
 
 

 

Improving Earthquake Rapid Response and Early Warning Performance with Geodesy 

and Machine Learning  

by 

Sydney N. Dybing 

  

A dissertation accepted and approved in partial fulfillment of the   

requirements for the degree of  

Doctor of Philosophy   

in Earth Sciences 

  

Dissertation Committee:  

Diego Melgar, Chair  

Amanda Thomas, Core Member  

Valerie Sahakian, Core Member  

Dare Baldwin, Core Member  

Ben Farr, Institutional Representative  

 
 

University of Oregon  
 

Fall 2024 
 
 
 
 
 
 



 

2 
 

 

 
 
 
 
 
 
 
 

 
 
 
 

© 2024 Sydney N. Dybing  
 This work is openly licensed via CC BY 4.0. To view a copy of this license, visit 

https://creativecommons.org/licenses/by/4.0/.  
  

https://creativecommons.org/licenses/by/4.0/


 

3 
 

 

DISSERTATION ABSTRACT 
 
Sydney N. Dybing 
 
Doctor of Philosophy in Earth Sciences 
 
Title: Improving Earthquake Rapid Response and Early Warning Performance with Geodesy and 

Machine Learning 
 
 

This dissertation focuses on the work I have undertaken to investigate how quickly and 

accurately we can characterize earthquakes while and immediately after they occur, and potential 

ways to improve the systems we use for this. I focus on how we can use the modern technology 

we have for Earth monitoring as well as modern data processing and analysis techniques such as 

machine learning to improve the capabilities of the systems we rely on for earthquake disaster 

response. In this dissertation I present an exploration into the question of how early earthquakes 

are distinguishable by magnitude using borehole strainmeters, where we found that earthquakes 

do not appear to be strongly deterministic (i.e., large earthquakes are not inherently different from 

small earthquakes in their beginning stages). This has implications for how long it takes to 

accurately determine the magnitude of an earthquake, particularly for large events which rupture 

over longer periods of time. I then discuss our development of a machine learning algorithm for 

improving the performance of earthquake early warning systems for large earthquakes. This 

algorithm allows for discrimination between noisy GNSS waveforms which do actually contain 

seismic waves from earthquakes and those which do not, which enables us to reduce the amount 

of high-noise/low quality data that enters algorithms which determine the magnitude of such 

earthquakes. While earthquake early warning systems tend to operate only over specific regions 

such as the U.S. West Coast, organizations such as the USGS’s National Earthquake Information 

Center also must rapidly publish information such as magnitude about worldwide earthquakes to 

aid in response efforts. However, magnitude estimation across a large range of earthquake sizes 

and tectonic settings is technically difficult. To help streamline this process, we developed another 

machine learning model which allows for the estimation of earthquake magnitudes uniformly for 

all locations and tectonic settings worldwide, which is also presented in this dissertation. Six multi-

frame animations with more figures from this chapter are included as supplemental video files. 

This dissertation includes previously published and unpublished co-authored material. 
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CHAPTER I 
 

INTRODUCTION 
 

Earthquakes are a fascinating and intimidating natural disaster for many people due to our 

inability to predict exactly when and where they will happen, as well as how strong they will be. 

Nevertheless, the shaking and other earthquake-associated hazards such as tsunamis that they 

produce has and will continue to cause massive loss of life and property, so a substantial amount 

of research has focused on how we can better understand earthquakes to mitigate these risks and 

also respond to them quickly and in the most effective ways. In the United States (U. S.), for 

example, the U. S. Geological Survey’s (USGS) National Earthquake Information Center (NEIC) 

has for decades monitored earthquakes across the globe, today running a 24/7 rapid response 

system that publishes earthquake reports within minutes and hours of occurrence to provide 

emergency responders, governments, media, and the public information about such events. The 

last few decades have also seen the advent of public earthquake early warning (EEW) systems, 

which quickly detect and characterize earthquakes in order to alert the public and utilities to take 

protective action before strong shaking reaches them. In the U. S., these alerts are currently 

provided in the states of Washington, Oregon, and California by the USGS’s ShakeAlert program.  

Though ShakeAlert and the NEIC operate on slightly different timescales and with 

different amounts of automation, they both fundamentally must be able to quickly detect 

earthquakes in real-time data transmitted from networks of instruments that observe the earth, and 

from that data they must be able to determine characteristics of the earthquakes such as their size 

(magnitude) and location. Accomplishing these goals relies on an understanding of how 

earthquakes initiate and evolve and how to extract useful information from the ground motions 

they produce as they begin. This dissertation focuses both on the basic science question of how 

earthquakes start and how soon in the rupture process their final magnitude is determined, as well 

as how modern instrumentation and data analysis methods like machine learning can contribute to 

improvements in our ability to rapidly characterize them.  
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1.1. How Earthquakes Begin 
 An ongoing debate within a segment of the seismological community for years has been 

the question of whether earthquakes are deterministic or not. Essentially, when an earthquake 

begins, is its final magnitude already predetermined, or do all earthquakes start the same way and 

then some grow to be larger than others? The answer to this question has significant implications 

for our ability to rapidly analyze and appropriately respond to earthquakes. If earthquakes do begin 

differently depending on their final size, i.e., they are strongly deterministic, we should be able to 

use the earliest arriving data in the P-waves to accurately determine that final magnitude and have 

a good gauge for the destruction potential of the earthquake, whether it could cause a tsunami, etc. 

If they all begin the same, we must instead wait for potentially a substantial amount of the full 

rupture process to conclude (which can take minutes for the largest earthquakes) before we know 

the ultimate size of the earthquake.  

A number of studies have proposed that earthquakes are strongly deterministic because 

certain data analyses showed differences between small and large events within the first few 

seconds of the P-wave data (e.g., Ellsworth and Beroza, 1995; Olson and Allen, 2005; Colombelli 

et al., 2014). Other work has disputed these results, instead finding no evidence for early systematic 

differences between earthquakes of different magnitudes, suggesting that small, handpicked 

datasets and attenuation, instrument effects, and artifacts could be responsible for the patterns 

observed in other studies (e.g. Mori and Kanamori, 1996; Rydelek and Horiuchi, 2006; Meier et 

al., 2016, 2017, 2020). These studies were primarily done using seismic data because the high 

sensitivities of such instruments allow for careful examination of P-waves. However, 

seismometers are not the only highly sensitive instruments used for earthquake research. A lesser-

used type of geodetic instrument, the borehole strainmeter, had been used to study dynamic 

earthquake waveforms before (e.g., Barbour and Crowell, 2017), but no one had attempted to use 

strainmeter data to answer the question of whether earthquakes are strongly deterministic or not.  

This literature gap is addressed in Chapter II of this dissertation. This chapter was 

coauthored with my advisor Diego Melgar, as well as Andrew J. Barbour, Alexandre Canitano, 

Suguru Yabe, and Dara E. Goldberg, and will be submitted for publication soon. We analyzed 

peak strain waveforms from instruments across North America and in Japan and Taiwan and found 

that there did not appear to be a significant relationship between the characteristics of the growth 

of peak strain and earthquake magnitude. Instead, hypocentral distance appeared to enforce 
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stronger controls over the appearance of the peak strain waveforms. We built earthquake rupture 

models to produce strain waveforms using a finite-difference wave propagation software called 

SW4 (Petersson and Sjogreen, 2017) to show that our simulated strain waveforms were realistic 

compared to the real data, and then produced a series of earthquakes designed to be strongly 

deterministic. In this case, we found that we could observe a relationship between the peak strain 

waveforms and earthquake magnitude in this situation. These results suggested that if strong 

determinism did occur in nature, we should have observed it in our real peak strain analysis, but 

we did not.  
 

1.2. Rapid Earthquake Analysis Challenges 
1.2.1. Earthquake Early Warning 

 As previously discussed, how quickly earthquakes differentiate themselves by size strongly 

affects how long it takes us to estimate that final magnitude accurately. Arguably, in no setting is 

this more important than in EEW, where in order to send accurate and useful warnings to users of 

the EEW system, it must be able to quickly determine how large an earthquake is and where it is 

to estimate expected shaking. EEW systems have been in use in several countries worldwide for a 

number of years, with the U. S.’s system ShakeAlert covering the West Coast states of 

Washington, Oregon, and California currently. ShakeAlert works by using a dense seismometer 

network to quickly detect the P-waves from an earthquake soon after it initiates, using those P-

wave observations to calculate a magnitude and location, and quickly sending alerts to users before 

the slower and more damaging S-waves arrive at their location and cause more significant shaking 

(Given et al., 2018).  

However, these seismic-data-based algorithms tend to underestimate the true magnitudes 

of earthquakes larger than ~M7 (Trugman et al., 2019), a phenomenon known as magnitude 

saturation. This occurs for a few reasons related to both the instruments used and processing 

required for their data, as well as source effects for some magnitude types, which will be covered 

in more detail in the chapters of this dissertation. Magnitude saturation can have major implications 

for our ability to accurately determine the magnitude of a large earthquake in real-time. For 

example, the 2011 M9.1 Tōhoku earthquake in Japan was interpreted to be only an M8.1 even 

minutes after the earthquake began, resulting in underpredictions of the size of the tsunami it 

produced (Hoshiba and Ozaki, 2014).  
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One way to avoid this issue is by using non-seismic data to determine earthquake 

magnitude. For example, geodetic Global Navigation Satellite Systems (GNSS) data do not 

saturate because they measure displacement relative to an absolute reference frame (Melgar et al., 

2015). This is why ShakeAlert was recently upgraded to include a GNSS-based algorithm called 

GFAST into its processing workflow, allowing for accurate magnitude estimations for large 

earthquakes such as the megathrust event expected along the Cascadia Subduction Zone at some 

point in the future. However, the noise levels of GNSS data are very high compared to traditional 

seismic data (Geng et al., 2018), which obscures P-wave arrivals. As a result, GFAST must be 

triggered by the seismic algorithms to begin processing. Additionally, it has been demonstrated 

for another GNSS-based earthquake characterization algorithm that inputting noisy data results in 

less accurate magnitude estimations (Lin et al., 2023). In Chapter III of this dissertation, we 

demonstrate how machine learning can be used to develop a model which detects earthquakes in 

noisy GNSS data, allowing for the construction of a “filter” which reduces the amount of low-

quality data that enters an algorithm like GFAST.  

  

1.2.2. NEIC Event Publication 

 In addition to the USGS’s responsibilities in operating ShakeAlert, they also publish 

information about earthquakes on a slightly longer timescale for earthquakes that occur 

everywhere in the world. Reports produced by the USGS’s NEIC are created through a 

combination of automatic processing and human intervention by analysts working 24/7 (Benz, 

2017). They include information about the location and depth of earthquakes, as well as magnitude, 

which is of highest interest for audiences like the public to make a quick judgment about how 

severe the impacts of an earthquake will be. Magnitude estimation, however, is not a particularly 

simple process. Depending on factors such as the size of an earthquake, the tectonic environment, 

the amount of data available, etc., any one or several of a number of different magnitude types 

may be calculated that are only appropriate for certain earthquakes and situations, and some of 

these magnitude types are prone to higher errors than others. This offered an opportunity for the 

development of a system which can streamline this process and estimate earthquake magnitudes 

uniformly for all locations and tectonic settings across the globe, not relying on locating the 

earthquake first, which can then rapidly alert analysts of potentially significant larger events. The 

results of this work are presented in Chapter IV. Because of the NEIC’s long history of processing 
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and publishing a global earthquake catalog, substantial amounts of data were available to draw 

from to accomplish this goal, and we exploited this dataset with a machine learning approach.  

 

1.3. Machine Learning Applications in Seismology 
 The growth in availability and sophistication of machine learning resources in recent years 

has offered opportunities for the seismology discipline to explore new methods of data processing 

and analysis, which we utilize in Chapters III and IV in this dissertation. Some of the applications 

that have been published before include methods for improved detection and location of 

earthquakes, allowing for the expansion of earthquake catalogs, as well as approaches for 

determining the magnitudes of earthquakes (as reviewed in Mousavi and Beroza, 2023).  

Machine learning typically requires great volumes of data for training in order to perform 

adequately. Conveniently, the seismological community has traditionally invested great time and 

energy into making seismic data publicly available through resources like the NEIC’s catalog or 

the EarthScope waveform data archives. However, the amount of data available for GNSS stations 

instead of seismometers is substantially smaller, with fewer stations and fewer years of real-time 

data coverage available. For Chapter III, where we developed a machine learning model for 

detecting earthquakes in noisy real-time GNSS data to improve EEW system performance, we 

wanted to hold the limited real data we had access to in reserve for testing our model after it was 

trained. To produce our training dataset, we therefore followed an approach which had been shown 

to work well for several other GNSS machine learning studies (e.g., Lin et al., 2021, 2023) and 

generated a dataset comprised of >700,000 realistic synthetic displacement waveforms using a set 

of codes called FakeQuakes (Melgar et al., 2016). We combined these waveforms with real noise 

from the real data we had access to make sure that the training waveforms were realistic. We were 

then able to test our model both on additional synthetic data and the real data which we held back. 

In Chapter III, we discuss the performance of our trained model on both the unseen synthetic data 

and real data. We also demonstrate how the model can be used to selectively filter only high-

quality data where earthquake signal is seen for input into an algorithm like GFAST, and how this 

has the capability to reduce the error in its earthquake magnitude estimations. Chapter III was 

coauthored with my advisor Diego Melgar, as well as Amanda M. Thomas, Dara E. Goldberg, 

David Mencin, and Brendan Crowell, and will also be submitted for publication soon. 
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In Chapter IV, we were able to use the more traditional seismic data from the NEIC’s 

Preliminary Determination of Epicenters catalog to train our global model for earthquake 

magnitude characterization. In in this chapter we present AIMag, a model for rapid estimation of 

single-station earthquake magnitudes using raw three-component P-waveforms observed at local 

to teleseismic distances, independent of prior size or location information. This chapter has been 

previously published, and was coauthored with William L. Yeck, Hank M. Cole, and my advisor, 

Diego Melgar. We trained our model using ~2.4 million P-phase arrivals labeled by the 

authoritative magnitude assigned by the USGS, and tested input data parameters (e.g., window 

length) that could affect the performance of our model in near-real-time monitoring applications. 

We found that while we did observe underestimation of magnitudes for larger earthquakes, which 

we attribute to magnitude saturation and lack of events in the training data at these magnitudes, 

AIMag can accurately determine earthquake magnitudes from ~M2.3-M7.6 using individual 

stations’ waveforms without instrument response correction or knowledge of an earthquake’s 

source-station distance. This work may enable monitoring agencies to more rapidly recognize 

large, potentially tsunamigenic global earthquakes from few stations, allowing for faster event 

processing and reporting. This is critical for timely warnings for seismic-related hazards.  
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CHAPTER II 

 

MAGNITUDE-INDEPENDENT RUPTURE NUCLEATION AS 

OBSERVED IN STRAIN DATA 
 

This chapter was coauthored with my advisor Diego Melgar, who helped conceptualize 

and plan the study and provided editorial feedback, Andrew J. Barbour, who helped with 

information about processing the North American strain data, Alexandre Canitano, who provided 

the strain data from Taiwan and information about processing it, Suguru Yabe, who provided the 

strain and seismic data from Japan and information about processing it, and Dara E. Goldberg, 

who provided the fault models for the Ridgecrest earthquake. I performed all data analysis, 

produced all figures, and wrote all of the text in the manuscript.   

 

2.1. Introduction and Background 
Despite continuing improvements in seismic instrumentation, many questions still abound 

about the basic science governing the behavior of large (M>6) earthquakes, and notably about the 

very beginning of the earthquake rupture process. Of particular interest and debate over decades 

of research has been the question of how early we can tell how large an earthquake will be – how 

deterministic the rupture process is. If it were possible to determine the final magnitude of an 

earthquake from early arriving data rather than needing to wait for the entire rupture process to be 

complete, we would be able to deliver more accurate early warnings more quickly.  

A number of studies have argued that earthquakes are strongly deterministic/predictable, 

where the final magnitude can be determined with just a few seconds of P-wave seismic data (e.g., 

Ellsworth and Beroza, 1995; Olson and Allen, 2005; Colombelli et al., 2014). Other work has 

suggested that the slope of growth of moment rate functions for earthquakes scale with earthquake 

magnitude (Ishihara et al., 1992; Melgar and Hayes, 2019). These studies generally support a 

model of earthquake rupture where properties of the initial nucleation phase exert at least some 

control over the final earthquake magnitude. For example, a rupture that begins with higher 

amplitude slip and more energy may be more likely to grow into a larger magnitude earthquake 
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because the rupture is more capable of continuing to grow through fault heterogeneities that would 

otherwise impede it (Olson and Allen, 2005). This contrasts the “cascade model” of earthquake 

rupture, where there is no difference between the beginnings of small and large earthquakes. In 

this model, slip that initiates on one fault patch simply spreads to others until the state of stress on 

a new patch is unfavorable for continued propagation.  

However, subsequent studies have disputed many of these results, arguing that strong 

determinism does not exist. For example, Mori and Kanamori (1996) did not find evidence for the 

systematic differences between the beginnings of large and small events as observed by Ishihara 

et al. (1992) or Ellsworth and Beroza (1995). They noted instead that attenuation and instrument 

effects could explain the differences in the beginnings of the waveforms, and that if a true 

nucleation signal did exist, it would not be resolvable by instrumentation in California at that time. 

Rydelek and Horiuchi (2006) used the same method as Olson and Allen (2005) for a different 

earthquake dataset and did not observe the same magnitude scaling trend as the original study. 

Meier et al. (2016) noted that previous studies often used datasets that were small and handpicked, 

had narrow magnitude ranges, or used data from large hypocentral distances that were not 

corrected for, and found with their own dataset that small and large ruptures were not 

distinguishable early on. Meier et al. (2017) followed this with a study of moment rate functions 

that found that for large earthquakes, the moment rate functions were scalable with magnitude, but 

were statistically indistinguishable until the peak moment rate was reached. Meier et al. (2020) 

found that the moment rate acceleration scaling with magnitude observed in Melgar and Hayes 

(2019) was at least in part an artifact of the data. 

Out of this debate emerged a third regime between strong and no determinism, which has 

been referred to as weak determinism or weak/moderate predictability. In this regime, earthquake 

magnitude may not be distinguishable by mere seconds into the earthquake, but it is still possible 

to determine the magnitude before the entire rupture process is complete. Depending on the study, 

the time that it takes for enough information to have been received to estimate the magnitude 

varies. For example, peak moment rate can be used to determine earthquake magnitude, and this 

is reached within 35-55% of the total rupture duration time (Meier et al., 2017). In another model 

of earthquake rupture where earthquakes begin similarly but then organize into self-healing slip 

pulses as described by Heaton (1990), an earthquake’s average rise time, or the amount of time 
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that any particular fault patch is slipping, also scales with magnitude, and this time can be as little 

as 8-25% of the rupture duration (Melgar and Hayes, 2017).  

In this study, we aimed to continue to work towards a better understanding of the 

earthquake rupture process by using data from a type of instrument that has not been used for this 

purpose before – the borehole strainmeter. We were interested in using strain data to analyze the 

early stages of earthquakes because these instruments do not carry some of the inherent issues that 

seismic and Global Navigation Satellite Systems (GNSS) data do in a setting where we are trying 

to interpret earthquake source properties. Seismic data suffer from magnitude saturation at high 

magnitudes, where large earthquakes become indistinguishable from even larger ones. This can 

occur for a few reasons, but one example is that magnitudes are often calculated using seismic data 

that is double-integrated from acceleration to displacement. This requires high-pass filtering the 

data to remove baseline drift effects, which removes low frequencies that may change the 

relationship between displacement and magnitude (Colombelli et al., 2012). GNSS data do not 

suffer from magnitude saturation, as ground displacement is directly measured with respect to an 

absolute reference frame (Melgar et al., 2015). However, they have a very high noise floor, which 

obscures P-wave arrivals (Geng et al., 2018; Melgar et al., 2020). 

In contrast, strainmeters can record both small and large perturbations in strain with 

broadband fidelity to the static strain offset, so we can both observe the P-wave arrivals and avoid 

saturation at higher magnitudes (Barbour and Crowell, 2017). The goal of this study is therefore 

to understand what new insight into the earthquake rupture process strain data may offer, and 

explore whether or not any strength of magnitude determinism is evident in the data. We have 

taken both an in situ and modeling approach to answering these questions using earthquake 

recordings from borehole strainmeters emplaced in Western North America, Japan, and Taiwan, 

as well as modeling additional earthquake scenarios. 

 

2.2. Real Data Analysis 
2.2.1. Methods 

2.2.1.1. North America 

With the focus on large earthquakes, we chose to analyze strain data from 31 earthquakes 

≥M6 that occurred in and offshore of Western North America between 2008 and 2023. We 
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compiled a dataset of 20 Hz sampling rate borehole strainmeter (BSM) earthquake records from 

71 Gladwin Tensor BSMs (Gladwin, 1984) in Western North America, operated by the EarthScope 

Consortium’s Network of the Americas (NOTA). A map of the earthquakes and BSM stations 

used for analysis are included in Figure 2.1a. These data were downloaded in five-minute windows 

starting from the origin time of each earthquake from the IRIS Web Service using ObsPy 

(Beyreuther et al., 2010) in MiniSEED format. 

 

 
Figure 2.1. Maps of the earthquakes (colored focal mechanisms, accessed using EarthScope’s 
Searchable Product Depository (Trabant et al., 2012) from the Global Centroid Moment Tensor 
catalog (Dziewonski et al., 1981; Ekström et al., 2012)) and strainmeters (orange triangles) from 
which data were used in this study. (a) The 31 earthquakes (M6.0-7.2) from 2008-2023 and 71 
Gladwin Tensor borehole strainmeters used in Western North America. (b) The 2011 M9.1 
Tōhoku earthquake and 8 Ishii-type borehole strainmeters used in Japan. (c) The 3 earthquakes 
(M6.1-6.2) from 2009-2018 and 11 Sacks-Everston borehole strainmeters (8 one-component 
dilatometers, 3 three-component) used in Taiwan. These maps were constructed using PyGMT 
(Uieda et al., 2023) with the plate boundaries (dark red) from Bird (2003). 
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Gladwin Tensor BSMs record horizontal strain with four pairs of capacitors oriented in 

different directions within the instrument (see Barbour and Crowell (2017), their Figure 1a). As 

seismic waves move through a borehole and deform it and the instrument, these sensor pairs record 

changes in capacitance. Three of the sensor pairs are oriented at 60 degree angles to each other, 

and a fourth redundant sensor pair is offset by only 30 degrees. In order to best compare the data 

from the Gladwin Tensor BSMs with data from other types of strainmeters, we chose to only 

analyze data from the three primary sensor pairs. We did test all of the analysis that will be 

described throughout the paper using all four components as well, and our findings remain 

unchanged. 

To analyze the data as strain, we began by processing the three non-redundant components 

of the raw BSM capacitance data according to the methods in Barbour and Crowell (2017). This 

first involves a conversion from capacitance to linear extensional strain e using the following 

formula: 

						𝒆 = 𝑅 𝒈/#
$%𝒈/#

		,         (2.1) 

where R is a ratio that depends on the specific instrument configuration (either 100 µm / 87 mm 

or 200 µm / 87 mm for the NOTA BSMs), g is the time series of capacitance, and C is an analog-

to-digital conversion factor (108 for the NOTA BSMs). During this process, we also detrended the 

data and identified and removed any anomalous samples, filling the gaps via simple linear 

interpolation. As the Gladwin Tensor BSMs have a flat response from DC/0 Hz (the static strain 

offset) to 10 Hz (Gladwin, 1984), no instrument response removal was required in the processing 

of these data. 

 Because there have been questions raised about whether the Gladwin Tensor BSMs reliably 

measure static strain offsets (Barbour et al., 2015), we applied a causal high-pass filter with a 

corner frequency of 0.001Hz to the three linear extensional strain components. This removed static 

strain offsets while maintaining the wave phase and timing of the data, as we were interested in 

analyzing characteristics of the strain immediately following the P-wave arrivals. 

We then calculated the root mean square (RMS) strain E: 

𝐸 = 	%(𝒆!" + 𝒆"" + 𝒆#")/3,         (2.2) 

where e1-3 are the three filtered linear extensional strain components.  
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Our primary focus was analysis of earthquake onset on strain recordings, so we wanted to 

be able to compare the appearance of the P-waves across different earthquakes and stations. 

Unfortunately, P-wave picking was not easy to accomplish with data from these particular BSMs. 

