, but with
different values of effective stress for CSZ (0 “*%) and for the SSZ (¢%°%). We further run a
few simulations to explore the behavior of our model at different values of D, for the CSZ
(D£?) and for the SSZ (D2°%). Note that all of our parameter values are uniform within the
SSZ or CSZ, and for all of our simulations, V, value is different for the CSZ and for the

SSZ.
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Figure 5.6. Model setup and time evolution of slip rate within the slow slip zone (SSZ)
and the co-seismic zone (CSZ). (a) Model setup of our simulations. We model the fault
with rate weakening properties. The fault is divided into two parts. First 20 km of the fault
represent the SSZ, while last 40 km of the fault represent the CSZ. The value of V is
different for both the CSZ and the SSZ (V*52<< V,£5%). (b) The slip rate evolution along the
whole length of the fault. The value of 0% and 0%%% is kept the same (10 MPa), while
DE&%% value is 20 mm, and the DZ%# value is 4 mm. We observe many slow slip events (SSEs)
nucleating within the SSZ between two co-seismic events (CSEs). Both the SSEs and CSEs
are labeled. (¢) The initiation and propagation of the CSE within the CSZ. As the rupture
expands from its initial location, the slip rate increases and rupture grows. (d) Slip rate
evolution for a single grid point within the CSZ (red triangle in (b)) covering two CSEs.
(e) Slip rate evolution for a single grid point within the SSZ (black triangle (b)) covering
two CSEs. The penetration of CSE into the SSZ results in a shorter recurrence of SSE right
before a CSE.
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Table 5.3. List of parameter values used.

Symbol used

w

WSSZ

WCSZ

CSZ
D¢

CcSzZ

SS7Z
Ve

CSZ
Ve

Parameter name

Length of fault

Length of the SSZ

Length of the CSZ

Shear modulus

Background slip rate

Frictional parameter

Frictional parameter

Characteristic slip distance for state evolution

Effective normal stress

Cut-off slip rate (SSZ)

Shear wave velocity

Cut-off slip rate (CSZ)

Value

60 km

20 km

40 km

30 GPa

le-9 m/sec

0.003

0.01

20 mm, 8§ mm

2.5, 5and 10 MPa

le-8, le-6 m/sec

3 km/sec

1 m/sec

To investigate co-seismic rupture penetration from the CSZ to the SSZ, we select

three different levels of 0% and seven different values of the effective stress ratio

(0%% / a%%) to explore the influence of effective stress on CSE propagation
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characteristics. Figure 5.7(a-c) show three different example rupture scenarios involving
rupture penetration from the CSZ to the SSZ during a CSE. The first rupture scenario
typically occurs at higher effective stress ratios (> 0.6), and is shown in Figure 5.7(a). A
rupture nucleates within the CSZ (Figure 5.7(a), blue curves), and then expands within
CSZ (green curves). The propagation speed with which the rupture expands is observed to
vary in each simulation. Rupture begins decelerating at the CSZ-SSZ interface as it
penetrates into the SSZ. The rupture deceleration is marked in Figure 5(a). During
penetration of the rupture into the SSZ, no secondary nucleating patch within the SSZ is
observed, and thus the rupture can be considered as a single rupture, penetrating from the
CSZ to the SSZ. The second rupture scenario occurs at an intermediate effective stress ratio
(0.6-0.4), and is shown in Figure 5.7(b). Rupture nucleates and expands within the CSZ
(Figure 5.7(b), blue and green curves). Once it hits the CSZ-SSZ interface, a small
secondary patch within the SSZ nucleates. The secondary patch is labeled in Figure 5.7(b).
This secondary patch nucleation results in the larger penetration of the rupture as compared
to the first case. The final rupture scenario occurs at a lower effective stress ratio and is
shown in Figure 5.7(c). A primary rupture nucleates within the CSZ, while before the co-
seismic rupture hits the CSZ-SSZ interface, we observe nucleation occurring on a
secondary patch within the SSZ. Both the primary and secondary nucleation can be
observed in Figure 5.7(c). Since the effective stress is significantly lower within the SSZ,
the elastic stress changes from the primary slip patch assist in the nucleation of the
secondary pulse. Once the rupture front from the CSZ reaches the CSZ-SSZ interface, the

pre-existing secondary rupture facilitates rupture into the SSZ, which in most of our
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simulations results in a 100% penetration (or complete penetration) of the CSE into the