While noise levels were low and sensitivity was high, arrivals were emergent and difficult to 

pinpoint. This is likely because of the nature of the instruments. Gladwin Tensor BSMs only record 

horizontal strain, whereas P-waves are compressive and have the highest amplitudes when 

recorded on vertical components. However, the NOTA BSM stations also include collocated 

seismometers fitted above the strainmeters in the boreholes, so P-wave picking was accomplished 

on the vertical component of these instruments using Pyrocko’s Snuffler software (Heimann et al., 

2017). We then trimmed the RMS strain waveforms by these picked P-wave arrivals so that each 

waveform was 2 minutes long, with the P-wave arrival at 10 seconds. We calculated signal to noise 

ratios (SNRs) for each RMS strain waveform using 8 seconds of noise before the P-wave arrival 

(or as many seconds as possible for waveforms with small hypocentral distances) and 10 seconds 

of signal after the P-wave arrival. We decided to focus our analysis on data with SNRs >2 and 

hypocentral distances £500 km. 

Finally, we calculated timeseries of peak strain for each waveform in the focus group by 

cycling through each RMS strain waveform from the arrival of the P-wave and tracking each new 

largest strain value. Peak strain values for the 10 seconds before the P-wave were simply set to the 

value of the strain at the P-wave arrival. This was done to avoid any pre-arrival noise obscuring 

signals at the onset of the P-wave. A visual example of this process can be found in Figure 2.2.  

 

2.2.1.2. Asia 

To explore whether any of the features we observed in the North American strain data were 

visible in different regions and with different types of BSMs, we also analyzed strain data from 

the 2011 Tōhoku earthquake in Japan (Figure 2.1b). The BSMs that recorded this earthquake are 

Ishii-type instruments (Ishii et al., 2002), and record four components of horizontal strain with a 

20 Hz sampling rate. The four sensors in these instruments are all oriented at 45 degree angles to 

each other, making one redundant, so we chose to analyze only data from the first three 

analogously to our decision for the data from the Gladwin Tensor BSMs. We applied the same 

high-pass filter as used with the North American data and calculated the RMS strain. These stations  
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Figure 2.2. An example of how the root mean square (RMS) strain timeseries (blue) for each 
waveform were used to calculate the peak strain (red), where the value of the peak strain before 
the P-wave arrival was set to the value of the RMS strain at the P-wave arrival. 
 

also had collocated seismometers, so we again picked P-waves on the vertical component of those 

stations and used these to trim the RMS strain waveforms down to two minutes with the P-wave 

arrival at 10 s, and from these calculated the peak strain waveforms. We did not implement any 

SNR or hypocentral distance focus filters for this dataset, as we did not want to eliminate any of 

the limited number of stations. 

We also analyzed data from a set of Sacks-Evertson borehole strainmeters (Sacks et al, 

1971; Hsu et al., 2015) in Taiwan for three earthquakes: the October 3, 2009 M6.1, October 31, 

2013 M6.2 Ruisui earthquake (Canitano et al., 2015), and the February 4, 2018 M6.1 (Figure 1.1c). 

Of the 11 instruments in Taiwan, 8 are single-component dilatometers, and 3 are three-component 

strainmeters. We decided to only focus on analyzing the raw (uncalibrated) dilatational strain 

component from these instruments, as that was most comparable to the horizontal RMS strain 

calculated for the North American and Japanese data. Unlike with the horizontal component 

strainmeters, it was possible to pick P-waves on these data alone, likely because dilatation does 

incorporate the third dimension of vertical data. We implemented the same high-pass filter to these 
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data, trimmed the waveforms by the P-wave arrival, and took the absolute value of the dilatation, 

as by nature the RMS calculations for the horizontal instruments also does this. The peak strain 

timeseries were then calculated from the absolute value of the dilatation. 

 

2.2.2. Results 

 When we began visualizing the peak strain records for the 31 earthquakes in our North 

American dataset, we noticed that when the peak strain waveforms were plotted with the y-axis on 

a logarithmic scale, many of the waveforms exhibited a multi-stage growth pattern with the peak 

strain initially growing very quickly, and then transitioning to a more moderate growth rate.  

Examples of this phenomenon for four different earthquakes are shown in Figure 2.3. For 

ease of comparison between the waveforms from different stations, for this figure we shifted each 

of the waveforms up or down so that they were aligned at the same initial value before the P-wave 

arrivals. The choice of 10-9 as the initial value best allowed for visualization of all peak strain 

waveforms without collapsing the smallest ones down to straight lines along the x-axis.  

Figure 2.3a and 2.3b show an M6.8 earthquake off the coast of Cape Mendocino, California 

on March 10, 2014, and an M6.4 earthquake off the coast of Vancouver Island, British Columbia 

on September 9, 2011, respectively. In these two plots, each line represents the relative peak strain 

waveform for a single station, where the line color corresponds to the hypocentral distance for that 

station.  

Figures 2.3c and 2.3d show the M7.1 Ridgecrest mainshock on July 6, 2019, and an M6.5 

earthquake off the coast of Vancouver Island, British Columbia on April 24, 2014, respectively. 

In these two plots, each line still represents a single station, but color in this case corresponds to 

the signal to noise ratio (SNR) for that waveform. In Figures 2.3c and 2.3d, the red lines indicate 

waveforms with SNRs of >50 beyond the end of the colorbar. Those SNRs can be found in the 

legends for the three stations for which this applies. 

From Figures 2.3a-d, as well as Figures 2.S1-2.S27 in section 2.9 of this chapter 

(Supplemental Figures) where the remainder of the earthquakes with waveforms of SNR >2 can 

be found (with the hypocentral distance coloring), we observed that most waveforms showed an 

initial fast stage of growth immediately following the P-wave arrival, and that at some point, that 

fast growth would slow to a more moderate rate. In Figures 2.3a and 2.3b, we observed that the 

height of this initial fast growth phase seemed to correlate inversely with hypocentral distance,  
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Figure 2.3. Examples of peak strain waveforms from the North American earthquakes and 
Gladwin Tensor Borehole Strainmeters, where each colored line represents a peak strain waveform 
from one station. Individual waveforms have been shifted up or down so that they all align at the 
same initial value before the P-wave arrivals. (a) An M6.8 earthquake off the coast of Cape 
Mendocino, California on March 10, 2014, where waveforms are colored by hypocentral distance. 
(b) An M6.4 earthquake off the coast of Vancouver Island, British Columbia on September 9, 
2011, where waveforms are colored by hypocentral distance. (c) The M7.1 Ridgecrest, California 
mainshock on July 6, 2019. Waveforms are colored by their signal to noise ratio (SNR), with the 
red waveforms indicating those with SNRs of >50 beyond the end of the colorbar. The SNRs for 
those waveforms can be found in the legend for the stations for which this applies. (d) An M6.5 
earthquake off the coast of Vancouver Island, British Columbia on April 24, 2014, where 
waveforms are colored by their SNR. 
 
 

with the stations closest to each earthquake reaching higher peak strain levels. In Figures 2.3c and 

2.3d we observed that there was a positive correlation between SNR and the height of the initial 

fast growth phase, with the stations with the highest SNR reaching higher peak strain levels. These 

trends were consistent across all of the North American earthquakes (Figures 2.S1-2.S27). 
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We also observed this trend in the relative peak strain data from Japan and Taiwan, 

indicating that the observations are not likely just a result of some characteristic of the Gladwin 

Tensor BSM data. Figure 2.4a shows the March 3, 2011 M9.1 Tōhoku earthquake in Japan, Figure 

2.4b shows the October 3, 2009 M6.1 earthquake in Taiwan, Figure 2.4c shows the October 31, 

2013 M6.2 Ruisui earthquake in Taiwan, and Figure 2.4d shows the February 4, 2018 M6.1 

earthquake in Taiwan. All lines on these plots again represent an individual station’s peak strain 

waveform, and are colored by hypocentral distance. Notably, all of the Tōhoku waveforms shown 

in Figure 2.4a were recorded at hypocentral distances longer than the 500 km cutoff we used for 

the data from North America, and the colorbar is different than in Figures 2.4b-d. 

 

 
Figure 2.4. Examples of peak strain waveforms from the Asian earthquakes, where each colored 
line represents a peak strain waveform from one station. Individual waveforms have been shifted 
up or down so that they all align at the same initial value before the P-wave arrivals. Waveforms 
in each panel are colored by hypocentral distance, but note that the colorbar scale for (a) is not the 
same as the scale in (b)-(d). (a) The M9.1 Tōhoku earthquake off the coast of Japan on March 3, 
2011. (b) The October 3, 2009 M6.1 earthquake in Taiwan. (c) The October 31, 2013 M6.2 Ruisui 
earthquake (Canitano et al., 2015) in Taiwan. (d) The February 4, 2018 M6.1 earthquake in 
Taiwan. 
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After making these observations, we were interested in quantifying whether the 

characteristics of this multi-stage growth pattern, such as the slope of each phase and the time at 

which the transition between phases occurred, correlated with simple earthquake source or 

waveform characteristics such as the magnitude and hypocentral distance to offer a possible 

explanation for the pattern’s appearance. We will refer to the time elapsed between the P-wave 

arrival and the transition between growth phases as 𝜏. We used a Markov chain Monte Carlo 

(MCMC) approach facilitated by the PyMC programming library (Abril-Pla et al., 2023) where 

we defined a function with two straight lines connected at an intersection point and solved for the 

optimal slopes and location of the intersection.  

Following completion of the MCMC modeling, we sorted the waveforms into categories 

based on the error between each line of the modeled two-straight-line fit and the corresponding 

section of the peak strain waveform, calculated with 

𝑒𝑟𝑟𝑜𝑟 = 	%∑(𝑦$%&'( − 𝑦%)*'+,'&)".         (2.3) 

For a waveform to be considered “low error” compared to the fit by the two-straight-line model, 

we required an error for the first line segment to be <3.5, and for the second line segment <6.5. 

Because our primary interest was in the characteristics of the initial fast growth phase and when it 

transitioned, we chose to be stricter about the error required for the first line. 

 We then plotted the results of the MCMC modeling for each waveform against the source 

and waveform characteristics we described before, as shown in Figure 2.5. In this figure, low error 

waveforms are plotted with circles colored by which dataset they come from, and waveforms with 

high error are plotted with ‘x’ symbols colored similarly. 

Figure 2.5a shows the relationship between earthquake magnitude and the time to transition 

𝜏, where we observed no clear correlation between the two variables. Small magnitude earthquakes 

have a number of low-error waveforms with long transition times as well as short ones, creating 

substantial scatter in the results. We plotted earthquake magnitudes versus event-averaged mean 

transition times and also performed simple linear regressions on several subsets of the data (Figure 

2.6). Figure 2.6a shows linear regression results for the event-averaged mean transition time data 

(lime green), the low-error individual waveform data (black), and the data from all waveforms 

regardless of error (red). We found correlation coefficients for the low-error and all waveform 

datasets of 0.24 and 0.23, and a correlation coefficient for the event-averaged mean data of 0.39,  
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Figure 2.5. Results of the Markov chain Monte Carlo (MCMC) inversions for the transition point 
from the fast initial growth phase of the peak strain waveforms and the slower growth phase and 
the slopes of the two growth stages plotted against the earthquake magnitudes and station 
hypocentral distances. For each of the subplots, the results for the North American (NA) 
waveforms with low error between the simulated data and the MCMC fit are the dark blue circles, 
NA waveforms with high error are the blue ‘x’ symbols, Tōhoku waveforms with low error are 
the pink circles, Tōhoku waveforms with high error are the pink ‘x’ symbols, Taiwan waveforms 
with low error are the brown circles, and Taiwan waveforms with high error are orange ‘x’ 
symbols. (a) Earthquake magnitude versus the time (s) it takes to transition to slower growth after 
the arrival of the P-waves (𝜏). (b) Hypocentral distance (km) versus 𝜏. (c) Earthquake magnitude 
versus the slope of the first line (fast growth phase). (d) Hypocentral distance (km) versus the slope 
of the first line (fast growth phase). (e) Earthquake magnitude versus the slope of the second line 
(slower growth phase). (f) Hypocentral distance (km) versus the slope of the second line (slower 
growth phase). 
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suggesting a weak to moderate correlation at best. However, we suspected that the MCMC results 

from the Tōhoku waveforms were not fairly comparable to those from the North American and 

Taiwanese data as the hypocentral distances were much longer (>700 km), which may increase 

the influence of the seismic wave path on the peak strain waveform characteristics. When the 

Tōhoku waveforms were removed from the dataset and only the North American and Taiwanese 

transition time results were used in linear regression (Figure 2.6b), the correlation coefficients 

decreased to 0.11 and 0.12 for the low-error and all waveform datasets and 0.29 for the event-

averaged mean data, weakening the strength of any potential correlation further. This analysis 

should be extended to a lower magnitude range to solidify this interpretation. 

 

 

 
Figure 2.6. The same MCMC scatter plot results for earthquake magnitude versus time to 
transition between peak strain growth phases as shown in Figure 2.5a, with the addition of event-
average mean transition times shown by the lime green diamond symbols and linear regression 
results. (a) Earthquake magnitude versus the time (s) it takes to transition to slower growth after 
the arrival of the P-waves (𝜏) for all earthquakes in the study between M6 and M9.1. The green 
trendline represents the results of a linear regression using only the event-average mean transition 
times, the black trendline represents the results of a linear regression using the individual results 
for only the low-error waveforms, and the red trendline represents the results of a linear regression 
using all individual waveforms, regardless of error. (b) Earthquake magnitude versus the time (s) 
it takes to transition to slower growth after the arrival of the P-waves (𝜏) for all earthquakes in the 
study except the M9.1 Tōhoku earthquake. The trendlines are the same as in (a), but calculated 
without inclusion of the Tōhoku earthquake. 
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Figure 2.5b shows the relationship between the waveform hypocentral distance and 𝜏. A 

positive correlation is observed with this data, where waveforms recorded on stations with small 

hypocentral distances tend to have shorter 𝜏s with an approximately linear relationship. These data 

are less scattered at short hypocentral distances than the results shown in Figure 2.5a for smaller 

magnitude earthquakes, making the trend more apparent, but there is some scatter in the results for 

the North American data at intermediate (~200-500 km) hypocentral distances. 

 Figure 2.5c plots the earthquake magnitude versus the slope of the first line of the MCMC 

inversion, which represents the first phase of growth. There appears to be no correlation between 

these variables. The Taiwanese data (brown and orange) tend to have larger slopes than the other 

data, which may be attributed to the small hypocentral distances available in that dataset. This is 

shown in Figure 2.5d, which plots the waveform hypocentral distance versus the slope of the first 

phase of growth. In this case, we observed that the slope of the first phase is inversely proportional 

to the hypocentral distance, where at shorter hypocentral distances the first growth phase slope is 

steeper than at longer hypocentral distances. This relationship appears to be nonlinear and more 

representative of exponential decay.  

 Figure 2.5e shows the relationship between earthquake magnitude and the slope of the 

second, slower phase of growth, and there does not appear to be a correlation between these 

variables. Figure 2.5f shows the relationship between hypocentral distance and the slope of the 

second phase, and it appears that the variables are inversely related. Similar to the relationship 

between hypocentral distance and the slope of the first phase of growth shown in Figure 2.5d, 

waveforms from short hypocentral distances also tend to have steeper second phases as well. 

 The lack of strong correlation between earthquake source properties like magnitude and 

the slope of the lines or transition time does not allow us to conclude that strong determinism is 

present. To explore whether or not we should have expected to find it, we turned to modeling 

experiments. 

 

2.3. Modeling 
As strainmeter data are not commonly used to study earthquake source processes, to 

understand what our real strain recordings showed we also simulated earthquake ruptures using 

the SW4 finite-difference wave propagation code (Petersson and Sjogreen, 2017) to forward-
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model for strain data for several different scenarios. Our first goal was to verify whether the strain 

waveforms produced by SW4 simulations were similar in character to those that we observed in 

the real data by simulating a complex heterogeneous rupture, the 2019 M7.1 Ridgecrest 

earthquake. We then simulated a series of simple homogeneous ruptures designed to be strongly 

deterministic to explore whether the analysis methodology we used would in fact capture these 

characteristics. 
 

2.3.1. Heterogeneous Rupture Model: The M7.1 2019 Ridgecrest Earthquake 

2.3.1.1. Methods  

 The M7.1 2019 Ridgecrest, California mainshock made for a useful case study for SW4 

simulation because its rupture process has been studied in detail. We made use of the complex 

rupture model for the mainshock of the Ridgecrest sequence from Goldberg et al. (2020) for this 

simulation, which was developed through joint inversion of multiple types of data from the 

earthquake. We converted Goldberg et al.’s rupture inversion, which consisted of 624 subfaults 

across 4 fault segments (Figures 2.7a-b), to Standard Rupture Format (SRF), which can be used in 

SW4 as a rupture input.  

We defined a rectangular model domain for the SW4 simulation which extended across 

Southern California from approximately 33° to 37°N latitude and 116° to 121°W longitude, and 

contained a total of 162 receiver stations (Figure 2.7c). These stations were placed at the locations 

of the 8 real BSM stations and 154 real GNSS stations within the model domain. The BSM-like 

receiver stations captured waveforms of the 6 components of the symmetric strain tensor and 3 

components of displacement, and the GNSS-like receiver stations only captured the 3 components 

of displacement.  

We began with the Mojave area 1D velocity model from the Southern California 

Earthquake Center’s (SCEC) Broadband Platform v15.3.0 (Maechling et al., 2015), but because 

of the 5 thin surface layers of thickness 2, 4, 6, 8, and 10 m, the computation time for the SW4 

simulation was unreasonable. We instead simplified the top 5 layers into one 30 m thick layer 

whose properties were an average of the original 5. The final grid spacing of the model domain 

was 810 m. The simulation was run on Talapas, the University of Oregon’s high-performance 

computing (HPC) cluster. 
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Figure 2.7. (a) Map-view of the four segments of the fault that ruptured during the M7.1 
Ridgecrest earthquake from the inversion model of Goldberg et al. (2020), which we used to 
simulate the rupture in SW4. The points mark each individual subfault and are colored by the 
segment of the fault that they belong to. (b) 3-D view of the same fault where each triangle 
represents an individual subfault and is colored by the amount of slip on that subfault in the rupture 
model. (c) Map-view of the entire model domain (bounded by the orange box) used to simulate 
the M7.1 Ridgecrest earthquake in SW4. The fault model (red), locations of strainmeter receivers 
(pink triangles), and locations of GNSS receivers (blue circles) are shown. These receiver locations 
match the locations of true NOTA BSMs and GNSS stations.   

 

After computation, the strain waveforms were processed similarly to the North American 

real data that we analyzed, with a few differences. No capacitance to strain conversion was 

required because the SW4 output was strain already, but the same causal high-pass filter was 

applied. The SW4 RMS strain ESW4 was calculated with the exx, exy, and eyy components of the 

symmetric strain tensor as 
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     𝐸-./ 	= 	%(𝒆00" + 𝒆01" + 𝒆11" )/3.        (2.4) 

To facilitate direct comparison of the simulated Ridgecrest earthquake waveforms to the 

real ones, we also needed to add noise to the data that SW4 produced. To do this, we downloaded 

additional real NOTA BSM data from the stations within the SW4 model domain – specifically, 

from 2 minutes before the M7.1 earthquake origin time until the origin time. This captures for each 

station a time window with the same background noise that each strainmeter would have seen 

before the M7.1. The only exception was for one station, B918, which was not operational during 

the M7.1 Ridgecrest earthquake. Instead, its noise timeseries came from the time period before 

another earthquake in the dataset on August 29, 2019, as the station was operational at that time. 

These noise timeseries were then processed the same way the other Gladwin Tensor BSM data 

were with the conversion to linear extensional strain, high-pass filtration, and calculation of RMS 

strain. These RMS strain noise timeseries were then added to the RMS strain waveforms produced 

in the SW4 simulations, and then the peak strain was calculated as with the real data. 

Because we defined a number of stations which captured displacement data to simulate 

GNSS stations, we also computed RMS and peak horizontal displacement timeseries. The SW4 

RMS displacement DSW4 was calculated using the two horizontal displacement components dx and 

dy as 

𝐷-./ 	= 	%(𝒅0" + 𝒅1")/2.         (2.5) 

 

2.3.1.2. Results 

We plotted the SW4 peak strain waveforms with noise for the simulated stations in the real 

locations of the Gladwin Tensor BSMs, as well as the real data from those stations from the actual 

Ridgecrest earthquake (Figure 2.8a-e). The panels in Figure 2.8 each show the real peak strain data 

(red) and SW4 simulated peak strain data (blue) for the five stations for which real data were 

available, and the simulated stations at those same locations. The waveforms have been shifted 

laterally so that the P-wave arrivals both align at 10 seconds (gray dashed line) like the previous 

real data analysis. From these plots we observed that the real and simulated waveforms are of 

comparable order of magnitude and shape for each station, suggesting that the earthquake 

simulation produces results that are comparable to real data.   
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Figure 2.8. Plots of the real peak strain and peak strain from the SW4 simulations of the M7.1 
Ridgecrest earthquake for the 5 nearby borehole strainmeter stations that recorded data during the 
real earthquake. Panels (a)-(e) show the waveforms from stations B072, B079, B916, B917, and 
B921, respectively. The real peak strain data are shown in red, and the peak strain data from the 
SW4 simulations are shown in blue. The waveforms are aligned to a common P-wave arrival time, 
shown by the gray dashed line. 
 

Given these results, we wanted to explore whether the lack of strong determinism found in 

the real data was because earthquakes of different magnitudes truly do not start differently, or if 

these features might still be obscured by noise or an instrument effect.  
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2.3.2. Deterministic Homogeneous Rupture Models 

2.3.2.1. Methods 

We simulated several additional earthquakes in SW4 that we designed to be strongly 

deterministic, where earthquakes of different magnitudes would be able to be distinguished very 

early (within seconds) of P-wave data arrival. Early studies which suggested that earthquakes were 

strongly deterministic proposed a physical model where earthquakes that initiate with higher 

amounts of slip would be more likely to evolve into a large earthquake because there was more 

energy available to “push” additional parts of the fault into rupture and continue its propagation 

(Ellsworth and Beroza, 1995; Olson and Allen, 2005). We also know from more recent studies that 

the average rise time of an earthquake, or the average amount of time that any particular patch of 

a fault is actively slipping, scales with magnitude (Melgar and Hayes, 2017). 

We built 4 homogeneous rupture models, where for each earthquake with a magnitude of 

5, 6, 7, or 8, the slip amount and rise time (𝜏+) at each subfault were identical across the fault, 

including at the hypocenter where rupture initiated. We scaled these characteristics (as well as 

rupture length) with the magnitude to create strongly deterministic earthquakes (Table 2.1). For 

these experiments, we utilized a simplified single-plane strike-slip fault with a strike of 139°, 

matching the strike of the Ridgecrest M7.1 fault from the USGS finite fault solution of the 

earthquake. We used a dip of 90° for perfectly vertical strike-slip faults, and a fault depth of 15 

kilometers corresponding to the average seismogenic depth in Southern California (Nazareth and 

Hauksson, 2004). We continued to use the same SCEC 1D Mojave velocity model that we used 

for the heterogeneous Ridgecrest simulation. 

 

Table 2.1. Fault and rupture parameters for the SW4 deterministic homogeneous earthquake 
simulations. The rupture length and average slip calculations were made using the scaling 
relationships for strike-slip faults from Wells and Coppersmith (1994). The rise time calculation 
was made using the scaling relationship from Melgar and Hayes (2017). 
 

Moment magnitude Rupture length (km) Average slip (m) Rise time (s) 
5 3.39 0.015 0.336 
6 14.13 0.120 0.924 
7 58.88 0.955 2.542 
8 245.47 7.586 6.993 
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Slip on fault patches occurs between the arrival of the rupture front expanding outward 

from the hypocenter and the healing front that follows it (Figure 2.9a), and as previously mentioned 

the duration of this slip is the rise time. In physical space, this correlates to the width of an 

earthquake’s slip pulse. Figure 2.9b shows the geometry of our M7 homogeneous model in 3-D as 

an example, where the subfault color indicates the rupture onset time in seconds. We calculated 

the expected rise times for moment magnitudes 5, 6, 7, and 8 earthquakes following the relation 

from Melgar and Hayes (2017), where  

									𝑙𝑜𝑔!2(𝜏3) = −5.323 + 0.293	𝑙𝑜𝑔!2(𝑀2),        (2.6) 

with 𝜏3 in seconds and M0, the source moment, in Newton-meters. We calculated M0 (N-m) with 

 𝑀2 = 10(!.6𝑴89.26) (Hanks and Kanamori, 1979),        (2.7) 

where M is the moment magnitude. 

Subsurface rupture length and average slip amount also scale with magnitude, so we 

calculated the expected values for our earthquakes using the scaling relationships from Wells and 

Coppersmith (1994) for strike-slip earthquakes. Subsurface rupture length (RLD) in kilometers 

was calculated with  

𝑙𝑜𝑔!2(𝑅𝐿𝐷) = 	−2.57 + 	0.62 ∗ 𝑴,         (2.8) 

where M is the moment magnitude, and average slip amount (AD) in meters was calculated with 

 𝑙𝑜𝑔!2(𝐴𝐷) = 	−6.32 + 	0.9 ∗ 𝑴,         (2.9) 

where M is still the moment magnitude. A summary of each of the rupture parameters used can be 

found in Table 2.1. 

The faults all shared a common hypocenter geographically in the center of the faults, with 

a depth of 7.5 km (half of the seismogenic depth). We set up the faults with 100 subfaults along-

strike (so the spacing varied by earthquake magnitude, and therefore fault length), and used 30 

subfaults along-dip spaced every 0.5 km for all four earthquakes. We then generated a synthetic 

rupture for each of the earthquake magnitudes beginning at the common hypocenter using 

FakeQuakes/MudPy, a kinematic rupture forward modeling code (Melgar et al., 2016). This 

allowed us to compute the subfault slip onset times while using the prescribed fault length and rise 

time. From these rupture models we made the slip homogeneous across each fault, with each 

subfault slipping the same amount according to the Wells and Coppersmith (1994) scaling relation, 

and then converted the rupture models to SRF format to be used in SW4. 
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Figure 2.9. (a) Illustration of a homogeneous earthquake rupture model, where the rupture begins 
at the hypocenter (gray star). The rupture front expands outward in a uniform ring, followed by 
the healing front. The rise time (𝜏+) is the amount of time that any patch of the fault is actively 
slipping between the arrivals of the rupture and healing fronts, which in physical space correlates 
to the width of the slip pulse. (b) 3-D view of the planar fault used for the M7 deterministic 
homogeneous rupture model experiment as an example, with the subfaults colored by the time of 
onset of slip on each subfault. Subfault rupture start times are modulated by the velocity model 
used rather than being a perfect uniform ring. (c) Map-view of the entire model domain (bounded 
by the purple box) used to run the deterministic homogeneous rupture model experiments in SW4. 
The fault models for the M5-8 earthquakes are indicated by colored dots plotted at the location of 
each subfault within each fault model are shown, as well as the locations of the selected strainmeter 
receivers (blue crosses) from which data were analyzed and the common hypocenter (epicenter in 
this map view; magenta ‘x’). 
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 The shared SW4 model domain for all four ruptures was appropriately sized to encapsulate 

the longest fault for the M8 earthquake, extending from approximately 34.4° to 37.2°N latitude 

and 116.1° to 119.1°W longitude. We established a grid of receiver stations across the domain 

capturing strain waveforms spaced 0.1° apart, and picked several in a line perpendicular to the 

fault planes beginning near the epicenter from which to analyze data (Figure 2.9c). We used the 

same modified 1D velocity model as used in the heterogeneous complex M7.1 Ridgecrest 

simulation, with an 810 m simulation grid spacing. The models were then also run with SW4 on 

the Talapas HPC cluster. 

After computation, the strain waveforms were processed the same to calculate RMS and 

peak strain as they were for the heterogeneous simulation, but initially without the addition of the 

real BSM noise or the high-pass filter because we were more interested in comparing these 

simulation results to each other than to the real data. RMS and peak displacement data were 

computed similarly. We then ran the same two-straight-line MCMC modeling on the peak strain 

data to quantify the slopes of the two growth stages as well as the transition time, and the same 

error sorting procedure as described with the real strainmeter data. 

 

2.3.2.2. Results 

Figures 2.10a-d show the peak strain waveforms for four of the eight stations in the line 

perpendicular to the center of the faults, with the hypocentral distances of the stations being 11 

km, 40 km, 68 km, and 97 km respectively. As with Figures 2.3 and 2.4 for the real data, the 

waveforms were all shifted vertically so that the pre-P-arrival strain level was 10-9 for ease of 

comparison. On each of the plots, the M8 earthquake is in red, the M7 is in orange, the M6 is in 

green, and the M5 is in blue. 

We observed that the strain waveforms are similar in general shape for each of the 

earthquake magnitudes, and that the larger magnitude earthquakes grew to higher peak strain levels 

than the smaller magnitude earthquakes with time. Upon close inspection of the first few tenths of 

seconds past the P-wave arrivals, it appeared that the slope of the initial growth phase of the peak 

strain was steeper for the higher magnitude earthquakes, and we also saw that the transition corner 

appeared to be later for the higher magnitude earthquakes. To quantify these observations, we ran 

the same MCMC inversion procedure as we used for the real data, and sorted the waveforms by 

high and low error the same way as well. 
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Figure 2.10. Examples of peak strain waveforms from the deterministic-designed earthquakes 
simulated in SW4, where each colored line represents the peak strain waveform from one station 
colored by the magnitude of the earthquake that waveform came from. Individual waveforms have 
been shifted up or down so that they all align at the same initial value before the P-wave arrivals. 
(a) Waveforms from station E144, which has a hypocentral distance of 11 km. (b) Waveforms 
from station E108, which has a hypocentral distance of 40 km. (c) Waveforms from station E72, 
which has a hypocentral distance of 68 km. (d) Waveforms from station E36, which has a 
hypocentral distance of 97 km. 
 

The results of these inversion are shown in Figure 2.11, which is analogous to Figure 2.5 

in format. Black circles show the results for waveforms with low error between the data and the 

MCMC fit, and red ‘x’ symbols represent waveforms with high error. Figure 2.11a shows the time 

to the transition point between slopes versus the earthquake magnitude. In this figure, as opposed 

to in Figure 2.5a for the real data, particularly if the points for waveforms with high error are 

disregarded we do observe an exponential positive correlation between earthquake magnitude and 

transition time, where the larger the magnitude is the longer it takes for the fast growth period to 

end. This is expected given that we designed the earthquake ruptures to be strongly deterministic. 

We also found that the transition times for even the M8 earthquake in our deterministic 

experimental results stayed shorter than ~3 s, whereas for earthquakes as small as M6 in the real 
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data, transition times sometimes exceeded 10 s. Noise and the differences in hypocentral distance 

ranges between these two tests may account for this difference. 

 
Figure 2.11. Results of the MCMC inversions on the deterministic-designed earthquakes 
simulated in SW4, where we inverted for the transition point from the fast initial growth phase of 
the peak strain waveforms and the slower growth phase and the slopes of the two growth stages 
plotted against the earthquake magnitudes and station hypocentral distances. For each of the 
subplots, the results for the waveforms with low error between the simulated data and the MCMC 
fit are the black circles, and the results for the waveforms with high error are the red ‘x’ symbols. 
(a) Earthquake magnitude versus the time (s) it takes to transition to slower growth after the arrival 
of the P-waves (𝜏). (b) Hypocentral distance (km) versus 𝜏. (c) Earthquake magnitude versus the 
slope of the first line (fast growth phase). (d) Hypocentral distance (km) versus the slope of the 
first line (fast growth phase). (e) Earthquake magnitude versus the slope of the second line (slower 
growth phase). (f) Hypocentral distance (km) versus the slope of the second line (slower growth 
phase). 
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In Figure 2.11b, which shows the waveform hypocentral distance versus time to transition, 

we observe that there is no apparent correlation, in opposition to the positive correlation seen in 

Figure 2.5b. However, it should be noted that the hypocentral distance range in this figure is much 

smaller than the range shown for the real data in Figure 2.5b. 

Figure 2.11c plots the slope of the fast growth phase against earthquake magnitude, and in 

this figure we observe a pattern that appears to follow an inverted quadratic form, where the slope 

is smaller for the M5 and M8 earthquakes than the M6 and M7 earthquakes. We did not observe 

this same pattern in the real data, as shown in Figure 2.5c. In Figure 2.11d where the fast growth 

slope is plotted versus the hypocentral distance, we again do not observe a correlation, in contrast 

to the negative correlation seen with the real data in Figure 2.5d. 

In Figure 2.11e we plotted the slope of the second, slower phase of growth against the 

earthquake magnitude, and do not observe a correlation, similar to the results for the real data as 

shown in Figure 2.5e. In Figure 2.11f, however, where we plotted the slope of the second phase 

versus the hypocentral distance, we do observe a negative correlation between slope and distance, 

where the stations farther from the hypocenter exhibit shallower slopes for the second phase. This 

matches the observation with the real data as shown in Figure 2.5f, despite the lack of correlation 

between the results for the first slope versus hypocentral distance discussed previously. 

In this modeling experiment where we designed the earthquakes to be strongly 

deterministic, with different magnitudes distinguishable early on in the rupture process, as we 

expected we did observe a difference particularly in the time to transition from fast to slow growth 

by magnitude, in contrast to the results from the real data analysis. 

 

2.4. Discussion 
 Our study aimed to explore whether strain data might provide new insight into the question 

of whether earthquakes are strongly deterministic, and therefore whether strainmeter data may 

provide a novel method for rapid earthquake characterization, which would have implications for 

earthquake early warning and rapid response. When we simulated earthquakes designed to be 

strongly deterministic and analyzed the resulting waveforms, we observed that the timing of a 

change in regime of strain growth strongly depended on magnitude (Figure 2.11). However, when 

this same analysis was performed on real strain waveforms from three different types of borehole 

strainmeters and across many different type of earthquakes, we did not observe the same pattern 
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(Figure 2.5). While a weak correlation may have been observed when time to peak strain phase 

transition was plotted against magnitude (Figure 2.6), there was significant scatter in the transition 

time data from waveforms from the same magnitude earthquakes, particularly at the low end of 

our magnitude range. Additionally, the high end of our magnitude range consisted of data from 

only one earthquake, and waveforms only from very far hypocentral distances (>700 km), which 

makes them harder to fairly compare to the other events in our dataset. We also have no data for a 

large magnitude gap in between the single large earthquake and those smaller than it. From these 

observations, we ultimately cannot conclude that earthquakes are strongly deterministic. As with 

seismic data, we do not appear to be able to use strain data to clearly distinguish the magnitudes 

of different earthquakes with only early P-wave data.  

 In the real data, it appears that hypocentral distance is the main control on the features of 

the peak strain waveforms rather than magnitude, as the only qualitatively strong correlations seen 

in Figure 2.5 occur when the waveform characteristics are plotted against hypocentral distance. 

However, our dataset is skewed towards the lower end of this study’s magnitude range (M6-9.1) 

and smaller hypocentral distance earthquakes. The only dynamic strain data we had access to 

above M7.2 was the M9.1 Tōhoku earthquake, and those stations were no closer than ~700 km to 

the hypocenter. It is possible that data from close hypocentral distances for other large earthquakes 

in our magnitude gap would provide additional information that we cannot currently see. In future 

work, the analysis we performed should also be extended to a lower magnitude range than M6 to 

see if the same patterns (or lack thereof) hold. The weak correlation demonstrated in Figure 2.6 

may become much more or less clear if smaller magnitude earthquakes are included in a dataset, 

and utilizing smaller earthquakes may also give us access to more onshore events closer to 

strainmeters, expanding data availability at short hypocentral distances. 

 There are two other significant differences between our deterministic SW4 simulations and 

the real data: the presence of noise in the real strain data, and the lack of the high-pass filter that 

was implemented with the real data. The real P-wave data characteristics that we analyzed should 

not be substantially obscured by noise considering that, for example, the North American Gladwin-

Tensor BSMs in Southern California have lower or similar SNRs to broadband seismometers at 

the frequencies where seismic waves are recorded (Barbour and Angew, 2012). However, we 

decided to test adding the same real strain noise to the deterministic earthquake waveforms as used 

in the heterogeneous M7.1 Ridgecrest earthquake simulation to see whether the patterns found in 



 

50 
 

 

the MCMC results still held. Because we do not have real stations in the locations of the simulated 

receiver stations used for the deterministic ruptures, we chose randomly from the available stations 

near Ridgecrest which station to add as the noise for each of the simulation stations with each of 

the rupture magnitudes. After running the MCMC inversions again for this noisy simulated peak 

strain data for the deterministic ruptures, we found that the observations were unchanged – strong 

determinism was still visible, with higher magnitudes having longer times to transition from the 

fast growth phase. The MCMC results scatter plots for this test can be found in Figure 2.S28. 

While simple, this test suggests that the addition of noise in the real data would not necessarily 

hide evidence for strong determinism if it did exist with real earthquakes. If it did exist, our analysis 

should still have been able to detect it. 

 We also tested implementing the same high-pass filter to the deterministic SW4 waveforms 

that we used for the real data. After adding the filter and recomputing the RMS and peak strain 

waveforms, we ran the MCMC inversions again, the results of which can be found in Figure 2.12. 

In this case, it appears that the implementation of the filter did cause more substantial changes to 

the results. In Figure 2.12a, where the earthquake magnitude is plotted against the transition time, 

the clear exponential growth trend observed in Figure 2.11a with the unfiltered data is obscured, 

and the trend appears to be more linear. However, there qualitatively is still a positive correlation 

between the variables. The other plot that showed some differences was Figure 2.12c, where the 

inverted quadratic shape is less easily visualized because of scatter in the slopes for the M5 

earthquake. The remaining plots in Figure 2.12b and 2.12d-f do not show any substantial changes 

from those in Figure 2.11 where the unfiltered data was used. Ultimately, this still supports the 

conclusion that if earthquakes were strongly deterministic, our analysis of the real data should have 

been able to demonstrate that. If this was the case, however, the differences between Figures 2.11a 

and 2.12a suggest that the high-pass filtering process may disguise a potential exponential trend 

between magnitude and transition time and make it appear linear instead. 

Outstanding questions remain about what exactly the multi-stage growth pattern and time 

to transition mean. Meier et al. (2016) used near source (≤25 km) vertical component seismic data 

integrated to displacement to examine how peak ground displacement evolved over time with the 

P-wave arrival, and found that for larger magnitude events where the initial displacement pulse 

did not encompass the entire rupture process, there was no correlation between the initial pulse 

and final magnitude. However, they also observed that there was a change in growth rate of the  
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Figure 2.12. The same as Figure 2.11, but adding the high-pass filter that was applied to the real 
strain data to the deterministic-designed SW4 simulated earthquake waveforms. This plot shows 
the results of the MCMC inversions on the filtered data, where we inverted for the transition point 
from the fast initial growth phase of the peak strain waveforms and the slower growth phase and 
the slopes of the two growth stages plotted against the earthquake magnitudes and station 
hypocentral distances. For each of the subplots, the results for the waveforms with low error 
between the simulated data and the MCMC fit are the black circles, and the results for the 
waveforms with high error are the red ‘x’ symbols. (a) Earthquake magnitude versus the time (s) 
it takes to transition to slower growth after the arrival of the P-waves (𝜏). (b) Hypocentral distance 
(km) versus 𝜏. (c) Earthquake magnitude versus the slope of the first line (fast growth phase). (d) 
Hypocentral distance (km) versus the slope of the first line (fast growth phase). (e) Earthquake 
magnitude versus the slope of the second line (slower growth phase). (f) Hypocentral distance 
(km) versus the slope of the second line (slower growth phase). 
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median peak ground displacement curves around 0.1-0.2 s, which they suggest could possibly be 

related to a transition in rupture mechanism from a crack-like nucleation phase to pulse-like 

rupture. Unfortunately, because strainmeters are not as common of an instrument installment as 

seismometers and we only included earthquakes M6 or larger in this study, we have limited records 

within 25 km in our dataset from which to compare. From the North American data, we have only 

two waveforms recorded at 13 and 23 km from their earthquake epicenters, which had peak strain 

growth phase transition times of 0.63 and 4.37 s, respectively. Several of the Taiwanese 

strainmeters were closer to the earthquakes, and we have 7 waveforms with hypocentral distances 

of 9-21 km recorded, with transition times from 0.17 to 0.89 s. These transition times are longer 

than those reported by Meier et al. (2017), though they are of a similar order of magnitude. Our 

dataset of near-source records is quite small to be able to draw meaningful conclusions from, and 

we also did not bin waveforms by magnitude or take the median of the peak strain waveforms the 

way that Meier et al. (2017) did. It is possible that a crack-like to pulse-like rupture transition could 

also explain the pattern found in our peak strain data. 

Given the lack of clear relationship between earthquake source properties and 

characteristics of the peak strain waveforms observed in the real data in this study, it is likely that 

path effects are more influential on the final appearance of the peak strain waveforms than the 

source. Another outstanding question is why some stations for particular earthquakes display the 

multi-stage growth pattern much more clearly than others, which should be explored in future 

work. Examples of this can be found in Figure 2.3c, where the stations with lower SNRs do not 

exhibit a clear initial fast growth phase like the stations with high SNRs, as well as in several of 

the other earthquakes found in section 2.9 (e.g., Figures 2.S4, 2.S19, and 2.S20). From the plots 

which color waveforms by hypocentral distance it appears that stations farther from the 

hypocenters may tend to be more likely to lack a strong initial growth phase, but this is not 

universal and there are some examples where closer stations also lack it (e.g., Figures 2.S6, 2.S15, 

and 2.S19). One potential consideration is the effect that P-wave radiation patterns may have on 

the strength of the signals arriving at different strainmeter stations depending on the azimuth of 

the station from the event with respect to the radiation pattern. Theoretical radiation patterns for 

strain data have been published by Rodriguez and Wuestefeld (2020). In future work, we plan to 

compare the spatial distribution of stations which do and do not display a strong initial fast growth 
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phase to these theoretical radiation patterns to see if they can offer insight into the cause of this 

variation. 

 

2.5. Conclusions 
 In this study we explored whether borehole strainmeter data could provide new insight into 

the question of how earthquakes begin, and whether they are distinguishable by magnitude early 

in the rupture process or not. We analyzed the growth pattern of peak strain waveforms from three 

types of borehole strainmeters for instruments in North America, Japan, and Taiwan, and observed 

that most waveforms exhibited an early rapid growth/doubling phase before transitioning to a more 

gradual growth phase. We used MCMC modeling to invert for the slopes of these two phases of 

growth for each individual waveform, as well as the point of transition, and plotted these against 

earthquake magnitude and hypocentral distance. There did not appear to be any strong relationship 

between the characteristics of the peak strain growth and earthquake magnitude, so we cannot 

conclude that earthquakes are strongly deterministic. Instead, hypocentral distance had stronger 

correlations to the characteristics of the peak strain waveforms. 

 We built models of several earthquakes using the seismic wave propagation software SW4. 

First, we modeled the complex M7.1 Ridgecrest earthquake to demonstrate that the strain 

waveforms produced by SW4 were similar to the real strain waveforms. We then produced a series 

of earthquakes from M5-8 designed to be strongly deterministic and performed the same MCMC 

analysis on them, finding that in this case, the time of transition between growth phases was 

correlated with earthquake magnitude for these models. This demonstrated that if earthquakes were 

strongly deterministic, the analysis we performed should have been able to detect that. Future work 

should focus on understanding what causes the variability in appearance of the multi-stage growth 

pattern between stations for the same earthquake, and solidifying what physical mechanism may 

be responsible for this pattern.   

 

2.6. Data and Resources 
Codes used to process and analyze data and make the figures for this study are available at 

https://github.com/UO-Geophysics/strain and https://github.com/UO-Geophysics/sw4_strain.  

https://github.com/UO-Geophysics/strain
https://github.com/UO-Geophysics/sw4_strain
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North American seismic and strainmeter data were downloaded from the Incorporated 

Research Institutions for Seismology Data Management Center (IRIS‐DMC) under network code 

PB. Japanese seismic and strainmeter data were provided by Suguru Yabe from the Geological 

Survey of Japan of the National Institute of Advanced Industrial Science and Technology (AIST). 

Taiwanese strainmeter data were provided by Alexandre Canitano from the Institute of Earth 

Sciences at Academia Sinica. Moment tensors used to plot the earthquakes in Figure 2.1 were 

accessed using EarthScope’s Searchable Product Depository (Trabant et al., 2012) from the Global 

Centroid Moment Tensor catalog (Dziewonski et al., 1981; Ekström et al., 2012). The complex 

rupture geometry used for the SW4 model of the 2019 M7.1 Ridgecrest earthquake can be found 

in Goldberg et al. (2020); the USGS finite fault model for the 2019 M7.1 Ridgecrest earthquake 

can be found at https://earthquake.usgs.gov/earthquakes/eventpage/ci38457511/executive. 
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2.8. Bridge 

 In this chapter, we covered how a lesser-used geodetic instrument called the borehole 

strainmeter can offer insight into how earthquakes begin. We found that borehole strainmeter data 

from earthquakes M6+ did not show evidence for strong determinism, or the idea that small and 

large earthquakes begin differently and are distinguishable by features of the earliest-arriving P-

wave data. In the following chapters, we will focus on the systems that we use to quickly 

characterize earthquakes as data are received that do not rely on the existence of strong 

determinism to function. The next chapter will present the results of our work to improve the 

performance of earthquake early warning systems using another type of geodetic data – GNSS.  

https://earthquake.usgs.gov/earthquakes/eventpage/ci38457511/executive
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2.9. Supplemental Figures 

 

Figure 2.S1. Examples of peak strain waveforms from the North American earthquake dataset for 
an M6 on April 13, 2023. Each colored line represents a peak strain waveform from one of the 
Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or down 
so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance.  

 
Figure 2.S2. Examples of peak strain waveforms from the North American earthquake dataset for 
an M6.4 on December 20, 2022. Each colored line represents a peak strain waveform from one of 
the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 
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Figure 2.S3. Examples of peak strain waveforms from the North American earthquake dataset for 
an M6.2 on November 22, 2022. Each colored line represents a peak strain waveform from one of 
the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 

 

Figure 2.S4. Examples of peak strain waveforms from the North American earthquake dataset for 
an M6.2 on December 20, 2021. Each colored line represents a peak strain waveform from one of 
the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 
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Figure 2.S5. Examples of peak strain waveforms from the North American earthquake dataset for 
an M6 on July 8, 2021. Each colored line represents a peak strain waveform from one of the 
Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or down 
so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 

 

Figure 2.S6. Examples of peak strain waveforms from the North American earthquake dataset for 
an M6.5 on May 15, 2020. Each colored line represents a peak strain waveform from one of the 
Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or down 
so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 
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Figure 2.S7. Examples of peak strain waveforms from the North American earthquake dataset for 
an M6.5 on March 31, 2020. Each colored line represents a peak strain waveform from one of the 
Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or down 
so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 

 

Figure 2.S8. Examples of peak strain waveforms from the North American earthquake dataset for 
an M6.3 on December 25, 2019. Each colored line represents a peak strain waveform from one of 
the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 
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Figure 2.S9. Examples of peak strain waveforms from the North American earthquake dataset for 
an M6 on December 23, 2019 at UTC hour 20. Each colored line represents a peak strain waveform 
from one of the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been 
shifted up or down so that they all align at the same initial value before the P-wave arrivals. The 
waveforms are colored by hypocentral distance. 

 

Figure 2.S10. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6 on December 23, 2019 at UTC hour 19. Each colored line represents a peak strain 
waveform from one of the Gladwin Tensor Borehole Strainmeters, and individual waveforms have 
been shifted up or down so that they all align at the same initial value before the P-wave arrivals. 
The waveforms are colored by hypocentral distance. 
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Figure 2.S11. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.3 on August 29, 2019. Each colored line represents a peak strain waveform from one of 
the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 

 

Figure 2.S12. Examples of peak strain waveforms from the North American earthquake dataset 
for an M7.1 on July 6, 2019. Each colored line represents a peak strain waveform from one of the 
Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or down 
so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 
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Figure 2.S13. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.4 on July 4, 2019. Each colored line represents a peak strain waveform from one of the 
Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or down 
so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 

 

Figure 2.S14. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.2 on July 4, 2019. Each colored line represents a peak strain waveform from one of the 
Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or down 
so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 
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Figure 2.S15. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.8 on October 22, 2018. Each colored line represents a peak strain waveform from one 
of the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 

 

Figure 2.S16. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.5 on October 22, 2018 at UTC hour 5. Each colored line represents a peak strain 
waveform from one of the Gladwin Tensor Borehole Strainmeters, and individual waveforms have 
been shifted up or down so that they all align at the same initial value before the P-wave arrivals. 
The waveforms are colored by hypocentral distance. 
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Figure 2.S17. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.2 on August 22, 2018. Each colored line represents a peak strain waveform from one of 
the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 

 

Figure 2.S18. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.6 on December 8, 2016. Each colored line represents a peak strain waveform from one 
of the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 
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Figure 2.S19. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.02 on August 24, 2014. Each colored line represents a peak strain waveform from one 
of the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 

 

Figure 2.S20. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.5 on April 24, 2014. Each colored line represents a peak strain waveform from one of 
the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 
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Figure 2.S21. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6 on September 4, 2013. Each colored line represents a peak strain waveform from one 
of the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 

 

Figure 2.S22. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.1 on September 3, 2013. Each colored line represents a peak strain waveform from one 
of the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 
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Figure 2.S23. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.3 on December 14, 2012. Each colored line represents a peak strain waveform from one 
of the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 

 

Figure 2.S24. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.1 on November 8, 2012. Each colored line represents a peak strain waveform from one 
of the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 
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Figure 2.S25. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6 on April 11, 2012. Each colored line represents a peak strain waveform from one of the 
Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or down 
so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 

 

Figure 2.S26. Examples of peak strain waveforms from the North American earthquake dataset 
for an M7.2 on April 4, 2010. Each colored line represents a peak strain waveform from one of 
the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 
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Figure 2.S27. Examples of peak strain waveforms from the North American earthquake dataset 
for an M6.5 on January 10, 2010. Each colored line represents a peak strain waveform from one 
of the Gladwin Tensor Borehole Strainmeters, and individual waveforms have been shifted up or 
down so that they all align at the same initial value before the P-wave arrivals. The waveforms are 
colored by hypocentral distance. 
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Figure 2.S28. The same as Figure 2.11, but adding real strain noise to the deterministic-designed 
SW4 simulated earthquake waveforms. This plot shows the results of the MCMC inversions on 
the noisy data, where we inverted for the transition point from the fast initial growth phase of the 
peak strain waveforms and the slower growth phase and the slopes of the two growth stages plotted 
against the earthquake magnitudes and station hypocentral distances. For each of the subplots, the 
results for the waveforms with low error between the simulated data and the MCMC fit are the 
black circles, and the results for the waveforms with high error are the red ‘x’ symbols. (a) 
Earthquake magnitude versus the time (s) it takes to transition to slower growth after the arrival of 
the P-waves (𝜏). (b) Hypocentral distance (km) versus 𝜏. (c) Earthquake magnitude versus the 
slope of the first line (fast growth phase). (d) Hypocentral distance (km) versus the slope of the 
first line (fast growth phase). (e) Earthquake magnitude versus the slope of the second line (slower 
growth phase). (f) Hypocentral distance (km) versus the slope of the second line (slower growth 
phase). 
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CHAPTER III 

 

DETECTING EARTHQUAKES IN NOISY REAL-TIME GNSS 

DATA WITH MACHINE LEARNING FOR IMPROVED PGD 

MAGNITUDE ESTIMATION 
 

This chapter was coauthored with my advisor Diego Melgar, who helped conceptualize 

and plan the study and provided editorial feedback, Amanda M. Thomas, who developed the basis 

for the CNN model architecture I used, Dara E. Goldberg, who provided the Ridgecrest fault 

model, David Mencin, who helped us access the archived real-time GNSS data from EarthScope, 

and Brendan Crowell, who provided information about GFAST. I performed all data analysis, 

produced all figures, and wrote all of the text in the manuscript. 