SSZ.
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Figure 5.7. Different CSE rupture scenarios observed in this study. Each curve represents
a time snapshot of slip rate as a function of distance along fault, not equally spaced in time.
Note that the time step decreases as the slip speed increases. Different colors represent
different stages of the CSE rupture. The blue color represents the early stage of a CSE.
This is the stage when rupture initiation occurs. The green color shows the middle stage of
a CSE. This is the stage when the rupture grows and expands along the fault, reaches the
CSZ-SSZ interface. The red color shows the final stage of a CSE, this stage marks the onset
of the rupture termination. (a) The first CSE rupture scenario (with stress ratio =
0.7, 6“5 =10 MPa) where no secondary nucleating patch within the SSZ is observed. (b)
The second rupture scenario (with stress ratio = 0.4, 6“5 = 5 MPa) where a small secondary
patch within the SSZ nucleates when the primary rupture reaches the CSZ-SSZ interface.
(c) The third rupture scenario (with stress ratio = 0.2, 6“5 =5 MPa) where a secondary
patch nucleation is observed before the primary rupture reaches the CSZ-SSZ interface.
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Figure 5.8(a) and Figure 5.8(b) shows the percent penetration of coseismic rupture
into the SSZ for different 0°°# levels and different values of the effective stress ratio. The
percent penetration is defined as the ratio of the length of the SSZ ruptured by the CSE to
the total length of the SSZ. Figure 5.8(a) shows penetration of a CSE for V5% = 10-® m/s,
while Figure 5.8(b) shows penetration of CSE for V5% = 10°® m/s respectively. The
minimum CSE penetration is observed to be 37% in Figure 5.8(a) and 48% in Figure 5.8
(b). Minimum penetration occurs at high 0“** (= 10 MPa), and a high effective stress ratio
of 0.8. For 6°*# values of 5 MPa and 2.5 MPa (shown in Figure 5.8) by triangles, and
circles respectively, we observe lesser rupture penetration for higher effective stress ratios,
comparatively more rupture penetration for smaller stress ratios, while complete rupture
penetration occurs at the smallest stress ratio used in this study. For a 0*# value of 10 MPa
(shown as squares in Figure 5.8), we observe lesser rupture penetration for higher stress
ratios, but complete rupture penetration occurs at relatively higher stress ratio as compared
to smaller stress levels. This is also indicated in Figure 5.8 by squares at 100% penetration
levels for stress ratios of 0.2, 0.3 and 0.4. Our results suggest that the rupture penetration
mainly depends on the stress ratio, and even slower coseismic ruptures may result in a
complete CSE penetration under favorable stress conditions. This further suggests that the
rupture penetration within the SSZ is largely assisted by the secondary pulse nucleation
that helps the rupture to move farther within the SSZ. The overall behavior of the rupture
penetration as a function of stress ratio remains the same for the different V°*# values used
in this study i.e. a larger rupture penetration occurs for smaller stress ratios, while
comparatively lesser rupture penetration occurs at higher stress ratios. Additionally, we

CSzZ

observe that higher I/.55% values result in larger rupture penetrations for similar ¢4 and
g c g p p
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stress ratios. Finally, the average rupture speed does not appear to be a significant factor

in controlling percent penetration.
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Figure 5.8. The percentage penetration of CSE into the SSZ for different 6°* and stress
ratios (0%?/0%). (a) Shows the percentage penetration of CSE into the SSZ
when Vcssz=10—8 m/s. (b) same as (a), but when Vcssz=10—6 m/s.