 

3.1. Introduction and Background 
 The recent incorporation of Global Navigation Satellite Systems (GNSS) data into the U.S. 

Geological Survey’s ShakeAlert earthquake early warning (EEW) system through the GFAST 

(Crowell et al., 2013, 2016) algorithm represents a first of its kind advancement in preparing EEW 

systems to handle very large earthquakes (Murray et al., 2023). In Western North America, 

particularly in the Pacific Northwest region, the Cascadia Subduction Zone poses a great (M8-9+) 

earthquake hazard. Most EEW systems rely only on seismic data to detect and analyze earthquakes, 

but for great earthquakes, seismic-only systems will generally fail to register the true size of these 

events because of a phenomenon called magnitude saturation, where large earthquakes are 

indistinguishable from even larger ones.  

Magnitudes calculated using seismic P-wave waveforms saturate at the high end of the 

scale for a few reasons, including instrument and source effects. Traditionally, to calculate 

magnitudes seismic data are double integrated from acceleration to displacement, but this requires 

the implementation of high-pass filters to remove baseline drift effects that appear during 

integration. This removes low frequency content from the data, changing the relationship between 

observed displacement and the calculated magnitude (Colombelli et al., 2012). While the 
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relationship between the log of peak ground displacement and magnitude is linear for moderate 

magnitude earthquakes, for larger magnitudes this relationship does not hold (Trugman et al., 

2019). Additionally, the source spectra of earthquakes of different magnitudes can affect the 

accuracy of a magnitude computed from those seismic waves. As earthquake magnitude increases, 

the source duration and rise time of the earthquake also increase (Melgar and Hayes, 2017). This 

results in the corner frequency of the source spectrum of the earthquake decreasing as the 

earthquake magnitude increases (Geller, 1976). For some seismically derived magnitude types 

such as short-period body wave (mb) or surface wave (mS), the magnitude calculation is made from 

data of a specific period (e.g., 1 s and 20 s respectively for those two examples). If the corner 

frequency for an earthquake is smaller than the measuring frequency, the source spectra is not flat 

at that frequency, resulting in a calculated magnitude that is too small and not proportional to the 

earthquake moment. 

This limitation of seismic data for large magnitude earthquakes has major implications for 

the dissemination of accurate earthquake and tsunami warnings for systems which only use seismic 

data. A notable example of this occurred during the 2011 Tōhoku earthquake in Japan, when even 

the fifteenth EEW “forecast” 116.8 seconds after the system was triggered still interpreted the 

M9.1 as an M8.1, as the system saturated for events over M8 (Hoshiba and Ozaki, 2014). In 

contrast, GNSS data do not suffer from magnitude saturation because they measure displacement 

of the ground relative to an absolute reference frame (Melgar et al., 2015), making it possible to 

discriminate the largest earthquakes from each other. In anticipation of large earthquakes within 

the West Coast alerting region, this is why the ShakeAlert system has been upgraded to include 

GNSS data analysis with the GFAST algorithm. GNSS position solutions are derived from the 

time delay and phase change of microwave signals emitted by orbiting satellites and collected by 

receivers on the ground (Melgar et al., 2020). These calculations require knowledge of how much 

delay time the troposphere and ionosphere introduce as well as the orbits of the satellites and timing 

of their clocks, which can be difficult to ascertain with precision in real-time. Additionally, the 

physical setting of a receiver station can also affect the position solutions because of reflections of 

the microwaves off of surrounding structures and terrain. Combined, these factors result in real-

time GNSS data which have a very high noise floor on the order of a few to 10 cm (Geng et al., 

2018), which obscures small signals such as P-wave arrivals. This noise can also be highly 

irregular, containing large spikes with unidentified origins that can be mistaken for large ground 
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motions caused by earthquakes (Kawamoto et al., 2017). This means that in order to be reliably 

operational in a real-time EEW environment, GNSS algorithms like GFAST require a seismic 

trigger to begin analysis for earthquakes in progress.  

Although it would be useful to have a standalone GNSS-based EEW system that could 

both accurately identify when earthquakes are occurring, as well as estimate their magnitudes 

without saturation, the former goal is much more difficult to achieve because of the 

aforementioned noise levels that would hide seismic wave arrivals until long after they had been 

detected by seismometers. However, it has been demonstrated for methods such as the Machine-

Learning Assessed Rapid Geodetic Earthquake (M-LARGE) algorithm, which uses 3-component 

GNSS data to ascertain earthquake source properties such as magnitude, centroid location, and 

rupture length and width, that reductions in the noise levels of data fed into the algorithm improve 

the accuracy of the model’s predictions of the source properties (Lin et al., 2023). Our goal for this 

study was to develop an algorithm which can quickly detect earthquakes in noisy real-time GNSS 

data so that it may act as a “filter” for high-noise data, ensuring that only waveforms where 

earthquakes are actually detected and the seismic signal is strong are fed into algorithms that use 

them to determine earthquake source properties.  

To accomplish this, we took a machine learning approach. Applications of machine 

learning in seismology and earth sciences have expanded in recent years, with a review of the 

history, current use, and future directions available from Mousavi and Beroza (2023). These 

applications include earthquake detection and location (e.g., Perol et al., 2018; Zhang et al., 2020; 

Mousavi and Beroza, 2020a), low-frequency earthquake detection (Thomas et al., 2021), picking 

of P- and S-phase arrivals for improved locations and velocity models and earthquake catalog 

expansion (e.g., Ross et al., 2018; Zhu and Beroza, 2019; Mousavi et al., 2020), and also 

determination of source parameters such as magnitude (e.g., Lomax et al., 2019; Mousavi and 

Beroza, 2020b; Ristea and Radoi, 2021; van den Ende and Ampuero, 2020; Münchmeyer et al., 

2021; Lin et al., 2021, 2023; Licciardi et al., 2022). 

Machine learning methods typically require large datasets with which to train the models 

in order to perform well. While for seismic-only models the seismological community tradition of 

maintaining large public datasets works well (e.g., the catalog from the National Earthquake 

Information Center (NEIC) or the EarthScope waveform data archives), for GNSS data there is 

less availability. GNSS instruments and data analysis techniques were introduced into the study of 
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earthquakes much more recently than seismometers, so records of earthquakes are less plentiful. 

Furthermore, as previously discussed GNSS earthquake and tsunami early warning algorithms are 

primarily useful during large earthquakes, since smaller earthquakes can be handled by seismic 

algorithms without magnitude saturation. However, as described by the Gutenberg-Richter law 

(Gutenberg and Richter, 1949) there are many more small magnitude earthquakes from which data 

are available than large ones. Therefore, in order to train a model on a more balanced dataset with 

increased availability of waveforms with large ground displacements, we generated a dataset of 

synthetic noisy displacement waveforms using FakeQuakes/MudPy, a set of codes described in 

Melgar et al. (2016) which have subsequently been used to generate synthetic GNSS data for 

several machine learning (ML) studies (e.g., Lin et al., 2021, 2023).  

In this study, we will present a Convolutional Neural Network (CNN) method for the 

detection of earthquakes in noisy GNSS data. This CNN architecture was based on U-net 

(Ronneberger et al., 2015), a model developed for biomedical image segmentation. This structure 

was also used by Zhu and Beroza (2019) to develop PhaseNet, a model for identifying P- and S-

phase arrivals in seismic data. U-net features both a downsampling branch to localize and distill 

the most important features of the training data, as well as an upsampling branch to increase the 

resolution of the output and reconnect features from the downsampling branch to this output. In 

the case of detection of an earthquake, the model is being trained to determine whether a waveform 

contains an earthquake of not, and if it does, to identify the location in the waveform where the 

earthquake begins to appear (i.e., the P-wave arrival).   

The variation of U-net that we used was built for identifying low frequency earthquakes in 

seismic data (Thomas et al., 2021), which are more emergent than impulsive. This method also 

seemed appropriate for the detection of P-waves in noisy GNSS data, as for some time after arrival 

the waves are likely to be obscured by noise. Our model was trained with synthetic 3-component 

displacement data contaminated with real noise, as well as pure real noise alone, and each 

waveform sample was labeled with the timing of the P-wave arrival for earthquake samples, or 

just as noise for the noise-only samples. We then tested the performance of the model on unseen 

additional synthetic data, as well as a real real-time GNSS dataset provided by EarthScope. Finally, 

we applied the trained model to a simplified version of the magnitude determination method used 

in GFAST to determine whether using only GNSS data where an earthquake was detected would 

improve the accuracy of the real-time magnitude calculation.  
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3.2. Data and Methods 
3.2.1. Real Data Processing 

 We chose the 2019 Ridgecrest earthquake sequence as our focus for this study, as there 

were many nearby GNSS stations from which to collect real earthquake waveforms, as well as 

availability of a fault model and local velocity model to facilitate simulation of additional 

earthquakes for training data. We received a dataset provided by EarthScope comprised of day-

long three-component real-time GNSS displacement recordings spanning from June 1, 2019 to 

July 31, 2020. The data came from all available GNSS stations within 300 km of the Ridgecrest, 

CA area (Figure 3.1). We parsed these data from the provided Real Time eXtended (RTX) format 

into day-long miniSEED files.  

 
Figure 3.1. Map of the study region. GNSS stations from which we were given access to archived 
real-time position solutions in a 300 km radius around Ridgecrest, California are shown with blue 
triangles. Earthquakes ³M4.3 from the Southern California Earthquake Data Center catalog from 
which P-wave picks were available are shown by the circles, which vary in size and color by 
magnitude. 
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 This real real-time data served two purposes for this study. First, it provided a source of 

real real-time GNSS noise that could be added to the clean synthetic displacement waveforms we 

generated for the training of the ML model, which will be described in the next section. Second, it 

provided real examples of how earthquakes of a range of magnitudes appear in noisy GNSS data 

across our study region at a range of hypocentral distances. These samples were used to test the 

performance of our ML algorithm after it was trained, validated, and tested on synthetic data. 

We built a large array of noise-only data samples by selecting random stations and random 

days from the daily real-time miniSEED dataset, skipping any days for which there were M4.3 or 

greater earthquakes in the catalog, and selecting random starting times from the valid daily 

samples. We trimmed the noise samples to 256 seconds, demeaned them, and concatenated the 

three components of displacement in North (N), East (E), and Vertical (Z) order so that the ML 

algorithm would receive information from all three directions of motion. This culminated in a 

noise dataset consisting of over 1.8 million noise samples. These noise samples were then 

randomly combined with the synthetic displacement waveforms we generated in a process that 

trimmed them down to 128 seconds, which will be described later. 

To create the earthquake-containing samples that would be used in the final stage of testing 

of the ML model, we split all of the daily miniSEED files into separate 128 second samples. Traces 

were merged with an interpolation method if there were gaps and demeaned, and the data were 

also concatenated in NEZ order. This process resulted in a real data dataset with nearly 1.1 million 

samples. We then cleaned the dataset by removing any samples where there was a data gap of at 

least 60 seconds, reducing the dataset to ~994,000. 

To be able to interpret the results of the ML testing with the real data, we needed to know 

which of these 1.1 million samples actually contained earthquakes. We downloaded a pick catalog 

for earthquakes M4.3 or greater (circles shown in Figure 3.1) during the June 1, 2019 to July 31, 

2020 study window using the SCEDC catalog (SCEDC, 2013). For a total of 362 events (including 

two distant earthquakes not shown in Figure 3.1), we collected P-wave picks from all available 

seismic stations in the study region from network codes CI (California Institute of Technology and 

United States Geological Survey Pasadena, 1926) and PB for all of the event origin times in the 

earthquake catalog. It is rare for seismic stations and GNSS stations to be collocated, so we needed 

to be able to approximate P-wave arrival times at the locations of our GNSS stations using the 

seismic pick catalog. To do this, we calculated the travel times from each event origin time to each 
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of the seismic stations for which we had P-wave picks, and then interpolated those seismic travel 

times to the locations of the GNSS stations using a piecewise linear interpolator. We then 

converted these back to P-wave arrival times using the event origin times. 

Because our ~994,000 data samples still had the original timing information associated 

with them, we were able to use these interpolated P-wave arrival times to determine which samples 

contained a P-wave arrival and where it was in the waveform, and which did not. This left us with 

2123 samples from the full real data dataset which contained earthquakes, or 0.214% of the dataset. 

A histogram of the magnitude distribution of the waveform samples can be found in section 3.9 

(Supplemental Figures) as Figure 3.S1a.  

 

3.2.2. Producing the FakeQuakes Displacement Data 

As discussed in the Introduction and Background, ML methods require a substantial 

amount of training data to perform well in testing. The real data we had available was very skewed, 

with less than 1% of the dataset containing the P-wave arrival from an earthquake. To produce a 

more balanced training dataset, we generated a set of realistic earthquake ruptures and 

displacement waveforms using FakeQuakes/MudPy (Melgar et al., 2016). These waveforms were 

used in the training, validation, and initial testing process of our ML algorithm, and after testing 

on this simulated data we also tested the algorithm’s proficiency with the real GNSS data described 

previously. 

FakeQuakes generates synthetic earthquakes by defining slip distributions and kinematic 

rupture parameters for a rupture, then synthesizing waveforms from that rupture. This process is 

explained in greater detail in Melgar et al. (2016) but will be summarized here. Slip distributions 

are generated by calculating the effective length and width of a fault with the target magnitude 

defined by the user, which are based on previously published scaling laws using a stochastic 

approach that allows for some variability in rupture size (Blaser et al., 2010). The mean slip across 

the entire fault is prescribed to be adequate to meet the target magnitude, and the actual slip on 

each individual subfault varies and is controlled by a Von Karman correlation function, which 

describes real observed earthquake slip patterns well (Graves and Pitarka, 2010, 2015; Mena et al., 

2010). This allows for construction of a covariance matrix scaled to the total number of subfaults, 

where the vector of slip at each subfault is expressed by the Karhunen-Loève expansion and is a 

function of the mean slip and the eigenvalues and eigenvectors of the covariance matrix. This 
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allows for the generation of many slip distributions, which are sampled from a probability density 

function with the right covariance and therefore have the right spatial statistics of slip (LeVeque 

et al., 2016).  

Next, kinematic rupture parameters are defined, including the velocity of rupture which 

depends on the local shear-wave speed in the velocity model and the depth of each subfault as it 

joins the rupture. The rise time at each subfault, or the amount of time that slip is occurring on that 

particular subfault, is scaled by the square root of the total slip on that subfault. This rise time is 

then used to compute the slip rate function for each subfault, based on the Dreger slip rate function 

(Mena et al., 2010). To generate waveforms, a matrix of Green’s functions is constructed by 

computing impulse responses for every subfault-station pair following the frequency-wavenumber 

algorithm from Zhu and Rivera (2002). The subfault slip rate functions are then convolved with 

the Green’s function matrix and multiplied by the slip vector, producing three-component 

waveforms. 

For this study we elected to generate FakeQuakes ruptures along the largest of the four 

fault planes involved in the 2019 M7.1 Ridgecrest mainshock from the inversion of Goldberg et 

al. (2020), which was comprised of 426 subfaults. This fault plane was set in the 1D Mojave area 

velocity model from the Southern California Earthquake Center’s (SCEC) Broadband Platform 

v15.3.0 (Maechling et al., 2015). We placed receiver stations for the simulation at the locations of 

the real GNSS stations within 300 km of Ridgecrest, since we also received real data for those 

stations.  

We generated ruptures with requested magnitudes between 4.3 and 7.5, with 100 ruptures 

per magnitude bin (increasing by 0.1 each time) for a total of 3300 ruptures. The earthquake 

hypocenters were assigned randomly with the generation of each rupture, and we allowed the 

earthquake magnitudes to vary slightly with each rupture as well. An example visualization of one 

particular rupture plotted by slip amount on the fault geometry can be found in Figure 3.2. A 

histogram of the final magnitude distribution of all ruptures (M3.6-7.8) can be found in Figure 

3.S1b. The displacement waveforms generated were 250 seconds long at a 1 Hz sampling rate to 

match the real real-time GNSS data we received. 
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Figure 3.2. Example of the rupture pattern for one of the FakeQuakes ruptures used to generate 
synthetic displacement waveforms for the training dataset. The triangular shapes represent 
individual subfaults. This earthquake is an M7.45. 
 

After the ruptures and waveforms were generated, we calculated P-wave arrival times using 

ObsPy’s (Beyreuther et al., 2010) TauP function and the same 1D Mojave velocity model. The 

data was then transformed into the format in which it would be introduced to the ML model. The 

250-second-long waveforms were zero-padded and trimmed to 256 seconds so that the P-wave 

arrival was placed in the center of the waveform for each component. The three components were 

then concatenated in NEZ order to match the format of the real data as described previously. This 

provided a total of ~916,000 displacement waveforms. 

Because FakeQuakes produces ruptures systematically in order across the range of 

magnitudes requested, the waveforms were shuffled to ensure that the ML model could not learn 

by the order of the data. Finally, the waveforms were divided into three groups: 80% of the data 

(~733,000 waveforms) were set aside for training, 10% (~92,000) were used for the validation 

dataset, and the remaining 10% were saved for the first stage of the testing process. 
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3.2.3. Data Generation for the CNN 

The FakeQuakes displacement waveforms we produced were noise free, which was not a 

good analogue to real real-time GNSS data that would be utilized in an earthquake early warning 

setting. While MudPy has the capability to generate realistic synthetic noise as well based on a 

real-time noise model from Melgar et al. (2020), we instead chose to use real noise from the real-

time GNSS data around Ridgecrest that we received. 

We constructed a data generator similar to that of Thomas et al. (2021) to feed the data 

samples into the ML model for training. This data generator first took a random subset of the real 

real-time noise data to be used as non-earthquake samples in training. It then took an identically 

sized random subset of the FakeQuakes displacement waveforms and a different random subset of 

the real real-time noise and combined them. An example of this process and the resulting noisy 

waveforms is shown in Figure 3.3a-c, where Figure 3.3a shows a pure displacement waveform 

produced by FakeQuakes, Figure 3.3b shows a random timeseries of pure noise, and Figure 3.3c 

shows the resulting noisy waveform from the combination of the two. This resulted in a training 

dataset where 50% of the waveforms contain earthquakes, and 50% contain only noise. Recall that 

the FakeQuakes waveforms were 256 seconds long and padded as necessary so that the P-wave 

arrival was directly in the center of the waveform. The data generator randomly offset each of the 

waveforms and trimmed them down to 128 seconds so that the P-wave arrival was no longer in 

the center and instead varied throughout the dataset.  

The data generator also created “target” arrays during this process to act as the “labels” for 

the ML model to learn from. The target arrays for non-earthquake samples of pure noise consisted 

of an array of zeros. The target arrays for samples with earthquakes consisted of a Gaussian with 

a user-defined standard deviation (we chose 3 seconds) centered on the same sample as the P-wave 

arrival in the waveform so that the model could learn features of the waveform that indicated where 

the P-wave arrival was. Figure 3.3e shows an example of an earthquake waveform (blue) with the 

Gaussian target array (black), and Figure 3.3f shows a noise waveform (blue) with a target array 

of zeros (black). 
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Figure 3.3. Example of the process of combining the (a) synthetic displacement waveforms 
generated with FakeQuakes with (b) real noise from the GNSS stations near Ridgecrest to build 
(c) realistically noisy synthetic displacement waveforms for the CNN training process. (d) An 
example of a sample from the FakeQuakes synthetic testing dataset which contains an earthquake, 
where the North-South component of displacement is shown in blue, the target Gaussian label 
indicating where the P-wave arrival is shown in black, and the prediction made by the trained CNN 
is shown in red. (e) An example of a sample from the synthetic testing dataset which contains only 
noise, where the North-South component of displacement is shown in blue, the target Gaussian 
label indicating where the P-wave arrival is shown in black, and the prediction made by the trained 
CNN is shown in red. 
 

The earthquake and non-earthquake samples were then shuffled together. The target and 

metadata arrays were shuffled the same way to ensure that the labels stayed aligned with the data 

and that properties of the waveform and earthquake were still trackable after data generation. 

Finally, all earthquake and non-earthquake (noise) samples were stream-normalized by the 

maximum data value across all three components.  
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The data generation procedure using the real earthquake data (used in the testing process) 

was very similar, just leaving aside the unnecessary procedures to combine the waveforms with 

noise. For this data, the data generation process only involved creating the Gaussian target array 

for the samples which did contain P-wave arrivals, and stream-normalizing all samples. 

 

3.2.4. CNN Training Process 

 As described in the Introduction and Background, we utilized a variation on the U-net 

(Ronneberger et al., 2015) CNN architecture built for identifying low frequency earthquakes in 

seismic data (Thomas et al., 2021) to train our model. The model was constructed in and run using 

Tensorflow (Abadi et al., 2016). The contracting side of its structure consists of an input layer 

followed by three pairs of one-dimensional (1D) convolutional layers with 1D MaxPooling 

(downsampling) layers. The resulting output is flattened and fed into a dense fully connected layer 

which forms the base of the network. The dense layer output is reshaped, then enters the 

upsampling side of the architecture with three sets of 1D convolutional, 1D upsampling, and 

concatenation layers (which connect the convolutional layers from the contracting side of the 

network to the upsampling side). One final 1D convolutional layer completes the network, and the 

output is then flattened again. This architecture can be visualized in Figure 3.S2. 

 During training we used the Adam optimizer (Kingma and Ba, 2015) and a binary cross-

entropy loss function. An updated trained model was saved if the validation loss had improved at 

the end of each epoch. Training was initiated with a learning rate of 10-4, and we implemented a 

learning rate plateau function where the learning rate would decrease when the model proceeded 

through 4 training epochs without an improvement in validation loss. We also implemented an 

early stopping function where the model would quit training after 10 epochs with no validation 

loss improvement once the learning rate had already reached its lowest allowed value to avoid 

overfitting. Training stopped automatically because of these functions after 66 epochs, and the 

training history is shown in Figure 3.S3.  

 

3.3. Results 
3.3.1. FakeQuakes Testing Data 

 After completion of training, we first tested the CNN with the remaining 10% of the 

FakeQuakes waveforms (combined with noise) which it had not seen in training or validation. We 
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began with a set of binary classification tests. As with the distribution of the training dataset, the 

testing dataset consisted of 50% earthquake samples containing P-wave arrivals and 50% noise 

samples, so we wanted to determine how often the model was correct or incorrect about whether 

a sample contained an earthquake or not. However, our model did not simply output a classification 

of whether or not it predicted which group a sample fell into; instead, the output was a vector with 

the same structure as the target arrays used in training. Where Figure 3.3d shows an earthquake-

containing sample’s target array with the black dashed line with the Gaussian at the P-wave arrival, 

it also shows the output prediction array with the red dashed line. Figure 3.3e is similar, but for a 

sample that does not contain an earthquake. To classify whether the model predicted any particular 

sample to contain a P-wave arrival, we needed to choose a confidence level threshold. If the red 

prediction array’s maximum value exceeded that of the confidence threshold, for that sample the 

model predicted an earthquake; if the maximum value of the prediction array was lower than the 

threshold, the model predicted only noise. This binary classification system resulted in four 

possible outcomes: 1) true positive (TP) cases, where the sample contained an earthquake/P-wave 

arrival, and the model predicted that the sample contained an earthquake/P-wave arrival, 2) true 

negative (TN) cases, where the sample contained only noise, and the model predicted that the 

sample contained only noise, 3) false positive (FP) cases, where the sample contained only noise, 

but the model predicted that the sample contained an earthquake, and 4) false negative (FN) cases, 

where the sample contained an earthquake, but the model predicted that the sample contained only 

noise. 

 We calculated classification statistics for all of the predictions made on the samples in the 

FakeQuakes testing dataset using a range of confidence threshold values from 0 to 1. Accuracies 

were computed with (TP + TN)/(TP + TN + FP + FN), and the results are shown in Figure 3.4a. 

At a threshold of 0, any value of a prediction array higher than 0 resulted in the prediction that a 

sample did contain an earthquake, so the model predicted that every sample contained an 

earthquake. Because the FakeQuakes testing dataset was 50% earthquakes and 50% noise, the 

accuracy at this threshold was 50%. Similarly, at a threshold of 1, the model would only predict 

that a sample contained an earthquake if the confidence value was 1, so it predicted that every 

sample contained only noise, resulting in a 50% accuracy as well. We achieved the highest overall 

accuracy of 59.66% at an intermediate threshold of 0.135.  
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Figure 3.4. Results of the testing of the CNN model on the remaining 10% of the FakeQuakes 
synthetic displacement waveforms which it never saw in training. (a) Accuracy, (b) precision, (c) 
recall, and (d) F1 score were calculated across a range of confidence thresholds from 0 to 1, where 
the threshold determined the cutoff of the maximum confidence of the predicted P-wave arrival 
Gaussian (Figure 3.3d-3.3e). A maximum confidence above the threshold meant a prediction that 
the sample contained a P-wave arrival from an earthquake, and a maximum confidence below the 
threshold meant a prediction that the sample contained only noise. The threshold at which 
maximum accuracy was achieved was 0.135, which is indicated on all four panels with the vertical 
red dashed line. 
 

 We also computed the precision and recall of the model for the same range of thresholds. 

Precision was computed with TP/(TP + FP), representing how often the model was correct about 

the samples that did actually contain earthquakes (Figure 3.4b). The highest precisions were found 

from thresholds of 0.835-0.99. Using a threshold this high in practice would result in limited false 

positives, but it would also increase the number of false negatives/missed earthquakes. Recall was 

computed with TP/(TP+FN), and represented how successful the model was at finding all of the 

earthquakes in the dataset (Figure 3.4c). Recall was highest at very low thresholds from 0-0.025. 

However, using a threshold this low would result in very high numbers of false positives, as the 

model would predict nearly every sample to contain an earthquake. We also computed F1 scores 

for the threshold range using 2 * (precision * recall)/(precision + recall) to explore a metric that 
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balances the contrasting precision and recall (Figure 3.4d), but the highest F1 score was also 

reached at a low threshold of 0.025, which would lead to a preponderance of false positives. 

Figure 3.5 shows confusion matrices plotted for the three threshold values that optimized 

recall/F1 score (0.025) (Figure 3.5a), accuracy (0.135) (Figure 3.5b), and precision (0.835) (Figure 

3.5c). This demonstrated how using a low threshold to optimize recall or F1 score resulted in the 

model correctly identifying all of the earthquake samples, but incorrectly identifying nearly all of 

the noise samples, leading to a very high FP rate. Increasing the threshold to 0.135 where accuracy 

was optimized reduced the number of FPs and led to the model correctly identifying the majority 

of the noise samples (TN), but the FN rate of missed earthquakes increased as the TP rate 

decreased. Finally, choosing a high threshold that optimized precision eliminated the FPs, but 

further reduced the number of TP earthquakes that the model correctly identified. For the following 

analyses, we focused on the accuracy-optimized threshold of 0.135 for a more balanced view of 

the model’s performance. 
 

 
Figure 3.5. Confusion matrices of the results of the model predictions on the FakeQuakes testing 
data compared to the true sample labels for (a) a best recall and F1 score confidence threshold of 
0.025, (b) the best accuracy threshold of 0.135, and (c) a best precision threshold of 0.835. ‘TN’ 
indicates “true negative” cases where the sample contained only noise and the model predicted 
only noise, ‘FN’ indicates “false negative” cases where the sample contained a P-wave arrival 
from an earthquake but the model predicted only noise, ‘FP’ indicates “false positive” where the 
sample contained only noise but the model predicted there was an earthquake, and ‘TP’ indicates 
“true positive” where the sample contained an earthquake and the model predicted that there was 
an earthquake. The colorbar indicates how many samples of each case are in a particular box in 
the matrix, the percentages indicate the percentage of the total number of predictions that each of 
the four categories contain, and the numbers under the percentages indicate the number of 
predictions in each category. The FP and FN boxes that represent incorrect predictions by the 
model have red colored text. 
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 For the samples that did contain earthquakes, we wanted to explore how well the model 

performed based on the characteristics of those waveforms or the earthquake sources associated 

with them. Figure 3.6a shows the accuracy of the model’s predictions across the range of 

hypocentral distances in the FakeQuakes testing dataset, and we observed that while the model 

tended to be slightly more accurate for stations closer to the hypocenters of the earthquakes than 

farther ones, the overall accuracy in each bin was low, indicating that hypocentral distance was 

not a primary control on the accuracy of the model’s predictions.  

 

 
Figure 3.6. Plots showing the accuracy of the CNN’s model predictions on the FakeQuakes testing 
data compared to binned source and waveform characteristics such as (a) hypocentral distance in 
kilometers, (b) earthquake magnitude, (c) waveform peak ground displacement in centimeters, and 
(d) the mean signal to noise ratio (SNR) (computed as the mean of the SNR for the N, E, and Z 
components). All plots show results for the confidence threshold of 0.135. Note in (c) and (d) that 
the x-axis scales logarithmically, not linearly. (c) also has a vertical orange line indicating the 
approximate noise level of GNSS data (~2 cm). 
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Figure 3.6b shows the accuracy of the model’s predictions across the range of earthquake 

magnitudes in the testing data, and there we observed a much stronger correlation for this 

parameter, with high accuracies exceeding 75% only for earthquakes ³M7. This aligns with the 

observation from Figure 3.6c where accuracy was plotted versus peak ground displacement (PGD) 

and showed a similar correlation, as PGD does increase with earthquake magnitude (Crowell et al, 

2013; Ruhl et al., 2019). Note that for this figure, the scaling of the x-axis is logarithmic. 

Waveforms containing earthquakes with higher PGDs would be expected to be more easily 

distinguishable from the noise, likely increasing the model’s ability to identify them. Further, 

Figure 3.6d shows the accuracy of the model’s predictions compared to the mean signal to noise 

ratio (SNR) computed as the average of the SNR from each of the three components of data. The 

scaling of the x-axis in this figure is logarithmic as well, and we observed that by the time the SNR 

exceeds ~2, the model is ~80% accurate, and by an SNR of ~3, it is nearly 100% accurate. 

 We next explored how well the model was able to identify the correct position of the P-

wave arrival in the TP cases with earthquakes, again using the intermediate accuracy-optimizing 

threshold of 0.135. Figure 3.7 shows a histogram of the distribution of differences between the 

actual P-wave arrival time and the model-predicted arrival time for the FakeQuakes testing dataset. 

Because 95% of the picks fell within a 30 second difference, we only show that range in the plot. 

84% of the picks fell within 5 seconds of the actual P-wave arrival time, and 50% fell within 1 

second. These differences are larger than those typically observed for seismic arrival time data 

from machine learning studies (e.g., Zhu and Beroza, 2019), but this was not unexpected given the 

noise levels of the GNSS data, as in many cases the arrivals were not plainly visible. 

 

Figure 3.7. A histogram of the 
distribution of differences between 
the actual P-wave arrival time and 
the CNN predicted arrival time for 
the FakeQuakes testing dataset 
using the confidence threshold of 
0.135. 95% of the samples fall 
within a 30 second difference, 84% 
within 5 seconds, and 50% within 
1 second. 
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3.3.2. Real Testing Data 

After testing the trained model on the remaining FakeQuakes data, we then tested it with 

the real data from the stations and earthquakes around Ridgecrest, CA shown in Figure 3.1. Figure 

3.8 shows the same results of this testing for the real data as Figure 3.4 for the FakeQuakes data, 

where for a range of thresholds from 0 to 1 we calculated the accuracy (Figure 3.8a), precision 

(Figure 3.8b), recall (Figure 3.8c), and F1 score (Figure 3.8d) for the model’s predictions.  

 

 
Figure 3.8. Results of the testing of the CNN model on the real testing dataset. (a) Accuracy, (b) 
precision, (c) recall, and (d) F1 score were calculated across a range of confidence thresholds from 
0 to 1, where the threshold determined the cutoff of the maximum confidence of the predicted P-
wave arrival Gaussian (Figure 3.3d-3.3e). A maximum confidence above the threshold meant a 
prediction that the sample contained a P-wave arrival from an earthquake, and a maximum 
confidence below the threshold meant a prediction that the sample contained only noise. The 
threshold at which maximum accuracy was achieved was 0.905, which is indicated on all four 
panels with the vertical red dashed line. 
 

The results for the real testing data looked very different from the results for the 

FakeQuakes testing data. Whereas the FakeQuakes data was split evenly to be half earthquakes 

and half noise, in the real testing dataset only 2123 of the ~994,000 samples actually contained 
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earthquake P-wave arrivals (Figure 3.S1a). Therefore, as Figure 3.8a shows, with a very high 

confidence threshold the model predicted that almost every sample did not contain an earthquake, 

resulting in a very high accuracy because so few of the samples did actually contain earthquakes. 

The highest accuracy for the real testing dataset was 99.79% at a threshold of 0.905. Precision was 

highest at thresholds of 0.91-0.925 (Figure 3.8b), and recall was highest at very low thresholds of 

0-0.025 (Figure 3.8c). F1 scores for this dataset remained very low across the entire threshold 

range (Figure 3.8d). 

Because of the low number of true earthquake samples in the dataset from which TP or TN 

results could be produced, we also plotted the number of each of the TP (green), TN (blue), FP 

(red), and FN (orange) cases across the full threshold range, which can be seen in Figure 3.9. The 

most dramatic change in outcomes occurred at very low thresholds around 0.04, which can be 

visualized more clearly in the cropped inset plot in Figure 3.9. Lower than this threshold, the TP 

and FP cases were maximized because at low thresholds, the model predicted that every sample 

contained an earthquake. The number of TPs and FPs quickly decreased asymptotically to zero 

higher than this threshold. In contrast, lower than this threshold there were no FN or TN cases, but 

higher than the threshold they quickly rose in opposition to the decrease in TPs and FPs. This made 

it difficult to choose an appropriate threshold for analysis, as ideally we would want to maximize 

TP and TN cases and minimize FP and FN cases, and there was no threshold where both goals 

could be simultaneously achieved.  

For this reason, the next analyses we present we performed at several different thresholds: 

1) 0.025, where recall was maximized and all 2123 earthquakes were found, 2) 0.04, where the 

crossover occurred in Figure 3.9, 3) 0.135, which was the highest accuracy threshold found with 

the FakeQuakes testing dataset, and 4) 0.905, which maximized the accuracy for the real testing 

dataset and was just slightly below where precision was optimized as well. 
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Figure 3.9. A plot showing how the number of true positive (green), true negative (blue), false 
positive (red), and false negative (orange) cases in the real testing data results changes across the 
range of confidence thresholds. The inset plot shows a closer-cropped look at the region of the 
larger graph where the lines converge and cross over around a threshold of 0.04.  
 

We plotted confusion matrices for each of these four thresholds in Figure 3.10. Figure 

3.10a, where we used the recall-optimized threshold of 0.025, showed that there were 2123 TP 

cases, capturing all of the earthquakes in the real testing dataset, but the vast majority of the results 

for this threshold were FPs. In Figure 3.10b we used the threshold of 0.04 from the crossover in 

Figure 3.9, and we observed that with this threshold, approximately 55% of the real earthquakes 

were captured as TP cases, with the remainder moving to the FN category. The number of FP cases 

had also decreased to approximately half the size of that in Figure 3.10a, instead increasing the 

number of TN cases.  
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Figure 3.10. Confusion matrices of the results of the model predictions on the real testing data 
compared to the true sample labels for (a) a threshold of 0.025, where the model captures all of 
the earthquakes (and recall is maximized), (b) the threshold of 0.04 at which the crossover in 
Figure 3.9 occurs, (c) the best accuracy threshold from the FakeQuakes testing results of 0.135, 
and (d) the best accuracy threshold from the real data testing results of 0.905, which is just shy of 
where precision is maximized for this dataset as well. ‘TN’ indicates “true negative” cases where 
the sample contained only noise and the model predicted only noise, ‘FN’ indicates “false 
negative” cases where the sample contained a P-wave arrival from an earthquake but the model 
predicted only noise, ‘FP’ indicates “false positive” where the sample contained only noise but the 
model predicted there was an earthquake, and ‘TP’ indicates “true positive” where the sample 
contained an earthquake and the model predicted that there was an earthquake. The colorbar 
indicates how many samples of each case are in a particular box in the matrix, the percentages 
indicate the percentage of the total number of predictions that each of the four categories contain, 
and the numbers under the percentages indicate the number of predictions in each category. The 
FP and FN boxes that represent incorrect predictions by the model have red colored text. 
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In Figure 3.10c, using the threshold of 0.135 from the best accuracy results of the 

FakeQuakes testing data reduced the number of actual earthquakes captured (TPs) to only ~4% of 

the total number of earthquakes, but the number of FP cases significantly improved. Finally, for 

Figure 3.10d we used the threshold of 0.905 which maximized the accuracy in the real testing data 

and was close to the precision-optimized threshold range as well. In this case, the number of TPs 

and FPs were both very low, as the model was predicting that almost no samples contained P-wave 

arrivals from earthquakes. But because the number of TN cases was so high, and the vast majority 

of the samples in the real testing dataset were just noise, the overall accuracy was very high. 

In Figure 3.11, we took a closer look at the model’s performance on the 2123 samples that 

did contain earthquake P-wave arrivals. These figures show scatter plots of the samples by their 

associated magnitude, PGD, and mean SNR, where black points represent those samples for which 

the model correctly identified that there was a P-wave arrival in the sample, and red dots represent 

those samples that the model missed identifying. The top row of plots (Figure 3.11a-c) shows the 

results for the confidence threshold of 0.135, and the bottom row (Figure 3.11d-f) shows the results 

for the threshold of 0.905. The two lower thresholds shown in Figure 3.10a-b were omitted because 

they were essentially entirely black dots. The blue dashed horizontal lines on each plot show the 

average magnitude, PGD, and mean SNR for all 2123 earthquakes for the relevant parameter for 

each panel. The average magnitude in the real testing dataset was 4.82, the average PGD was 2.93 

centimeters, and the average mean SNR was 1.18. Figure 3.11a shows that the model correctly 

identified the samples consisting of waveforms from the largest earthquake in the dataset (the M7.1 

Ridgecrest mainshock) and many of the samples from the M6.4 Ridgecrest foreshock, but the 

results were more scattered for magnitudes smaller than this. In Figure 3.11b we observed that 

there was not a particularly strong correlation between PGD and whether the model identified the 

samples correctly; there are several very high PGD waveforms which the model missed. Figure 

3.11c plots the waveform SNRs, and we observed that in this case, the majority of the anomalously 

high SNR samples were correctly identified by the model. For this threshold, the average 

magnitude associated with the earthquake waveforms the model correctly identified was 5.67, and 

the average magnitude associated with the earthquake waveforms the model failed to identify was 

4.78. The average PGD for the correctly identified samples was 4.74 cm, and the average PGD for 

the missed samples was 2.85 cm. The average mean SNR for the correctly identified samples was 

3.48, and the average mean SNR for the missed samples was 1.06. 
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Figure 3.11. Plots showing the outcomes of predictions for the 2123 individual waveforms that 
included P-wave arrivals in the real testing dataset. Waveforms where the model successfully 
identified the earthquakes are colored black, and waveforms where the model did not identify the 
earthquakes are colored red. For the confidence threshold of 0.135, (a) shows the results compared 
to earthquake magnitude, (b) shows the results compared to waveform peak ground displacement 
(PGD) in centimeters, and (c) shows the results compared to waveform mean signal to noise ratio 
(SNR). For the confidence threshold of 0.905, (d) shows the results compared to earthquake 
magnitude, (e) shows the results compared to waveform PGD in centimeters, and (f) shows the 
results compared to waveform mean SNR. The mean values of the parameter shown in each 
subplot for the dataset are plotted with horizontal blue dashed lines. 
 

When we increased the confidence threshold to 0.905, the model was only able to correctly 

pick samples from the M7.1 Ridgecrest earthquake (Figure 3.11d). Figures 3.11e and 3.11f also 

show that the few samples the model did correctly identify as containing earthquakes had 

substantially higher PGDs and SNRs than the means of the dataset, respectively. For this threshold, 

the average magnitude associated with the earthquake waveforms the model correctly identified 

was 7.1 (only the Ridgecrest mainshock), and the average magnitude associated with the 

earthquake waveforms the model failed to identify was 4.81. The average PGD for the correctly 

identified samples was 8.75 cm, and the average PGD for the missed samples was 2.91 cm. The 

average mean SNR for the correctly identified samples was 7.66, and the average mean SNR for 

the missed samples was 1.15. 
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Finally, Figure 3.12 shows the model’s performance at identifying the correct position of 

the P-wave arrival in the TP cases with earthquakes for the real testing dataset using all four 

previously discussed thresholds (0.025 for Figure 3.12a, 0.04 for Figure 3.12b, 0.135 for Figure 

3.12c, and 0.905 for Figure 3.12d). We generally observed that the model’s performance for the 

real data was degraded compared to that of the FakeQuakes data as shown in Figure 3.7, with a 

much wider distribution of large differences between the true and predicted arrival times. For the 

real testing dataset and the threshold of 0.135 (the same threshold as used with the FakeQuakes 

data to produce Figure 3.7), only 63% of the picks fell within a 30 second difference as opposed 

to 95% of the FakeQuakes data, 38% fell within 5 seconds as opposed to 84% with the FakeQuakes 

data, and 16% fell within 1 second as opposed to 50% with the FakeQuakes data. This difference 

may be accounted for by the difference in the distribution of magnitudes, PGDs, and SNRs in the 

FakeQuakes testing dataset compared to the real testing dataset, histograms of which can be found 

in Figure 3.S4. For example, in the FakeQuakes dataset 30% of the waveforms came from 

earthquakes over M6.5, 10.7% of the waveforms had PGDs over 5 cm, and 5.3% of the waveforms 

had SNRs over 2, whereas the real testing dataset only had 1.5%, 7.1%, and 2% of the waveforms 

in the same categories, respectively. As shown previously, the model performed better with data 

from larger earthquakes with higher PGDs and SNRs, and the poorer performance with respect to 

the timing of the picks in the real testing dataset could reflect the relative lack of higher-quality 

waveforms in it.  

 
Figure 3.12. Histograms of the distributions of differences between the actual P-wave arrival time 
and the CNN predicted arrival time for the real testing dataset using confidence thresholds of (a) 
0.025, (b) 0.04. (c) 0.135, and (d) 0.905.  
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3.4. Discussion 
 The results presented show that the performance of the model heavily depended on what 

confidence threshold was chosen to distinguish between samples which were determined to 

contain earthquakes, and which ones did not. The proper choice of threshold would likely vary 

depending on use case. Based on the high numbers of false positive results observed when lower 

confidence thresholds were used in this study, which would be required if the goal was to capture 

the majority of true earthquakes in the data, as discussed in the Introduction and Background it 

seems that a more appropriate use case of this model would be to act as a “filter” to restrict the 

data used in GNSS magnitude calculation algorithms to only those waveforms which are high 

enough quality (i.e., low enough noise) to provide useful information about the earthquake, rather 

than to construct a standalone GNSS EEW system that can trigger itself by detecting earthquakes.  

For this study, we explored the CNN model’s potential utility in a realistic scenario where 

the model contributes to the GNSS side of an EEW system such as ShakeAlert, where the GNSS 

analysis algorithm (GFAST) is triggered by earthquake detections made using seismic data. 

GFAST computes earthquake magnitudes in real-time by calculating PGD for all stations with 

available data once it is triggered by the seismic algorithm, and then using the estimated station 

hypocentral distance to compute magnitude using the scaling relationship 

    log!2(𝑃𝐺𝐷) = 𝐴 + 𝐵𝑀; + 𝐶𝑀; log!2M𝑟<1=N,        (3.1) 

where PGD is the peak ground displacement, A, B, and C are coefficients, Mw is the moment 

magnitude, and rhyp is the hypocentral distance in kilometers (Crowell et al., 2013, 2016; Murray 

et al., 2023). Crowell et al. (2016) found A = –6.687, B = 1.5, and C = –0.214 using PGD in 

centimeters. GFAST also enforces a travel-time mask where only stations within a 3 km/s radius 

from the earthquake origin time are included in the analysis, as this would conservatively ensure 

that the larger S-waves where the PGD would occur had already arrived at those stations. An 

exponential hypocentral distance weighting is also implemented where near-source stations are 

emphasized more strongly in the inversion for event magnitude which includes all station 

estimates.  

 We wanted to test how our model could potentially improve the magnitude estimates made 

by an algorithm like GFAST by excluding any station waveforms where an earthquake was not 

detected. Because our model is not currently constructed to operate in real time, only working with 
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128-second-long waveforms, it is not a perfect recreation of how GFAST works; instead, we 

present a first-order demonstration of its possible utility. For this test, we re-formatted the 45,870 

earthquake-containing waveforms from the FakeQuakes testing dataset so that instead of the P-

wave arrival being randomly positioned in the waveform, each 128-second-long waveform began 

at the origin time of the earthquake. This reduced the number of waveforms where the P-wave 

arrived at the end of the sample, therefore reducing the number of waveforms where no S-waves 

where the PGD would occur were in the sample. We still combined each of these waveforms with 

a random sample of the GNSS real-time noise, but we did not include the noise-only waveforms 

in this test, as a seismic-triggered system would remove the possibility that any waveforms contain 

only noise (even if a waveform is so buried by the GNSS noise that it cannot be visualized). 

 For a 128-second-long waveform, a 3 km/s travel time mask like the one used by GFAST 

would permit stations within 384 km of the hypocenter to contribute to a magnitude estimation. 

However, the largest hypocentral distance in our FakeQuakes testing dataset was 350 km, so a 3 

km/s mask would not actually exclude any waveforms from the magnitude computation. We did, 

however, implement the distance weighting used by Crowell et al. (2016), where the weight for 

any particular station is  

   									𝑤> = exp S−
+!"#,#
%

?+!"#,&#'
% T,         (3.2) 

where repi,i is the epicentral distance for the ith station, and repi,min is the epicentral distance for the 

station closest to the epicenter. We also included the requirement that an earthquake must have 4 

stations reporting individual PGD magnitudes to compute the weighted event-average magnitude. 

 As the control to compare to, we computed the event-averaged PGD magnitudes for the 

entire earthquake-containing FakeQuakes testing dataset without any kind of GFAST-like 

modifications or additional filtering. The mean squared error (MSE) between the true earthquake 

magnitudes and the calculated event-averaged PGD magnitudes for this unfiltered dataset was 

2.557. Then, in addition to the GFAST-like magnitude computation with hypocentral distance 

weighting described above, we also computed event-averaged PGD magnitudes using an SNR 

filter (where we only allowed waveforms with SNRs > 1, 2, and 3 to contribute), as well as event-

averaged PGD magnitudes using only waveforms which our CNN model detected as “true 

positives” (TPs) using both the accuracy-optimized threshold of 0.135 and the precision-optimized 

threshold of 0.835. The results of this test are shown in Figure 3.13. In each of the panels, the 
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unfiltered control data are shown in red, whereas the results after whatever filtering operation was 

implemented are shown in blue. Each panel also has a black dashed line that represents a one-to-

one relationship between true magnitude and the event-averaged magnitude calculated from the 

PGD scaling law, with the gray dashed lines indicating half a magnitude unit above and below the 

one-to-one line. 