5.5 Discussion

Our analysis presented above clearly documents that the slip distribution of the
2018 M7.1 Hawaii earthquake overlaps with the slip distributions of regularly occurring
slow slip events. As mentioned above, overlapping regions of slow and coseismic slip have
been either observed or inferred by previous authors (Ito et al., 2013; Tsang et al.,
2015; Clark et al., 2019). However, these studies are either not based on modern geodetic
data, do not thoroughly explore inversion parameters, or do not explore the overlap in detail.
For example, Ito et al. (2013) solved for a fault on subduction zone interface with assuming
homogeneous slip to fit ocean-bottom pressure gauge data. The inversion results we show
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here explore the role of fault geometry and regularization constraints on the resulting
coseismic and slow slip distributions and summarize the reasonable models. Additionally,
the checkerboard test demonstrates that our joint inversion for earthquake is robust, and
has overall good resolution. We note that the inversion for SSEs has low resolution in up-
dip area far offshore. However, since most of the overlapping slip regions occur where
both the earthquake and SSEs have good resolution (i.e. mid-Western fault plane), we
contend that it is a robust feature, and the 2018 Hawai'i earthquake ruptured a significant

fraction of the region that regularly hosts slow slip events.

One limitation of the inversion practices we employed is that they have limited
spatial resolution and hence we cannot, through inversion alone, rule out the possibility
that the SSEs and coseismic slip occurred on nearly parallel fault planes closely separated
in depth. However, we consider this unlikely. Rupture of a shallower high angle splay
(Figure 5.1b) is a possibility, but owing to its large spatial extent (width usually >30 km),
all studies of the 2018 earthquake argue or assume that it ruptured the low-angle
décollement (Liu et al., 2018; Bai et al., 2018; Chen et al., 2019). While the locations of
the SSEs were also originally unclear, the work of Segall et al. (2006) and Montgomery-
Brown et al. (2009) demonstrate that they too coincide with and are likely hosted by the
décollement. In addition to the results we present here, a previous study that employed
detailed trilateration measurements has shown that the 1975 Kalapana earthquake ruptured
predominantly to the South-West of its hypocenter (Owen & Biirgmann, 2006). If the same
region hosting SSEs today is persistent and existed in 1975, then this rupture likely
completely ruptured the SSE area, providing another piece of evidence for overlapping

regions of slow and fast slip.
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While the specific mechanism that gives rise to slow, transient fault slip is still not
known, that mechanism must allow for slip events that accelerate to slip rates 1-2 orders
of magnitude higher than the background loading rates but not favor further increases in
slip rate. Despite this, our observations indicate that it is possible to have coseismic rupture
in regions that regularly host slow slip. Our model setup is motivated by geologic
interpretations of the Hawaiian décollement and observed along-strike variation between
coseismic and slow slip zones implying that frictional properties and other material
properties should be relatively homogenous. Our simulation results suggest that lower
effective stress ratios, i.e., larger contrasts between effective stress between the SSZ and
the CSZ, promote penetration of the CSE into the SSZ resulting in larger overlap.
Additionally, the effective stresses within the SSZ and the elastic stress changes from the
primary slip patch (within the CSZ) control the overlap characteristics of the CSZ-SSZ
such that even coseismic ruptures with slower overall rupture velocities, as observed in the
2018 Hawaii earthquake, can easily rupture the adjacent SSZ. While more realistic
transitions in effective stress between the CSZ and SSZ would undoubtedly influence our
estimates of penetration, the general result that coseismic rupture is capable of rupturing
well into regions hosting slow slip is also supported by the modeling results of Ramos &

Huang (2019).

5.6 Conclusion

We provide strong evidence of overlapping fast and slow slip on the Hawaiian

décollement. Joint inversion of GPS, strong motion and tide gauge tsunami observations
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clearly reveals the slip pattern of the 2018 My7.1 Hawai'i earthquake. After thoroughly
exploring inversion parameters we find that the earthquake likely ruptured an adjacent
region regularly hosts transient slow slip events. Furthermore, we performed quasi-
dynamic modeling in 2D with rate and state friction to simulate how coseismic ruptures
interact with adjacent regions that host slow slip. The unique tectonic setting of the
Hawaiian décollement suggests differences in effective stress are likely a key control on
slip diversity. Our modeling results suggest that fast slip can easily penetrate into the slow
slip zone, as we observe. Our result reinforces the idea that an individual section of fault is
capable of hosting a variety of distinct slip behaviors, and provides observational and
theoretical evidence that a fault undergoes slow slip behavior can also rupture seismically.
This behavior may also be a common feature in other tectonic environments such as
subduction zones. As such, earthquake magnitude forecasts should include adjacent slow

slip regions in estimates of areal extent and magnitude.
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CHAPTER VI