Figure 3.13a shows the results for the GFAST-like test where the individual station PGD 

magnitudes were weighted by hypocentral distance in the event-averaged magnitude computation, 

and the four station minimum requirement for each event was implemented. Because the 3 km/s 

travel time mask was irrelevant for this test due to the 350 km maximum hypocentral distance in 

the dataset, and there were more than four stations available for each event, no events were 

excluded from the final plot. While the implementation of the distance weighting did bring some 

of the smaller magnitude earthquakes down in calculated PGD magnitude closer to the one-to-one 

line, there were still many earthquakes whose calculated event-averaged magnitude were far higher 

than the true magnitude. As a result, the MSE for the GFAST-like test was 1.938. 

Figures 3.13b-d show the results when SNR filters were used. Figure 3.13b only included 

waveforms with SNR > 1 in the event-averaged magnitude computation, which still allowed 

99.97% of the earthquakes through. We observed that this does not improve the performance over 

the unfiltered dataset; the MSE for this test was even slightly worse than for the unfiltered data at 

2.625.  

 

 
Figure 3.13 (next page). Plots of the event-averaged PGD magnitudes for the FakeQuakes 
earthquakes in the testing dataset using several different methods to restrict the dataset. Red points 
indicate event-averaged PGD magnitudes calculated using all of the data with no filters, and blue 
points indicate event-averaged PGD magnitudes calculated with a restriction on the waveforms 
permitted to contribute. The black dashed lines represent the one-to-one relationship between true 
magnitude and the event-averaged magnitude calculated from the PGD scaling law, with the gray 
dashed lines indicating half a magnitude unit above and below the one-to-one line. (a) Contributing 
station magnitudes computed using a GFAST-like exponential hypocentral distance weighting 
scheme and requiring a minimum of 4 stations per event. (b) Contributing stations limited to those 
with waveform SNRs > 1. (c) Contributing stations limited to those with waveform SNRs > 2. (d) 
Contributing stations limited to those with waveform SNRs > 3. (e) Only stations with “true 
positive” results as picked by the CNN developed in this study were allowed to contribute, using 
the accuracy-optimized confidence threshold of 0.135. (f) Only stations with “true positive” results 
as picked by the CNN developed in this study were allowed to contribute, using the precision-
optimized confidence threshold of 0.835. 
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 Figure 3.13c only permitted use of the earthquake waveforms with SNR > 2, which was 

approximately where in the FakeQuakes testing dataset the accuracy of the predictions began to 

show a dramatic improvement (Figure 3.6d). With this limit, only 26.52% of the earthquakes had 
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event-averaged magnitudes computed for them, which removed the majority of the smaller-

magnitude events where the difference between the true and computed magnitude was large. At 

magnitudes below ~M7, though, the magnitudes of what events remained still were not calculated 

to be close to the true magnitudes, resulting in an MSE of 0.803. Figure 3.13d further restricted 

the permitted waveforms to only those with SNR > 3, which reduced the number of events that 

had computed magnitudes to 15.03%. While some outliers remained, the magnitudes computed 

for the remaining events above ~M6.5 fell close to the one-to-one line, resulting in an MSE of 

0.097. 

Figures 3.13e and 3.13f show the results of the tests when our CNN model was used to 

filter out waveforms, in this case by only using those with TP earthquake detections for the event-

averaged PGD magnitude calculations. In Figure 3.13e we used the confidence threshold of 0.135 

that maximized the model’s performance in terms of accuracy on the FakeQuakes testing dataset 

as discussed in the Results section. This permitted magnitude estimations for 80.18% of the 

earthquakes, but included many of the smaller magnitude earthquakes that had high errors 

compared to the true magnitudes. This resulted in an MSE of 2.249, which is better than that of 

the unfiltered data and the SNR > 1 filter but worse than the GFAST-like distance weighting 

approach. When we instead used the confidence threshold of 0.835 that maximized precision 

(Figure 3.13f), the percentage of permitted events was reduced to 27.27%, but the MSE improved 

to 0.045. This was the lowest MSE of any of the filters we used, and as Figure 3.13f shows, the 

vast majority of the magnitude estimates for earthquakes over M6 fell close to the one-to-one line 

and between the gray lines that indicate half a magnitude unit of difference. The scatter in the 

results around the one-to-one line also improved with increased earthquake magnitude.  

We also performed these tests with the real testing dataset even though the sample size of 

earthquakes was very limited (Figure 3.14). For the unfiltered real data, the MSE between the true 

magnitudes and event-averaged PGD magnitudes was 4.467, which is higher than the MSE for the 

unfiltered FakeQuakes data. For simplicity and ease of comparison, we used the same two 

thresholds of 0.135 and 0.835 for this test on the real data as we used for the FakeQuakes data.  

Figure 3.14a shows the results for the GFAST-like test where the individual station PGD 

magnitudes were weighted by hypocentral distance in the event-averaged magnitude computation. 

As in Figure 3.13a, no events were excluded from the final plot due to their hypocentral distance, 

and all events had at least 4 stations included in the computation. Figure 3.14a shows more clearly 
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the difference that the weighting makes, as the majority of the smaller earthquake magnitude 

estimates were drawn down toward the one-to-one line using the weighting scheme. However, the 

error was still relatively high with an MSE of 3.246, which was higher than the GFAST test MSE 

for the FakeQuakes data. 

Figures 3.14b-d show the results when the same SNR filters were used. Figure 3.14b shows 

the results when only waveforms with SNR > 1 were used in the magnitude computation, which 

permitted 93.59% of events through the filter. Similar to the results shown in Figure 3.13b, this 

filter resulted in an even higher MSE than that of the unfiltered data at 4.715. Restricting the data 

further using a filter of SNR > 2 reduced the qualified events to 26.92%, but only marginally 

improved the MSE to 4.639 (Figure 3.14c), and restricting the data to SNR > 3 reduced the 

qualified events further to 7.69%, but still only improved the MSE to 4.207 (Figure 3.14c). As 

Figures 3.14c and 3.14d show, for the real data using SNR restrictions did not seem to leave only 

the higher magnitude earthquakes behind as observed in Figure 3.13c and 3.13d.  

Figures 3.14e and 3.14f show the results of the tests when we allowed only the TP cases 

detected by the CNN to contribute to the event-averaged PGD magnitude. In Figure 3.14e where 

we used the threshold of 0.135, similar to the results shown in Figure 3.13e with the FakeQuakes 

data, many of the smaller magnitude earthquakes that have large differences between true and 

computed magnitude are still included, with 34.62% of events passing through the filter. The MSE 

is still high for this threshold at 4.316, which is better than the SNR > 1 and > 2 filters but worse 

than the SNR > 3 filter and the GFAST-like hypocentral distance weighting scheme. 

 
Figure 3.14 (next page). Plots of the event-averaged PGD magnitudes for the earthquakes in the 
real testing dataset using several different methods to restrict the dataset. Red points indicate event-
averaged PGD magnitudes calculated using all of the data with no filters, and blue points indicate 
event-averaged PGD magnitudes calculated with a restriction on the waveforms permitted to 
contribute. The black dashed lines represent the one-to-one relationship between true magnitude 
and the event-averaged magnitude calculated from the PGD scaling law, with the gray dashed lines 
indicating half a magnitude unit above and below the one-to-one line. (a) Contributing station 
magnitudes computed using a GFAST-like exponential hypocentral distance weighting scheme 
and requiring a minimum of 4 stations per event. (b) Contributing stations limited to those with 
waveform SNRs > 1. (c) Contributing stations limited to those with waveform SNRs > 2. (d) 
Contributing stations limited to those with waveform SNRs > 3. (e) Only stations with “true 
positive” results as picked by the CNN developed in this study were allowed to contribute, using 
the accuracy-optimized confidence threshold of 0.135 from the FakeQuakes test. (f) Only stations 
with “true positive” results as picked by the CNN developed in this study were allowed to 
contribute, using the precision-optimized confidence threshold of 0.835 from the FakeQuakes test. 
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Increasing the threshold to 0.835 results in only one earthquake, the M7.1 Ridgecrest 

mainshock, passing through the filter (Figure 3.14f). Given the results shown in Figure 3.11d-f for 
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the high confidence threshold where only that earthquake was successfully picked, this was not 

necessarily unexpected. Accordingly, the MSE for this event was 0.017, much lower than for the 

other filtering tests. The PGD magnitude computed for the M7.1 Ridgecrest mainshock using this 

0.835 TP threshold was 6.97, but the computed magnitude for the unfiltered dataset was also 6.92 

– well within the 0.5 magnitude unit lines on the plot. Using the CNN model provides a marginal 

improvement at best for this earthquake.  

We also would have liked to see that the other two events >M6 in this dataset had their 

magnitude estimates improved by using the CNN filter with a threshold of 0.835 as was observed 

for the FakeQuakes data in Figure 3.13f, but the CNN failed to identify any stations from those 

events as TPs for this threshold. This is explainable when examining the data. The M6.5 in the 

dataset occurred in Nevada (Figure 3.1), and there were only 6 GNSS stations from which we were 

able to interpolate P-wave arrivals for that event. The closest of these stations to the hypocenter 

was over 400 km away, and the SNRs of the earthquake at those stations ranged from 0.8-1.7, 

which was lower than where we observed the model’s best performance in this study. The M6.4 

was the Ridgecrest foreshock, so there were 66 stations from which we had waveforms containing 

those interpolated P-wave arrival times and some were quite close to the hypocenter. However, of 

the 66 waveforms only two had SNRs >1.5 of 1.71 and 2.28, which were still quite low. 

Particularly for a higher threshold like 0.835, the model not having high enough confidence that a 

P-wave arrival existed in the sample with an SNR that low was not an unexpected result. 

 The results of these tests suggest that using a CNN like the one trained in this study to filter 

out waveforms in which earthquakes are not detected would improve the results of PGD magnitude 

estimations for the larger earthquakes for which GNSS data must be used to avoid magnitude 

saturation issues. This follows the results of the Lin et al. (2023) study which found that the 

performance of the M-LARGE algorithm that ascertained earthquake source properties such as 

magnitude, centroid location, and rupture extent was improved by reducing the amount of noise 

fed into the model. It should be noted, however, that the CNN model we presented in this study 

would require significant re-configuration and likely retraining to allow it to operate in real-time, 

and additional tests would be required to show that it still performed as expected. The scope of 

this study was also limited regionally and temporally to Southern California and a timespan around 

the 2019 Ridgecrest earthquake sequence, as well as to the real-time GNSS position solutions 

produced at that time by UNAVCO. Future work should include the training and testing of this 



 

102 
 

 

type of model to other regions, particularly the rest of the West Coast where ShakeAlert and 

GFAST are active, as well as to other types of real-time position solutions such as those processed 

with the Fastlane software (Santillan et al., 2013; Melbourne et al., 2021) in real-time by Central 

Washington University.  

 Another potential future avenue for improvement would be the implementation of GNSS 

denoising into the workflow for computing earthquake magnitudes from GNSS data. Thomas et 

al. (2023) presented a deep learning model for this application similarly trained on synthetic data 

which showed promise when applied to real data as well. This type of model could potentially be 

used before a model trained to detect P-wave arrivals in GNSS data like the one presented in this 

study to improve the performance of such a model in terms of the binary classification results, as 

well as the actual position of the predicted P-wave arrivals. If successful, this combination may 

provide more hope for the development of a standalone GNSS EEW system where data is denoised 

in real-time, earthquakes are detected/low-quality data is filtered out, and then PGD magnitudes 

are computed.   

  

3.5. Conclusions 
 In this study we presented the construction, training, and testing of a machine learning 

model for detecting earthquakes in noisy real-time GNSS data. We trained this model using a suite 

of synthetic strike-slip earthquakes combined with real real-time noise, and tested it on additional 

unseen synthetic data as well as real earthquake data from Southern California over approximately 

a year around the 2019 Ridgecrest earthquake sequence. When testing the performance of the 

trained model, we observed that it was generally difficult to pick an appropriate confidence 

threshold to maximize true positives and true negatives while also minimizing false positives and 

false negatives. The synthetic testing dataset was comprised of equal numbers of noise waveforms 

and earthquake-containing waveforms. Using a confidence threshold which optimized the 

accuracy of the model, we found that the model’s accuracy was highest (>75%) at detecting 

earthquakes for events >M7 and waveforms with PGDs > 10 cm and SNRs above ~2. For the 

synthetic data with this threshold, the model’s predicted P-wave arrival times fell within 5 seconds 

of the actual arrival time for 84% of the picks. In contrast, the real testing dataset was highly 

asymmetrical, with only 0.214% of the tested samples actually containing earthquakes. This made 

choosing an appropriate threshold even more difficult. Using the same threshold that maximized 
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accuracy for the synthetic testing data, we observed that the model’s capability for real earthquake 

detection also depended substantially on the PGD and SNR of the sample as well, and for the real 

testing data, only 38% of the predicted P-wave arrivals were within 5 seconds of the actual arrival 

time. 

 The number of false positive results observed in both the synthetic and real testing data 

was high when a confidence threshold low enough to detect the majority of the actual earthquakes 

in the data was used. Current EEW systems that incorporate GNSS data, such as ShakeAlert in the 

Western United States with the GFAST algorithm, require triggering by detections made with 

seismic data for the GNSS algorithm to begin analysis. Our study results suggest that at least using 

this particular model, it may not be realistic to expect a GNSS system to detect earthquakes and 

trigger itself alone due to the high noise levels in the data. However, we also explored how our 

model performed as a “filter” to remove waveforms from stations where an earthquake was not 

observed through the noise from incorporation into an algorithm like GFAST that calculates the 

magnitude of an earthquake from the PGDs of GNSS data. We tested the computation of event-

averaged PGD magnitudes using all available data with no alterations, as well as a hypocentral 

distance weighting system like the one used in GFAST, where stations closest to the hypocenter 

are more strongly weighted in the magnitude computation. We then also tried filtering waveforms 

by their SNR, so that only high-SNR waveforms could contribute to the magnitude estimation, and 

also using this study’s CNN model to filter stations by whether the model detected an earthquake 

in them or not, so that only the ones with positive detections were used in the magnitude 

computation. We found that for both the synthetic and real testing datasets, the mean squared error 

of the event-averaged magnitude estimates compared to the true magnitudes was lowest when the 

CNN model was used compared to using all of the unaltered data, the GFAST weighting method, 

or an SNR filter.  

 This suggests that using a CNN model like the one presented in this study to only allow 

GNSS waveforms where earthquakes are visible above the noise to contribute to the magnitude 

determination process could improve the accuracy of the magnitude estimates. In future work, this 

model should be adapted and tested for real-time performance, and data from additional regions, 

time periods, and GNSS position solution types should be incorporated to explore its applicability 

to a wider range of scenarios.   
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3.6. Data and Resources 
Codes used to process and analyze data and make the figures for this study are available at 

https://github.com/UO-Geophysics/gnss-picker. The seismic data used for P-wave picking in this 

study were downloaded from the Incorporated Research Institutions for Seismology Data 

Management Center (IRIS‐DMC) under network codes CI and PB. The real-time GNSS position 

solutions we used were provided by Kathleen Hodgkinson, formerly with UNAVCO (now 

EarthScope) and at the time of writing now with Sandia National Laboratories. 
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3.8. Bridge 
 In this chapter, we detailed the development of a machine learning model which can detect 

earthquakes in noisy real-time GNSS data. This model can be used to improve the performance of 

GNSS-based earthquake early warning magnitude determination algorithms by filtering out 

noisy/low quality data which increases the error in the estimated magnitudes. In the next chapter, 

we will expand our focus from earthquake early warning systems alone to the rapid event 

publication process that the NEIC undertakes on a 24/7 basis. While early warning systems tend 

to be regional, the NEIC must analyze earthquakes across the globe and in many tectonic settings, 

making the process of determining earthquake magnitudes more complex. We will present another 

https://github.com/UO-Geophysics/gnss-picker
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machine learning model in the following chapter, this time designed to allow for a uniform process 

for rapid magnitude computation worldwide.  

 

3.9. Supplemental Figures 

 

 
 
Figure 3.S1. Earthquake waveform magnitude distributions for (a) the real earthquake testing data 
and (b) the full set of FakeQuakes synthetic data. 
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Figure 3.S2. Convolutional neural network (CNN) architecture used in this study. 
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Figure 3.S3. Training history for the CNN model developed in this study. (a) Training (blue) and 
validation (orange) loss over time during training. (b) Training (blue) and validation (orange) 
accuracy over time during training. 

 
Figure 3.S4. Distribution of waveform characteristics in the two testing datasets. (a) Magnitude, 
(b) peak ground displacement (PGD) in centimeters, and (c) mean signal to noise ratio (SNR) 
distribution in the FakeQuakes testing dataset. (d) Magnitude, (e) PGD in cm, and (f) mean SNR 
distribution in the real data testing dataset.  
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CHAPTER IV 

 

RAPID ESTIMATION OF SINGLE-STATION EARTHQUAKE 

MAGNITUDES WITH MACHINE LEARNING ON A GLOBAL 

SCALE 

 

From Dybing, S. N., Yeck, W. L., Cole, H. M., & Melgar, D. (2024). Rapid estimation of 

single‐station earthquake magnitudes with machine learning on a global scale. Bulletin of the 

Seismological Society of America, 114(3), 1523–1538. https://doi.org/10.1785/0120230171  

 

4.1. Introduction 
 Monitoring agencies worldwide ensure that earthquake information is shared in near real-

time as quickly and as accurately as possible. Earthquake information products are key for 

organizing emergency response efforts after substantial shaking, as well as anticipating and 

modeling earthquake-associated hazards that can also have catastrophic effects on people and 

property. For example, the U.S. Tsunami Warning Centers monitor the globe for large earthquakes 

that could cause tsunamis, and the U.S. Geological Survey (USGS) analyzes and publishes 

information about earthquake economic and loss of life effects, as well as landslide and 

liquefaction risk. Additionally, national and international security groups (e.g., the Air Force 

Technical Applications Center in the United States) conduct global monitoring to detect explosive 

seismic sources that are not earthquakes, which may indicate violations of the Comprehensive Test 

Ban Treaty, which bans nuclear explosions worldwide (Ringler et al., 2022). Foundational to all 

of these missions is the ability to rapidly detect, locate, and characterize seismic sources.  

In the United States, the USGS National Earthquake Information Center (NEIC) is tasked 

with 24/7 rapid response to earthquakes both nationally and across the globe. Automatic 

processing software and human analysts at the NEIC work to accurately assess the character of 

earthquakes within minutes to aid in estimates of economic and life loss, and provide information 

to emergency responders, the media, governments, and the public (Benz, 2017). Key earthquake 

characteristics include location, magnitude, and rupture extent and pattern, all of which can inform 

https://doi.org/10.1785/0120230171
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of the potential for associated hazards such as strong shaking and tsunamis. Of these, magnitude 

is a particularly important source parameter because it is the foundation of subsequent hazard 

estimates (e.g., shaking intensities) and is the fundamental parameter used by the public to interpret 

the severity of an earthquake. However, magnitude estimation can be a complicated process, and 

more simplistic methods may fail to adequately characterize an event. This results in variability of 

the magnitude based on how it is calculated, and it is prone to errors propagated from location and 

station metadata inaccuracies.  

Magnitude estimation is particularly complex at the NEIC because it monitors earthquakes 

both domestically and globally in all tectonic environments. For small domestic earthquakes, the 

NEIC relies on amplitude-based measurements, preferring either ML (local magnitude) or mb_lg 

(short period surface wave magnitude) depending on the tectonic environment, or measurements 

derived from waveform modeling (Mwr – regional magnitude) when sufficient data are available. 

For larger global earthquakes, the NEIC relies on different amplitude-based magnitudes (primarily 

mb – short period body wave magnitude) or magnitudes calculated with waveform modeling 

(primarily Mww – moment W-phase magnitude or Mwb – body wave magnitude).  

Each of these magnitude types is only appropriate for specific magnitude ranges, and the 

appropriateness of each can depend on the properties of the waveforms. As an example, while the 

NEIC uses Mww as its preferred magnitude, Mww can perform poorly after larger earthquakes due 

to increased long-period noise levels. Amplitude-based magnitudes are often the first magnitude 

produced internally in the NEIC’s processing system, but these are prone to substantial errors 

because of mislocation due to their heavy reliance on attenuation relationships. Therefore, 

magnitude processing that can span all settings and is independent of location information has the 

potential to aid internal processing systems, as well as rapidly alert analysts of potential significant 

events.  

 

4.1.1. Machine Learning for Earthquake Source Parameter Estimation 

 In recent years, research into applications of machine learning in seismology and 

geophysics has grown substantially, with several studies demonstrating that deep learning models 

improve upon traditional data processing methods. A review of the history of machine learning 

use in the seismology field and its current applications and future directions can be found in 

Mousavi and Beroza (2023). Deep learning typically requires large amounts of data to perform 
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well, and the standard of maintaining publicly accessible data within the geophysics community 

(e.g., the NEIC’s earthquake catalog, the EarthScope waveform data archives) lends itself well to 

this methodology. The utility of deep learning techniques has been established for many 

seismology applications, including detection and location of earthquakes and expansion of 

earthquake catalogs through accurate P- and S-phase picking for improved locations and velocity 

models (e.g., Ross et al., 2018; Perol et al., 2018; Zhu and Beroza, 2019; Mousavi et al., 2020; 

Zhang et al., 2020; Mousavi and Beroza, 2020a). 

 Another application, the estimation of earthquake magnitudes, has been approached with a 

variety of deep learning techniques. As reviewed by Mousavi and Beroza (2023), these include 

seismic single-station classification and regression approaches (Lomax et al., 2019; Mousavi and 

Beroza, 2020b; Ristea and Radoi, 2021), as well as multi-station methods, which in addition to 

seismic data (van den Ende and Ampuero, 2020; Münchmeyer et al., 2021) can include the use of 

Global Navigation Satellite Systems (GNSS) (Lin et al., 2021) and elastogravity data (Licciardi et 

al., 2022). Mousavi and Beroza (2020b) demonstrated that a regression model built with the 

machine learning framework TensorFlow (Abadi et al., 2015) as a combination of a convolutional 

neural network and a recurrent neural network could accurately estimate local magnitudes from 

single waveforms with no instrument response removal. The Mousavi and Beroza (2020b) model, 

known as MagNet, was trained and tested on data from global earthquakes (primarily of <M5) 

from the STanford EArthquake Dataset (STEAD) (Mousavi et al., 2019) with epicentral distances 

of less than one degree. The MagNet model shows great promise, but its applicability as currently 

trained is limited to small scales and therefore is not appropriate for global earthquake monitoring.    

Cole et al. (2023) constructed the Machine Learning Asset Aggregation of the Preliminary 

Determination of Epicenters (MLAAPDE, pronounced “millipede”) to aid in the development of 

machine learning tools at the NEIC. MLAAPDE is a dataset and query tool built from the 

Preliminary Determination of Epicenters (PDE) bulletin published by the NEIC (Sipkin et al., 

2000).  MLAAPDE is formatted such that users will readily be able to use the >5.1 million 

waveforms and associated labels in model development, training, and testing. As such, it is this 

dataset that we utilize for this study. Detailed information about MLAAPDE and how to access 

the code and default dataset is available in Cole et al. (2023). In this study, we leverage the previous 

work on the MagNet model with the MLAAPDE dataset to test the applicability of the approach 

to global earthquake monitoring.  
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4.2. Methods 
4.2.1. MLAAPDE Data Access 

 The default MLAAPDE catalog contains 120-second-long waveforms, centered on an 

analyst-verified phase pick and in units of raw counts with a 40-Hz sampling rate. Our goal was 

to create a model that can be applied in rapid response settings, so we chose to only sample from 

the available first arrival P-phase picks in the catalog (either P, Pn, or Pg). We stream-normalized 

input waveforms by dividing each observation by the maximum value of all three channel traces 

for each station. We did not apply instrument response correction or otherwise filter the waveform 

data. However, the waveforms were decimated to a sampling rate of 20 Hz to reduce computation 

time and memory required for the code to run. 

A common practice in machine learning is to split datasets into training, validation, and 

testing partitions with a convenient ratio (e.g., 80% samples for training, 20% for testing). Our 

training dataset was composed of earthquakes with origin times spanning five years and two 

months from August 1, 2013, to September 30, 2018, and earthquake magnitudes between M0.0 

and M8.3, containing 2,431,341 waveforms from 2,121 stations in the MLAAPDE dataset. The 

validation dataset was composed of earthquakes with origin times spanning one year and three 

months from October 1, 2018, to December 31, 2019, and earthquake magnitudes between M0.7 

and M8.0, containing 489,268 waveforms from 1,615 stations in the MLAAPDE dataset. The 

testing dataset was composed primarily of 324,365 MLAAPDE waveforms from 1,536 stations, 

with earthquake origin times spanning one year from January 1, 2020, to December 31, 2020, and 

earthquake magnitudes between M0.7 and M7.8. The full dataset contains a variety of different 

magnitude types, but the majority are either mb, ML, or Mww (refer to Cole et al., 2023, their Figure 

2, for the full list and distribution of magnitude types in MLAAPDE). We ensured that no 

earthquakes in the training dataset were in the validation or testing datasets to reduce leakage and 

the likelihood that the model would learn the earthquake magnitudes from the waveform similarity 

of a single event. The separation between validation and testing datasets was made to ensure that 

the final model would not be biased by the testing process, as the best model is chosen in training 

based on the lowest validation loss achieved.  

We also manually expanded the testing dataset beyond MLAAPDE in order to test the 

model on larger earthquakes, even though it was not trained on these events. MLAAPDE currently 

only draws from the most modern version of the PDE, which has been used since mid-2013. As a 
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result, the training dataset used in this study does not contain any earthquakes above M8.3, as this 

was the largest event that occurred between August 1, 2013, and September 30, 2018. To 

supplement the testing dataset, we used Obspy (Beyreuther et al., 2010) to download 13,151 

waveforms from the EarthScope Data Management Center (DMC) from an additional 78 

earthquakes >M7.5 from January 1, 2000, to July 31, 2013. This dataset includes several great 

earthquakes, such as the 2004 M9.1 Sumatra earthquake, 2010 M8.8 Maule earthquake, and 2011 

M9.1 Tōhoku earthquake. Waveforms for the earthquakes in this extended testing dataset came 

from 1,736 stations. 

In total, the full dataset was split to be approximately 75% training, 15% validation, and 

10% testing (Figure 4.S1, found in section 4.7 (Supplemental Figures)). Maps of the earthquakes 

and stations from which waveforms were drawn for this study can be found in Figure 4.1. 

 

4.2.2. Training Data Processing and Augmentation 

The speed at which an earthquake magnitude can be determined in a real-time environment 

depends on the arrival-time and telemetry delay of waveform data, the latency to load the 

waveform into monitoring applications, the window of waveform data required, and the speed of 

the magnitude calculation.  For this reason, it is important to find the minimum effective window 

for magnitude estimation. We tested our model across a range of 1 second to 114 seconds of 

waveform data. MLAAPDE stores waveforms at a length of 120 seconds (Figure 4.2a), which we 

shortened further in our data augmentation process (Figures 4.2b-f). 

Because MLAAPDE is a well-curated catalog of human-reviewed picks, we manually 

augmented the data to simulate the challenges of real-time processing, as we wanted our model to 

be resilient to issues that can manifest in seismic monitoring. Data augmentation involves 

synthetically expanding the number of samples in a dataset, as well as their variety, to prevent 

overfitting in machine learning models and improve generalization (Zhu et al., 2020). 
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Figure 4.1. Maps of the earthquakes and seismometers that recorded them used in this study. (a) 
The 189,475 earthquakes in the combined training, validation, and testing datasets from the 
MLAAPDE catalog with origin times from August 1, 2013, to December 31, 2020. (b) The 78 
earthquakes >M7.5 in the expanded historical testing dataset with origin times from January 1, 
2000, to July 31, 2013. (c) The 2422 stations from which waveforms were drawn for the 
MLAAPDE earthquake catalog shown in panel (a). (d) The 1,736 stations from which waveforms 
were drawn for the historical earthquake catalog shown in panel (b). These maps were constructed 
using PyGMT (Uieda et al., 2023). 
 
Figure 4.2 (next page). Timeseries plots demonstrating the different types of augmentation 
implemented in our data generator. (a) The original three-component 120-second waveforms 
loaded from the MLAAPDE dataset, stream-normalized with no instrument response removed. 
The black trace indicates the east-west component, the blue trace the north-south component, and 
the red trace the vertical component. The phase pick is in the center of the figure at 60 seconds. 
The center of the figure is indicated by the black dashed line.  (b) The same waveforms as in panel 
(a), cut down to a smaller window length (14 seconds in this example). (c) The same waveforms 
as in panel (b), but the window length has been cut down an additional 6 seconds to accommodate 
an applied random shift of the location of the phase pick by up to 3 seconds forward or backward. 
The center of the figure (which is no longer aligned with the phase pick) is still indicated by the 
black dashed line. (d) The same waveforms as in panel (c) with additional noise applied. For each 
point in the waveform, a value drawn from a normal distribution was added, with the standard 
deviation of each of those normal distributions being drawn from a uniform distribution between 
0.01 and 0.15. The amount of added noise is not consistent between components. (e) The same 
waveforms as in panel (c), but the east-west and north-south components (black and blue) have 
been switched with each other. (f) The same waveforms as in panel (c), but in this instance the 
north-south (blue) component has been “dropped” by zeroing-out the trace.  
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We built our data augmentation using a TensorFlow Keras Sequence data generator (Abadi 

et al., 2015) that prepared the arrays to be fed into the model for training. By implementing the 

augmentation “on the fly,” the data were shuffled and augmented differently with every training 

epoch, therefore increasing variability. 
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 We augmented the data from MLAAPDE in four different ways following methods tested 

in Zhu et al. (2020). We first implemented a random shift in the location of the phase pick so that 

it was no longer in the exact center of each waveform. The phase picks in MLAAPDE are all 

human-reviewed, and in many cases, repicked for accuracy. In real-time monitoring settings, phase 

picks are performed automatically, often using short-term average (STA) over long-term average 

(LTA) methods (Lee and Stewart, 1981). Automatic picks are often not as accurate as manual 

picks from analysts. Therefore, to allow our model to learn to estimate earthquake magnitudes on 

real-time data that may not have perfectly accurate phase arrival times, we implemented a random 

shift of up to 3 seconds (forward or backward) into each waveform from MLAAPDE (Figure 4.2c), 

which further shortened the window length by 6 seconds. This random shift was applied to all 

waveforms in the training, validation, and testing datasets. 

 Next, noise was added to some of the waveforms only in the training dataset. As the data 

generator looped through the waveforms, approximately 50 percent of the time, additional noise 

was introduced. For each point in the waveform, a value drawn from a normal distribution was 

added, with the standard deviation of each of those normal distributions being drawn from a 

uniform distribution between 0.01 and 0.15 (Figure 4.2d). Many of the waveforms in the 

MLAAPDE dataset already have low signal to noise ratios, so this augmentation simply increased 

the number of “different” waveforms that the model could learn about in training.  

The third augmentation involved swapping the two horizontal components approximately 

50 percent of the time in the training data (Figure 4.2e). This simulated potential station orientation 

issues and changed the source-station path, again introducing more data variety. 

The fourth and final augmentation dropped each channel approximately 5 percent of the 

time, with a limitation to prevent all three from being dropped simultaneously (in this case, the 

third or vertical channel was kept). An example of this is shown in Figure 4.2f. In a real-time 

setting, it is very possible that some instruments or channels may not be recording or transmitting 

data due to malfunctions or telemetry problems. Introducing dropped channels into the training 

data allowed for the machine learning model to be resilient to these issues when making magnitude 

estimations.  

In the training process, we used the same Adam optimizer (Kingma and Ba, 2015) as 

Mousavi and Beroza (2020b) as well as a mean squared error loss function, and we utilized the 

same early stopping and learning rate reduction to prevent overfitting and stop the training when 
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the loss rate plateaued. Training was repeated for each different window length of data, resulting 

in a total of 26 trained models. 

 

4.3. Results and Discussion 
4.3.1. Model Performance by Magnitude  

 After training, our machine learning model (which will be referred to as AIMag – 

“Artificial Intelligence Magnitude”) was used to make estimations on the previously unseen testing 

dataset. The testing process was, like the training, repeated with each of the datasets of different 

window length for a total of 26 iterations.  

Because most of the earthquakes in the dataset have observations from multiple stations, 

and AIMag makes magnitude estimations for individual stations, there are multiple estimated 

magnitudes for each earthquake in the catalog, and the statistics for these estimations can be more 

easily visualized using a boxplot plotting method. Results shown as boxplots are included for two 

selected iterations in Figure 4.3, where Figure 4.3a shows the results for the data with a shorter 

window length of 7 seconds, and Figure 4.3b shows the results for the longest window length of 

114 seconds.  

 

Figure 4.3 (next page). Boxplots plotted using Matplotlib (Hunter, 2007) showing the model’s 
estimated earthquake magnitudes for the testing dataset (both MLAAPDE and historical data) for 
two example time windows, with the catalog magnitude for the earthquakes on the x-axis, and the 
model’s estimated magnitudes for those same earthquakes on the left y-axis. An animation 
showing the boxplots for all time windows can be found in the supplemental files included with 
this dissertation as Video 4.S1. (a) Model magnitude estimations for data with a waveform window 
length of 7 seconds. (b) Model magnitude estimations for data with the longest tested waveform 
window length of 114 seconds. In each of these panels, the median magnitude estimation for each 
catalog magnitude bin on the x-axis is shown by the horizontal black line in the center of each light 
blue box. The lower and upper bounds of the light blue boxes indicate the first and third quartiles 
of the estimations in each bin, respectively, and the whiskers extend to 1.5 times the inter-quartile 
range. The individual points beyond the whiskers indicate outliers. The diagonal bold dashed gray 
line represents a one-to-one magnitude estimation line, with the lighter gray dashed lines above 
and below it +/- half a magnitude unit. The vertical blue dashed line indicates the magnitude of a 
theoretical earthquake whose source-time function (STF) would entirely fit within half of the 
window length for that particular plot, as the P-wave should arrive at approximately halfway 
through the window. Finally, the red histogram at the bottom of each panel shows the magnitude 
distribution for the testing dataset, with the testing data from the MLAAPDE dataset in the year 
2020 in dark red, and the historical testing dataset in light red. A scale for the counts for each of 
the histogram bins is shown on the right y-axis. 
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 The full set of figures for all window lengths can be found in the supplemental files 

included with this dissertation as Video 4.S1, along with all other videos that will be referenced in 

this chapter. As with the default waveforms, the phase arrivals are approximately in the center of 

these waveforms with the random shift, so approximately half of the window length of these 

waveforms are noise and half are signal. 

By examining the changes between Figures 4.3a and 4.3b, it is possible to observe that as 

the window length increases, the median estimated magnitudes and their corresponding blue boxes 

converge towards a one-to-one relationship with the catalog magnitudes, as indicated by the 

diagonal bold gray dashed line. The lighter gray dashed lines above and below the bold gray line 

show half a magnitude above and below the one-to-one relationship. 

At the longest window length of 114 seconds as shown in Figure 4.3b, the smallest 

earthquake magnitudes are overestimated by AIMag, and the largest earthquake magnitudes are 

underestimated. Some of this effect is likely attributable to limited data availability at the lowest 

and highest magnitudes, as shown in the histograms in each panel of Figure 4.3. The most 

populated magnitude bins in the catalog are around M2.5 and M4.5. This is because the NEIC’s 

PDE catalog publication criteria include earthquakes M2.5 and larger or felt in the United States 

(excluding California, which is published for M3.0 and larger), and M4.0 and larger or felt in the 

rest of the world, resulting in a catalog that is complete to about M4.5 globally. Therefore, fewer 

earthquakes <M2.5 are in the catalog, and naturally fewer high magnitude earthquakes are included 

because of the Gutenberg-Richter law (Gutenberg and Richter, 1949). This data paucity in training 

likely affects the model’s ability to accurately assess the magnitudes of the smallest and largest 

earthquakes. Where data are sparse, the model tends to hedge the magnitude estimates to be more 

toward the mean of the magnitudes in the dataset (4.4 for the training dataset, 4.2 for the validation 

dataset, and 4.3 for the testing dataset). For example, at the 1-second time window (Video 4.S1) 

the median estimated magnitudes are all close to 4.3. As the time window grows, the estimates 

shift to fall more along the one-to-one line, but they never move low enough for the magnitudes 

in the lowest ranges – likely due to the undersampling. 

Another feature of these plots is the vertical darker blue dashed line, which moves to the 

right as the window length increases from Figure 4.3a to 4.3b. This line indicates the magnitude 

of a theoretical earthquake for which the source-time function would entirely fit within half of the 

window length for that particular plot (i.e., the length of earthquake signal in the window). This 
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theoretical magnitude was calculated by dividing the window length by two and using that as the 

total rupture duration (𝜏@) in the following equation: 

𝑀2 =	𝜏@# × 0.625 × 10"#,      (4.1) 

where 𝑀2 gives the seismic moment in dyne-cm and 𝜏@ is the total rupture duration. Singh et al. 

(2000) gave a range of 0.25 × 10"# to 1.0 × 10"# dyne-cm/s3 for the value of 𝑀2/𝜏@# for shallow 

earthquakes, so the midpoint of this range was used for the approximation of earthquake moment 

in this study. Using that calculated 𝑀2, we then converted this to the moment magnitude 𝑀; 

following Kanamori (1977) using the following equation: 

𝑀;   =   "
#
log!2(𝑀2)   −  10.73,       (4.2) 

where 𝑀2 again gives the seismic moment in dyne-cm. This 𝑀; is what was plotted as the vertical 

dark blue dashed line in Figure 4.3. We expected that AIMag would be more accurately able to 

estimate the magnitude of an earthquake that can be entirely seen within the window of data 

provided (i.e., for which the magnitude bin is to the left of the blue dashed line), and that it would 

struggle with earthquakes larger than this (where the magnitude bin is to the right of the line). This 

effect can be seen most clearly in Video 4.S1, in which all tested time windows are shown.  

At the longest time window of 114 seconds (Figure 4.3b), the theoretical earthquake 

magnitude is ~8, and it is true that the earthquakes above this magnitude are underestimated by 

AIMag. However, some of the larger earthquakes still to the left of the line are also underestimated. 

In this higher magnitude range, the model is likely limited by the small number of waveforms from 

large magnitude earthquakes in the training dataset. The largest earthquake in the training dataset 

is M8.3, and the entire training dataset only contains 31 earthquakes M7.5 and greater for a total 

of 4,486 waveforms. Compared to the 170,553 training waveforms available for just M4.5 alone, 

for example, this is a very limited sample from which AIMag can learn. Future work could explore 

the possibility of including synthetic large magnitude earthquakes in the training dataset to 

improve the model’s exposure to these larger events during training. This could be achieved using 

codes such as FakeQuakes (Melgar et al., 2016), which is capable of generating synthetic 

teleseismic data. Another potential avenue for increasing the proportion of large earthquakes in 

the dataset would be to upsample the existing ones, as was done in Münchmeyer et al. (2021). We 

also explored the possibility of improving the performance of the models at the extreme ends of 

the magnitude scale by implementing weighting into the training based on the relative abundance 
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of samples in the dataset by magnitude. We split the dataset into bins by 0.5 magnitude intervals 

and defined the weight for each bin as 1 – (samples in bin divided by the total number of samples 

in the training dataset). This way, a magnitude bin with many samples would have a small weight 

in the training process, and a bin with few samples would have a large weight. These weights were 

then applied to the waveform samples as they were processed through the data generator in the 

training process. We found slight improvements for some time windows with this method (Video 

4.S2; Figure 4.S2), which indicates that for future work exploring a more sophisticated weighting 

scheme may lead to improved results. 

We included the historical catalog of larger earthquakes in the testing dataset to determine 

whether AIMag was capable of accurately estimating their magnitudes, despite not being trained 

on events >M8.3. Although the magnitudes are underestimated, the model can at least determine 

that they are greater than M7 in many cases at the longest window length of data, shown by the 

positions of the medians for those magnitude bins in Figure 4.3b. This result makes AIMag useful 

for flagging large magnitude earthquake detections in monitoring operations. 

Another potential reason that the highest magnitude earthquakes are underestimated by 

AIMag is because of the complications of magnitude saturation in seismic data. Magnitudes 

calculated using the P-waves in seismic waveforms tend to saturate at the high end of the scale 

(i.e., large earthquakes become indistinguishable from even larger ones). The relationship between 

log peak ground displacement and magnitude is linear for moderate magnitude earthquakes, but 

transitions to a scaling that is independent of magnitude at larger magnitudes (with this transition 

point moving to higher magnitudes as the data window length increases) (refer to Trugman et al, 

2019, their Figure 4). Additionally, traditional seismic data processing requires high pass filtering 

to remove baseline drift effects that appear when data are double integrated to displacement, and 

this filtering removes low frequency content that may change the relationship between measured 

displacement and earthquake magnitude (Colombelli et al., 2012). In this study, although we do 

not remove the instrument response, integrate, or filter any data before training AIMag on it, by 

virtue of the diversity of the NEIC’s contributor networks we are using a variety of different types 

of instruments, some of which likely have a smaller range of periods at which they have a flat 

response. This means that some longer period information may be suppressed, which could 

contribute to the model’s underestimations at high magnitudes. In future studies, performance 

could potentially be improved for large earthquakes by the use or inclusion of displacement data 
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as an input in the training process. Machine learning methods have previously been shown to be 

effective for real-time earthquake magnitude estimation using GNSS displacement data (e.g., Lin 

et al., 2021). 

Although this paper focuses on AIMag’s single-station magnitude estimation results, in 

operational practice, magnitudes are typically determined and reported by averaging the 

magnitudes calculated from many different stations. We calculated event-averaged magnitudes 

from the single-station results described previously (Video 4.S3) and observed that this approach 

had the expected effect of suppressing many of the outlier single-station magnitudes. This effect 

could also be seen when the standard deviations of the magnitude estimation errors for the event-

averaged magnitude method were compared to the standard deviations of the errors for the single-

station method (Figure 4.S3), as the standard deviations for the event-averaged magnitude method 

were lower.  

 

4.3.2. Model Performance by Waveform and Earthquake Characteristics 

We were interested in determining whether AIMag had any biases toward particular 

characteristics of earthquakes or waveforms. We analyzed the performance of the model by 

earthquake source depth, hypocentral distance (the distance between the hypocenter and the 

receiver station), and the signal to noise ratio (SNR) of the waveforms. For Figures 4.4, 4.5, and 

4.6 as discussed in the following section, we calculated the magnitude estimation error by 

subtracting the model’s estimated magnitude from the true catalog magnitude. 

In Figure 4.4, we plotted the magnitude estimation errors by the source depth of the 

earthquakes in the testing dataset. Only the plot for the 114-second window is shown, as the results 

do not change substantially across time windows for this parameter. The remaining plots can be 

seen in an animation in Video 4.S4. For this figure we have also plotted a histogram showing the 

distribution of earthquake source depths corresponding to the waveforms in the testing dataset. 

The very populous second bin is as such because it encompasses the 10-kilometer depth range, 

and 10 kilometers is the default depth assigned by the NEIC when a shallow earthquake’s depth 

cannot be precisely constrained. In general, Figure 4.4 shows that AIMag is not biased in its 

estimations by the depth of the source earthquake, with the median error for most catalog 

magnitude bins being near zero. It only shows more variability in error at the far end of the depth 
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range, as very few 650 kilometer and greater deep earthquakes are available either for training or 

testing. 

 

 
Figure 4.4. A boxplot showing the error in the magnitude estimation (estimated magnitude – 
catalog magnitude) made by the model on the left y-axis plotted against the source depth of the 
earthquake in kilometers on the x-axis, corresponding to each estimation for the 114-second time 
window. An animation showing the boxplots for all time windows can be found in the 
supplemental files included with this dissertation as Video 4.S4. The characteristics of the boxplot 
in this figure are the same as those for Figure 4.3, with the median magnitude estimation error for 
each earthquake source depth bin shown by the horizontal black line in the center of each light 
blue box. On the right y-axis, we have plotted a histogram showing the distribution of earthquake 
source depths corresponding to the waveforms in the testing dataset. The distribution of source 
depths in the MLAAPDE dataset is shown in dark red, with the distribution of source depths in the 
historical dataset stacked on top of those in light red. The transparency of the second (10 km) 
source depth histogram bin was reduced to ease visualization of the overlaid boxplot data. 
 

We next looked at the magnitude estimation error by the hypocentral distance for each 

waveform. These results can be found in Figure 4.5, in which boxplots for the 7-second window 

(Figure 4.5a) and 114-second window (Figure 4.5b) are shown. The remaining plots for all other 

time windows can be seen in the animation in Video 4.S5. We have also plotted in these panels a 

logarithmic histogram showing the distribution of hypocentral distances corresponding to the 
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waveforms in the testing dataset. The MLAAPDE dataset only contains waveforms with maximum 

hypocentral distances of ~100 degrees (or ~11,110 kilometers), so the only waveforms with further 

hypocentral distances come from the historical dataset. This is why we elected to use a logarithmic 

histogram for this plot – the relatively smaller size of the historical dataset made the histogram 

bars nearly disappear with a non-logarithmic plot. 

In comparing Figure 4.5a to 4.5b across the time window range, we observe that the main 

difference in performance is with the far hypocentral distances greater than 10,000 kilometers 

where only the historical data exist. In Figure 4.5a with a 7-second window, AIMag greatly 

underestimates the magnitudes of the earthquakes in the waveforms with large hypocentral 

distances, and in Figure 4.5b at the 114-second window length, the performance is improved 

(although still underestimated). We would expect AIMag to perform poorly at these far distances 

because the training dataset includes no waveforms with hypocentral distances over ~11,110 

kilometers, and because only a small portion of the P-wave will exist in waveforms with such large 

hypocentral distances. Of note, however, the model with a longer window length of data was able 

to estimate the magnitudes more closely, and it performs better at the very longest distance range 

of 16,000 kilometers and greater compared to a more intermediate range of 11,000-16,000 

kilometers. From Figure 4.5 we can generally conclude that AIMag, when tested with data with a 

similar hypocentral distance range to that on which it was trained, is not substantially biased by 

hypocentral distance. We therefore recommend using this model as currently trained only for 

hypocentral distances of ~100 degrees or less. 
 

 
Figure 4.5 (next page). Boxplots for (a) the 7-second window and (b) the 114-second window 
showing the error in the magnitude estimation (estimated magnitude – catalog magnitude) made 
by the model on the left y-axis plotted against the hypocentral distance in kilometers on the x-axis 
corresponding to each estimation. An animation showing the boxplots for all time windows can be 
found in the supplemental files included with this dissertation as Video 4.S5. The characteristics 
of the boxplot in this figure are the same as those for Figures 4.3 and 4.4, with the median 
magnitude estimation error for each hypocentral distance bin shown by the horizontal black line 
in the center of each light blue box. On the right y-axis, we have plotted a logarithmic histogram 
showing the distribution of hypocentral distances corresponding to the waveforms in the testing 
dataset. The distribution of hypocentral distances in the MLAAPDE dataset is shown in dark red, 
with the distribution of hypocentral distances in the historical dataset stacked on top of those in 
light red. The MLAAPDE dataset in the format used in this study only contains waveforms with 
hypocentral distances of ~100 degrees or less, so the only waveforms with further hypocentral 
distances come from the historical dataset. 
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Finally, we examined the performance of AIMag by the SNR in deciBels (dB) of the 

waveform. We calculated waveform SNRs for the MLAAPDE and historical datasets according 

to the following formula: 

𝑆𝑁𝑅&A = 20	 × 	𝑙𝑜𝑔!2 Y
-()*
B()*

Z,     (4.3) 

where 𝑆3C- is the root mean square of the earthquake signal time series from the P-wave arrival 

to 30 seconds after, and 𝑁3C- is the root mean square of the background noise from 60 seconds 

before the P-wave arrival up until 1 second before its arrival (for a total of 59 seconds of noise).  

 Figure 4.6 shows boxplots for the magnitude estimation error plotted against the waveform 

SNR corresponding to each estimation for the 7-second window (Figure 4.6a) and the 114-second 

window (Figure 4.6b). The remaining plots for all other time windows can be seen in the animation 

in Video 4.S6. We have again also included a logarithmic histogram showing the distribution of 

SNRs corresponding to the waveforms in the testing dataset. We observe that at the full waveform 

window length of 114 seconds in Figure 4.6b, the median errors have converged around zero, 

indicating that there is not a bias in AIMag’s performance by SNR. However, with the 7-second 

window in Figure 4.6a, the model has more spread in the estimations and appears to underestimate 

the magnitudes of waveforms with a SNR above ~10 dB, but it performs better below this range.  