CONCLUSION AND FUTURE STEPS

This dissertation presents the work of applying machine-learning and traditional
seismic analysis techniques to large and small earthquake problems. In Chapter II, I have
shown that by harnessing machine-learning, rupture simulations, and HR-GNSS data,
earthquake magnitude can be determined from complex surface deformation patterns. The
model, called M-LARGE, can rapidly predict earthquake moment magnitude with an
accuracy of 99% for large (Mw7.0+) magnitude earthquakes without saturation issue,
outperforming other similar methods. In Chapter III, I then showed that additionally to the
earthquake magnitude, our M-LARGE model can predict the evolution of centroid location
and fault size during the rupture. With an accuracy of 99% for magnitude, and an averaged
of 95% for other source parameters, earthquake rupture extends can be predicted and
further be utilized for ground motion forecasting. The tests on simulated data and real data
showed a long median warning time of 36~40.5 s at sites with MMI=4, longer than the
existing methods. For sites with distance of 200 km, our model performed a warning time
of 34.5 s, and 58.4 s for distance of 300 km. We concluded that our proposed model can
work in tandem with the existing EEW models and provide accurate and unsaturated source

information and fast alerts that will mitigate earthquake hazards.
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In Chapter IV, I have shown how machine-learning can be used as a data mining
tool to detect small magnitude seismicity with low signal-to-noise ratio. We demonstrated
that our CNN model could predict LFEs in Southern Vancouver Island, with a high
accuracy of 92% and 90% for S-wave, and P-wave detection at threshold ~0.1, respectively.
We applied the model to 14 years of continuous data and found that the model detected
more than five times the number of events than the original catalog. Given the high
precision of 95% and constraining by simultaneous detections on at least 3 stations, and
the similar feature of the tremor catalog, which was built independently, the detected LFEs
were robust. We found that the LFEs occurred frequently during the inter-SSE periods that
were undetected due to the limitations of previous methods. This can help to understand
the processes of deep slow slip events; however, further work is needed to accurately locate

LFEs before such investigations can yield insightful results.

In Chapter V, I have demonstrated how small and slow earthquakes link to large
and fast events and their implication on earthquake hazard assessment. With jointly
inverted GNSS, strong motion, and tsunami data of the 2018 M7.1 Hawaii earthquake, we
found strong evidence of overlap between the fast slip and previously identified slow slip
on a same section of fault. The result was further validated by rupture simulations, where
we found that the effective stress can be a dominant factor that controlled the rupture extent.
This finding supported the idea that slow slip should be considered as rupture extent for a

more accurate hazard assessment.

In this dissertation I have shown the work that integrated machine-learning
techniques to solve the previously challenging problems in large and small earthquake

seismology. Our solutions can provide faster and more accurate warning in advance for
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large earthquake to mitigate hazards. For future steps, this can also be made to rapid
tsunami early warning. Tsunami waves travel much slower than the seismic waves but
generates large and catastrophic damages from region to global scale. Our unsaturated and
rapid source prediction provides great potential to forecast the tsunami height and
inundation way before their onsets. For LFE detection, our machine-learning model shown
great promise for detecting events. Since it is more efficient and flexible than the traditional
approach, we anticipate this can be running in real-time providing additional controls for
time dependent subduction zone activities. Future work will be also focused on improving
the spatial resolution of the LFEs before insightful results can be made. Finally, our
overlapping investigation on Hawaiian decollement provided one of the rare real-world
constraints. We anticipate this may also be a common feature in other tectonic
environments as more observations are available (e.g., the constraint from LFE detections
in Chapter 1V). Understanding the rupture extent is helpful for building more realistic
rupture simulations that helps the coseismic model (e.g., large earthquake EEW in Chapter

IT & III) for better early warning solutions.
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