  

 

 

 

 

 
Figure 4.6 (next page). Boxplots for (a) the 7-second window and (b) the 114-second window 
showing the error in the magnitude estimation (estimated magnitude – catalog magnitude) made 
by the model on the left y-axis plotted against the waveform signal to noise ratio (SNR) in decibels 
(dB) on the x-axis corresponding to each estimation. An animation showing the boxplots for all 
time windows can be found in the supplemental files included with this dissertation as Video 4.S6. 
The characteristics of the boxplot in this figure are the same as those for Figures 4.3, 4.4, and 4.5, 
with the median magnitude estimation error for each SNR bin shown by the horizontal black line 
in the center of each light blue box. On the right y-axis, we have plotted a logarithmic histogram 
showing the distribution of SNRs corresponding to the waveforms in the testing dataset. The 
distribution of SNRs in the MLAAPDE dataset is shown in dark red, with the distribution of SNRs 
in the historical dataset stacked on top of those in light red. 
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This range of underestimations aligns with where the historical data are present in greatest 

number, as seen in the histogram in Figure 4.6a. To verify that the data type was causing this bias 

above ~10 dB, we plotted the magnitude error versus SNR for the MLAAPDE and historical 

testing waveform datasets separately (Figure 4.S4). This showed that the underestimations seen in 

Figure 4.6 came primarily from the historical waveforms, as the MLAAPDE waveforms have 

median estimation errors of around zero even at 1-second window lengths. It is therefore likely 

that some properties of the historical waveforms that were not present in the MLAAPDE 

waveforms led to the magnitude underestimations by AIMag at short time windows, as the model 

was not trained on these types of waveforms. In Figure 4.6a at the short 7-second time window, 

the model appears to perform better below the ~10 dB range because there are many more 

MLAAPDE data samples in those bins, and the MLAAPDE data magnitudes do not tend to be 

underestimated by AIMag (Figure 4.S4b). In the higher SNR bins where underestimation occurs, 

a larger proportion of the samples come from the historical data that were not included in the 

training dataset. At longer time windows (Figure 4.6b), this gap closes, as the magnitude errors 

are lower for the historical data than at shorter time windows (Figure 4.S4c). However, AIMag 

still underestimates the magnitudes of earthquakes from the historical testing dataset from 

waveforms with lower SNRs, even at the longest 114-second time window. 

 

4.3.3. Model Performance by Window Length 

To assess the performance of AIMag by window length, for each time window we 

calculated the error (estimated magnitude – catalog magnitude) for each model estimation, 

followed by the median and standard deviation of those errors. We then plotted the median and 

standard deviation of the errors for each time window (Figure 4.7). Generally, the median error is 

close to zero across the entire range of tested time windows, but the standard deviation of the errors 

tends to decrease from a maximum of 1.18 at the 1-second time window to a minimum of 0.55 at 

the 114-second time window. The standard deviation decreases most quickly at the smaller time 

windows through 14 seconds, and decreases more slowly after that. 

 



 

128 
 

 

 
Figure 4.7. The median and standard deviation of the model’s estimation error on the testing 
dataset (estimated magnitude – catalog magnitude) plotted for each of the tested time windows. 
The black dots show the median error for each time window, and the red bars extend to one 
standard deviation above the median and one standard deviation below. 
 

As the potential utility of this study is for real-time earthquake analysis, we were interested 

in investigating the tradeoff between estimation accuracy and speed. The estimation speed will be 

limited by how long of a waveform AIMag needs to make the estimation, which is why we iterated 

our training and testing over a range of time windows. To assess this tradeoff, we took a closer 

look at the estimation errors within each time window using the median (50th percentile) estimated 

magnitude from the boxplots for each time window as shown in Figure 4.3 and Video 4.S1. 

Because AIMag’s performance varies greatly based on earthquake magnitude and our interest is 

primarily on larger events, we assessed the quality of our models by disaggregating their 

performance by event magnitude. We set our estimation error tolerance to 0.5 (i.e., if AIMag’s 

median estimation for a particular catalog magnitude bin is within 0.5 of the correct catalog 

magnitude, we call this an acceptable estimation. We could then plot the median errors across 

every time window to determine what the acceptable estimation range was for each time window. 

Figure 4.8 shows that by the time the window length reaches 29 seconds, the high magnitude range 
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by which we can achieve an acceptable estimation error performance is already essentially 

maximized, with limited improvements above this window. For the 29-second window, magnitude 

estimate median errors are acceptable between M2.7 and M7.6, excluding M7.5 where the errors 

are slightly too high. For the longest 114-second window, magnitude estimate median errors are 

acceptable between M2.3 and M7.6, also excluding M7.5 for the same reason.  

 

 
Figure 4.8. Plot showing the absolute error of the median of the estimations made by the model 
for each catalog magnitude bin (abs(median_Mestimated – Mcatalog)) across the range of window 
lengths tested (1 to 114 seconds) for the testing dataset. The catalog magnitude is on the x-axis 
and the waveform window lengths are on the y-axis. The color spectrum shows the absolute error, 
with lighter colors indicating a smaller error and darker colors indicating a larger error. White gaps 
indicate magnitudes for which there were no earthquakes in the testing dataset. The black line is 
the contour of an absolute error of 0.5 magnitude units. 

 

We also calculated and plotted the absolute magnitude estimation errors for the 95th 

percentile of the data (Figure 4.S5) and found that the range over which the absolute error was less 

than or equal to 0.5 magnitude units extends from M4.4 to M8.6 for the 114-second window. For 
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the 29-second window discussed in the previous paragraph, the 95th percentile absolute error is 

less than or equal to 0.5 for the magnitude range M4.4-M8.3, excluding M8.2 where the errors are 

slightly too high. Using the 95th percentile to choose our acceptable performance range instead of 

the median (50th percentile) would exclude the data below M4.4, as they tend to be overestimated 

more often. However, it would also result in including the ~M7.5-M8.6 data that we know tend to 

be underestimated. Which metric to use for determining an acceptable operating magnitude range 

over which to implement this model is likely best left as a user choice based on the monitoring 

goal. 

As discussed in the Model Performance by Magnitude section, AIMag tends to 

underestimate the magnitudes of large earthquakes, likely primarily due to the short time windows 

we use. Traditionally, the magnitudes of large earthquakes are characterized with long-period 

observations. The W-phase is particularly important – it is a long-period (~100-1000 second) phase 

that arrives in displacement seismograms between the P- and S-waves and represents a 

superposition of other body-wave phases (Kanamori, 1993; Kanamori and Rivera, 2008). W-phase 

moment magnitudes (Mww) provide accurate measures of earthquake size that work for moderate 

(Hayes et al., 2009) as well as great earthquakes (e.g., the 2011 Tōhoku earthquake as 

demonstrated in Duputel et al., 2011). Mww can be calculated relatively rapidly and is the preferred 

magnitude used by the NEIC.  

In this study, we used raw waveforms (stream-normalized in units of counts) rather than 

displacement waveforms and window lengths only up to 114 seconds (only half of which contains 

earthquake signal). The W-phase is therefore not fully captured in the observations because it will 

not have arrived in its entirety yet. It is possible that training and testing with longer waveforms 

that include the S-wave (and therefore the entire W-phase) or data scaling that enhances long 

period data would improve AIMag’s performance on large earthquakes. The drawback of that 

approach would be an increase in the complexity of data pre-processing and potentially the amount 

of time required to obtain a good magnitude estimate. For comparison, how fast Mww can be 

calculated depends on earthquake location and station density, and in a best-case scenario the 

NEIC can calculate Mww in as few as ~7 minutes and typically within about 20 minutes (Hayes et 

al., 2009). This is much longer than the 29-second time window beyond which we saw limited 

returns in this study (Figure 4.8). Although that 29 seconds does not account for the time it takes 
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for the signal to be picked up by the seismometer, as ours is a single-station method, the additional 

delay time only depends on the travel time to the single closest station to the hypocenter.  

A closer analog to our magnitude estimation method is likely that of the broadband P-wave 

moment magnitude (Mwp). Similar to our model, Mwp only relies on the P-waves from earthquakes, 

but like Mww it is also an inversion method that takes integrated displacement waveforms. It 

performs well on as little as 120 seconds of waveform data, but it is of limited use for earthquakes 

smaller than ~M5.5 when long period signals are weaker and SNR is low, as it may overestimate 

the magnitude (Tsuboi et al., 1999). Additionally, when data are used from seismometers that are 

less sensitive to longer periods, the Mwp method underestimates the magnitudes of large 

earthquakes (~M8 and greater). It is also less reliable for data from stations in the near field because 

the method was based on far field P-waveform displacement, and this leads to underestimations of 

the earthquake magnitude (Hirshorn et al., 2013). 

We have shown that although the magnitudes of larger earthquakes may be underestimated 

by AIMag, similar to the Mwp method, our model can still tell that they are large (Figure 4.3). 

Additionally, it also works for much smaller magnitude earthquakes than Mwp (Figure 4.3), 

performs well in the near field (Figure 4.5b), and can provide estimates more quickly than Mww. 

AIMag can feasibly be useful for flagging earthquakes that a monitoring agency would be 

concerned are large and potentially tsunamigenic within a much shorter time window than is 

currently possible with the Mww inversion method and without some of the drawbacks of the Mwp 

method.  

 

4.3.4. Model Performance on Edge Cases 

 With a model designed to generalize across the globe, we wanted to check AIMag’s 

performance for specific earthquakes with several unusual characteristics. We browsed the testing 

data catalog for more atypical earthquakes, both from the historical data recorded between 2000 

and 2013 and the MLAAPDE data recorded in the year 2020, and hand-picked seven events to 

examine more closely.  

This group of seven included two tsunami earthquakes, which are earthquakes that produce 

tsunamis that are much larger than expected based on their magnitude (Kanamori, 1972). They are 

typically depleted in high frequency seismic radiation, and likely rupture all the way to the trench 

at slow rupture velocities (Lay et al., 2012).  The two earthquakes we tested were the M7.7 2006 
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Pangandaran earthquake off the coast of Java, Indonesia (Ammon et al., 2006) and the M7.8 2010 

Mentawai earthquake off the coast of Sumatra, Indonesia (Yue et al., 2014). We also looked at 

three unusually deep earthquakes, as most of the waveforms come from shallow events as seen in 

the histogram in Figure 4.4. These were a 598-kilometer-deep M8.3, a 624-kilometer-deep M6.9, 

and a 641-kilometer-deep M7.5 earthquake. The final two earthquakes in the group of seven were 

unusually “complex” events to determine how the model could handle this. We chose the M8.6 

2012 Wharton Basin earthquake off the coast of Sumatra, which is the largest strike-slip 

earthquake ever recorded and ruptured multiple faults (Meng et al., 2012; Yue et al., 2012), and 

the M7.6 2020 Sand Point earthquake on the Aleutian Subduction Zone, which generated an 

unusually large tsunami for the reported strike-slip mechanism of the event (Herman and Furlong, 

2021; Santellanes et al., 2022). 

We again produced a boxplot of AIMag’s estimated earthquake magnitudes versus the 

catalog magnitudes for the testing dataset for the 114-second window (Figure 4.9), but in this 

figure we plotted the seven selected edge case earthquakes in light red and all other earthquakes 

in light blue. All of the estimations for these edge case events, with the exception of the 641-

kilometer-deep event (marked B in Figure 4.9), fall within the typical range of estimations for the 

other earthquakes in the dataset for their respective magnitude bins, indicating that in many cases 

the model performs well even with unusual earthquakes.  

The underestimated 641-kilometer-deep M7.5 (B) is one of a series of three deep 

earthquakes that occurred west of the Philippines on July 23, 2010 (Hayes et al., 2017). With 

magnitudes of M7.3, M7.5, and M7.6, the first of this series was not included in the expanded 

historical testing dataset because we only downloaded data for earthquakes M7.5 and greater. To 

explore why AIMag may have underestimated the magnitude of the 641-kilometer-deep event, we 

also pulled out and plotted the estimations made for the M7.6 earthquake that occurred at a depth 

of 578 kilometers in this same area. These two earthquakes can be seen in Figure 4.S6. Although 

the M7.6 is not underestimated as much as the M7.5, it is still underestimated compared to the 

other edge cases visualized in Figure 4.9. This suggests that the underestimation for these specific 

events could be related to the tectonic setting in this area, or potentially other spatial effects such 

as the geometry of the seismic stations that recorded the waveforms from these events. 
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Figure 4.9. Plot of the model’s estimated earthquake magnitudes for the testing dataset (both 
MLAAPDE data and historical) for the 114-second window (similar to Figure 4.3b), with the 
catalog magnitude for the earthquakes on the x-axis, and the model’s estimated magnitudes for 
those same earthquakes on the left y-axis. The seven selected edge case earthquakes as described 
in the body of the paper are shown in light red, whereas all other earthquakes are plotted in light 
blue. The earthquake marked A on the plot is the 624-kilometer-deep event, B is the 641-kilometer-
deep event, C is the Sand Point complex earthquake, D is the Pangandaran tsunami earthquake, E 
is the Mentawai tsunami earthquake, F is the 598-kilometer-deep event, and G is the Wharton 
Basin complex earthquake. 
 

4.4. Conclusions 
 In this study, we trained a machine learning model for global single-station earthquake 

magnitude estimation based solely on the recorded waveform and requiring no additional 

information about the event or station involved. We demonstrate here the effectiveness and utility 

of the MLAAPDE dataset described in Cole et al. (2023), which was designed to make the USGS 

NEIC’s PDE catalog more easily accessible for machine learning research. Our training process 

implements data augmentation to improve and generalize model performance. 
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 At its best, our model, AIMag, can successfully determine earthquake magnitudes with an 

absolute error margin in median estimated magnitude of 0.5 magnitude units or less for a range of 

earthquake magnitudes from M2.3 to M7.6. It can achieve success across this magnitude range 

with a minimum window length of 29 seconds of data (with the phase arrival at halfway through 

this window). AIMag is not biased in its magnitude estimations by either earthquake source depth, 

hypocentral distance, or waveform signal to noise ratio, and it also performs well on most tested 

“edge case” earthquakes that are unique in one aspect or another (e.g., tsunami earthquakes, deep 

earthquakes, and complex ruptures). 

 AIMag can aid near real-time global earthquake monitoring operations by quickly and 

accurately assessing the magnitudes of earthquake recordings by avoiding reliance on earthquake 

location. Future work may include testing the performance of this model within the NEIC’s real-

time monitoring system and expanding its capability to handle variable-length input data in real-

time, as well as combining it with other work on a machine-learning-based pick association method 

in development at the NEIC.  

 

4.5. Data and Resources 
Supplemental Material for this chapter contains 6 figures as well as 6 multi-frame figure 

animations to provide extra information about the datasets used in training and testing, as well as 

additional testing results for all time windows as described in this manuscript. 

The codes used to train and test the models and construct the figures described in this 

manuscript are available at https://github.com/UO-Geophysics/AIMag. As of the time of 

publication, this repository was last updated in December 2023. The MLAAPDE module used in 

this work is available in Cole and Yeck (2022). 

The facilities of EarthScope Consortium were used for access to waveforms, related 

metadata, and/or derived products used in this study. These services are funded through the 

Seismological Facility for the Advancement of Geoscience (SAGE) Award of the National Science 

Foundation under Cooperative Support Agreement EAR-1851048. 

We make use of data from the following networks: AC, AE, AF, AG, AI, AK, AT, AU, 

AV, AY, AZ, BC, BE, BK, BL, BX, C, C0, C1, CA, CC, CH, CI, CM, CN, CO, CW, CY, CZ, 

DK, DR, EC, EO, EP, ET, G, GB, GE, GM, GO, GR, GS, GT, HK, HL, HT, HV, IE, II, IM, IN, 

IO, IU, JP, KC, KG, KN, KO, KR, KS, KY, KZ, LB, LD, LO, LX, MB, MG, MI, MM, MN, MP, 

https://github.com/UO-Geophysics/AIMag
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MU, MX, MY, N4, NA, NC, NI, NM, NN, NP, NQ, NU, NV, NY, NZ, O2, OE, OH, OK, OO, 

OV, OX, PA, PE, PL, PM, PO, PR, PS, PT, RM, RO, RV, SB, SC, SE, SN, SS, SV, TA, TC, TJ, 

TM, TW, TX, UO, US, UU, UW, VU, WC, WI, WM, WU, WY, YX, ZC, ZD, and ZW. We 

appreciate the hard work of the engineers and network operators who make this data available in 

near real-time. We have included the International Federation of Digital Seismograph Network 

(FDSN) references in the Appendix. 

Any use of trade, firm, or product names is for descriptive purposes only and does not 

imply endorsement by the U.S. Government. 
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4.7. Supplemental Figures 
 

 
Figure 4.S1. Logarithmic histograms showing the distributions of magnitudes associated with the 
MLAAPDE waveforms selected in the (a) training (dark blue), (b) validation (light blue), and (c) 
testing (dark red) datasets. Panel (c) includes the expanded historical testing data from 2000 to 
mid-2013 (light red) that is not from the MLAAPDE dataset. 
 
 
 
Figure 4.S2 (next page). (a) The median and standard deviation of the model’s estimation error 
on the testing dataset (estimated magnitude – catalog magnitude) plotted for each of the tested time 
windows. The black dots show the median error for each time window for the original training 
scheme described in the manuscript, with the corresponding red bars extending to one standard 
deviation above the median and one standard deviation below. The blue triangles show the median 
error for each time window for the weighted training scheme, with the corresponding blue bars 
extending to one standard deviation above the median and one standard deviation below. (b) Figure 
4.8 from the manuscript, which has the results for the original training scheme described in the 
manuscript shown only for comparison to (c). (c) Analogous to (b)/Figure 4.8 for the weighted 
training scheme – a plot showing the absolute error of the median of the estimations made by the 
weighted training model for each catalog magnitude bin (absolute value of (median estimated 
magnitude – catalog magnitude)) across the range of window lengths tested (1 to 114 seconds) for 
the testing dataset. The catalog magnitude is on the x-axis, and the waveform window lengths are 
on the y-axis. The color spectrum shows the absolute error, with lighter colors indicating a smaller 
error and darker colors indicating a larger error. White gaps indicate magnitudes for which there 
were no earthquakes in the testing dataset. The black line is the contour of an absolute error of 0.5 
magnitude units. 
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Figure 4.S3. The standard deviation of the model’s estimation error on the testing dataset 
(estimated magnitude – catalog magnitude) plotted for each of the tested time windows for the 
single-station method (blue) and the event-averaged method (red). 
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Figure 4.S4. Boxplots showing the error in the magnitude estimation (estimated magnitude – 
catalog magnitude) made by the model on the y-axis plotted against the waveform signal to noise 
ratio (SNR) in deciBels (dB) on the x-axis corresponding to each estimation. In each of these 
panels, the median magnitude estimation error for each SNR bin on the x-axis is shown by the 
horizontal black line in the center of each light blue box. The lower and upper bounds of the light 
blue boxes indicate the first and third quartiles of the estimations in each bin, respectively, and the 
whiskers extend to 1.5 times the inter-quartile range. The individual points beyond the whiskers 
indicate outliers. The panels show the magnitude error estimations for (a) the 1-second window 
for the historical testing dataset only in light red (medians in black), (b) the 1-second window for 
the MLAAPDE testing dataset only in dark red (medians in light blue), (c) the 114-second window 
for the historical testing dataset only in light red (medians in black), and (d) the 114-second 
window for the MLAAPDE testing dataset only in dark red (medians in light blue). 
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Figure 4.S5. Plot showing the absolute error of the 95th percentile of the estimations made by the 
model for each catalog magnitude bin (absolute value of (95th percentile estimated magnitude – 
catalog magnitude)) across the range of window lengths tested (1 to 114 seconds) for the testing 
dataset. The catalog magnitude is on the x-axis, and the waveform window lengths are on the y-
axis. The color spectrum shows the absolute error, with lighter colors indicating a smaller error 
and darker colors indicating a larger error. White gaps indicate magnitudes for which there were 
no earthquakes in the testing dataset. The black line is the contour of an absolute error of 0.5 
magnitude units. 



 

141 
 

 

 
 
Figure 4.S6. Plot of the model’s estimated earthquake magnitudes for the testing dataset (both 
MLAAPDE and historical data) for the 114-second window (similar to Figure 4.3c), with the 
catalog magnitude for the earthquakes on the x-axis, and the model’s estimated magnitudes for 
those same earthquakes on the left y-axis. The two selected edge case earthquakes are shown in 
light red, whereas all other earthquakes are plotted in light blue. The earthquake marked X on the 
plot is the M7.5 641-kilometer-deep event, and Y is the M7.6 578-kilometer-deep event in the 
same series of three deep earthquakes in the Philippines on July 23, 2010 (Hayes et al., 2017). 
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CHAPTER V 

 

CONCLUSIONS AND FUTURE DIRECTIONS 

 
 In this dissertation, I have presented work addressing several opportunities we found in the 

realm of earthquake early warning and rapid response for improvements to be made and knowledge 

to be gained using geodetic instrumentation and machine learning.  

 In Chapter II, we focused on the basic science question of how earthquakes begin using 

borehole strainmeters. I explained the ongoing debate about whether strong determinism exists 

and how soon small and large earthquakes can be distinguished from one another, which crucially 

affects our ability to estimate their magnitudes in real-time for early warning applications. 

Although there are far fewer strainmeters in use around the world than seismometers or GNSS 

stations, we used data from earthquakes M6 or greater in North America, Taiwan, and Japan to 

explore whether strong determinism was visible in peak strain data, ultimately concluding that we 

did not observe it. We generated synthetic earthquake strain waveforms using SW4 for earthquakes 

that we designed to be deterministic and did observe characteristics of strong determinism in that 

data, suggesting that if it did exist in the real data, our analysis should have revealed it. However, 

there are several ways in which this work should be expanded to confirm the conclusion that we 

reached. Earthquakes smaller than M6 should be analyzed as well, along with additional events 

from outside of North America if possible. Furthermore, there are still some unexplained features 

in the peak strain waveforms that warrant more investigation. In particular, future work should be 

undertaken to discover what may be causing the station-to-station variability in the exact pattern 

of the peak strain growth for the same earthquakes. Looking into the relationship between the 

earthquake radiation patterns in strain and these features of the peak strain waveforms would be a 

worthwhile first approach to this issue.   

 In Chapter III, I covered the development of a machine learning model trained to detect 

and identify the timing of P-wave arrivals in noisy real-time GNSS data. We were motivated by 

the need to incorporate GNSS data into earthquake early warning systems in order to accurately 

determine the magnitudes of the largest earthquakes quickly, with the challenge being that GNSS 

data is very noisy, and including noisy data in a magnitude determination algorithm may degrade 
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that algorithm’s performance. We trained a model using synthetic displacement waveforms 

combined with real noise, and found that for both additional synthetic data and real data, our model 

performed well as a “filter” to remove waveforms where P-wave arrivals were not detected from 

inclusion in an event-average PGD magnitude estimation algorithm, decreasing the error in the 

estimations. However, as a pure “detector” of earthquakes we found that the model’s performance 

in terms of true negative/positive and false negative/positive outcomes strongly depended on the 

choice of confidence threshold used for analysis, and the model also tended to perform best for the 

largest earthquakes where waveforms had large displacements and high signal to noise ratios. For 

the real data in particular, there was a lot of spread in the model’s predictions of the P-wave arrival 

times in the waveforms. This was likely due in part to the heavily skewed real testing dataset, as 

many more of the waveforms contained only noise than actual earthquakes, and we also had very 

few large earthquakes in the dataset (which the model did perform better on).  

 The incorporation of GNSS data into ShakeAlert with the GFAST algorithm has taken 

many years to accomplish, and any additional improvements would also require extensive testing 

to prove that they are reliable and accurate enough to use. While we demonstrated that our model 

has the potential to improve the magnitude estimates made by GFAST, it would require significant 

reconfiguration to operate in real-time, and it should also be trained and tested with more GNSS 

data from other regions. Other machine learning models trained using GNSS data also show 

promise toward improving how our early warning systems work for large earthquakes. For 

example, Thomas et al. (2023) trained a model to denoise GNSS data, and Lin et al. (2021, 2023) 

developed a model that can make real-time predictions of earthquake source parameters and 

shaking intensity. With a combination of these models and ours as presented in Chapter III, one 

can envision a GNSS-based earthquake early warning system which denoises data, detects 

earthquakes, and then uses this higher-quality denoised data where seismic wave arrivals are 

detected to more accurately forecast shaking and issue alerts – potentially without requiring the 

involvement of seismic data at all. 

 Finally, in Chapter IV I expanded the scope of this dissertation from regional earthquake 

early warning to global rapid earthquake analysis. The USGS’s NEIC must process and publish 

information about earthquakes worldwide across many tectonic settings, and as a result 

determining the magnitude of such a wide variety of earthquakes can be complex and involve 

many different types of magnitudes. Motivated by the vast availability of historical data published 
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by the NEIC, we employed machine learning again to develop a model which could estimate 

earthquake magnitudes uniformly regardless of the location of an earthquake, and independently 

from station to station. Though the model tended to underestimate the magnitudes of the largest 

earthquakes, as expected from the magnitude saturation phenomenon in seismic data and the 

relative lack of large earthquakes in the training dataset, we showed that the model was accurate 

with a median estimated magnitude error of 0.5 magnitude units or less for earthquakes from M2.3 

to M7.6. This kind of model could help to streamline real-time global earthquake monitoring 

operations; however, like the GNSS detection model presented in Chapter III, in future work it 

would need to be reconfigured to operate in real-time and evaluate its performance within the 

NEIC’s monitoring system.  

  In this dissertation I have endeavored to demonstrate the potential benefits of continuing 

to expand what types of data and methods we use for rapid earthquake analysis. They have the 

ability to improve the systems that we rely on to evaluate the hazards associated with earthquakes 

as they occur, and the quicker and more accurate these systems are, the more effective they will 

be for risk mitigation to ensure that life and property can be protected.  
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