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Abstract

With the rapid growth of seismic data volumes, traditional automated processing meth-
ods, which have been in use for decades, face increasing challenges in handling these data,
especially in noisy environments. Deep learning (DL) methods, due to their ability to han-
dle large datasets and perform well in complex scenarios, offer promising solutions to these
challenges. When I started my Ph.D. degree, although a sizeable number of researchers
were beginning to explore the application of deep learning in seismology, almost no one
was involved in the development of much-needed automated data annotation tools and
deep learning training platforms for this field. In other rapidly evolving fields of artificial
intelligence, such automated tools and platforms are often a prerequisite and critical to
advancing the development of deep learning. Motivated by this gap, my Ph.D. research
focuses on creating these essential tools and conducting critical investigations in the field
of earthquake detection and phase picking using DL methods. The first research chap-
ter introduces QuakeLabeler, an open-source Python toolbox that facilitates the efficient
creation and management of seismic training datasets. This tool aims to address the la-
borious process of producing training labels in the vast amount of seismic data available
today. Building on this foundational tool, the second research chapter presents Blockly
Earthquake Transformer (BET), a deep learning platform that provides an interactive dash-
board for efficient customization of deep learning phase pickers. BET aims to optimize the
performance of seismic event detection and phase picking by allowing easy customization
of model parameters and providing extensions for transfer learning and fine-tuning. The
third and final research chapter investigates the performance of DL pickers by examining
the effect of training data size and deployment settings on phase picking accuracy. This
investigation provides insight into the optimal size of training datasets, the suitability of
DL pickers for new target regions, and the impact of various factors on training and on
model performance. Through the development of these tools and investigations, this the-
sis contributes to the application of DL in seismology, paving the way for more efficient
seismic data processing, customizable model creation, and a better understanding of DL
model performance in earthquake detection and phase-picking tasks.
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Chapter 1

Introduction

1.1 Deep Learning: A Game Changer in Diverse Fields

In recent years, deep learning has rapidly grown and to become a game-changer in many
fields of science and technology, such as image and speech recognition ( , ;
, ), natural language processing ( : ), and computer vi-
sion ( , ). The advancements in hardware and software have
enabled deep learning algorithms to process and analyze large amounts of data, leading
to breakthroughs in many industries. For instance, in healthcare, deep learning is being
used to analyze medical images and improve diagnostic accuracy ( , ). In
finance, it is being used to detect fraudulent transactions and predict stock prices (
, ). In transportation, it is being used to develop self-driving cars and improve
traffic flow ( ) ). Deep learning has drastically transformed how we
live and work.

Although a plethora of impressive models have been proposed recently, one cannot
overlook the fact that the application of deep learning in seismology is still in its infancy
( , ). It is thus appropriate at the beginning of this thesis to
present some exceptional applications of deep learning in various disciplines outside the
geosciences. Examining the progress and successes of deep learning in other rapidly evolv-
ing fields can provide valuable insights for seismologists looking to make further progress.
For example, PhaseNet, a U-net structure originally applied to biomedical image segmen-

tation tasks, has been repurposed for earthquake detection ( , ). The
U-network is capable of accurately identifying seismic phase arrivals within continuous
seismic recordings, analogous to cell boundaries in biomedical images ( , ).
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Similar anology has paved the way for the introduction of numerous deep learning solu-
tions in seismology ( , ). Therefore, it is beneficial to understand the
most common deep learning models in other fields, as they may hold the potential to
provide meaningful insights for the seismological community.

The following are some of the most significant projects in the field of deep learning:

1. AlphaGo: Developed by Google DeepMind, AlphaGo is a deep learning model that
notably defeated human world champions at the strategic board game Go (

, ). Known to be more complex than games like chess, Go posed a signif-
icant challenge to computer algorithms. AlphaGo uses a combination of two deep
neural networks, the “policy network” and the “value network,” to strategize its
moves ( , ). These networks are trained using a dataset consisting of
thousands of expert human Go games, as well as data generated by the networks
playing against each other. The AlphaGo model represents a major breakthrough
in artificial intelligence, demonstrating the power of deep learning algorithms for
complex and strategic tasks.

2. DeepFace: Facebook’s DeepFace is a deep learning model capable of recognizing
human faces in images with near-human accuracy ( , ). The model
uses a convolutional neural network (CNN) architecture trained on a large dataset
of faces. Achieving an impressive accuracy of 97.35% on the LFW (Labeled Faces in
the Wild) dataset ( , ), DeepFace has been widely used in various
computer vision tasks, such as face recognition in mobile applications ( ,

).

3. U-Net: Invented by Olaf Ronneberger, Philipp Fischer, and Thomas Brox at the
University of Freiburg, U-Net is a deep learning algorithm typically used for biomed-
ical image segmentation tasks ( : ). U-Net’s architecture is
symmetric, consisting of a contracting path (the encoder) and an expanding path
(the decoder). The model is particularly well suited to image segmentation tasks,
where the goal is to label each pixel in an image (

, ). It is also adept at handling large amounts of input and output data
and images of high resolution and complexity ( : ).

4. ResNet(Residual Network): Developed by a team at Microsoft Research Asia, ResNet
is a convolutional neural network (CNN) architecture designed to solve the vanishing
gradient problem common in deep neural networks ( , ). The architecture
includes a series of “residual blocks” that allow the network to learn residual functions



with respect to the layer inputs. ResNet’s design facilitates the training of deeper
networks without the risk of overfitting, and its architecture is widely used in industry
because of its simplicity, trainability, and performance ( , ).

5. YOLO (You Only Look Once): Developed by Joseph Redmon and Ali Farhadi at the
University of Washington, YOLO is an innovative real-time object detection system
that uses a single neural network to predict bounding boxes and class probabilities

within an image ( , ). Due to its real-time performance and high
accuracy, YOLO has been adopted for diverse applications including self-driving cars,
security systems, and robotics ( , ).

6. Chat-GPT: Created by OpenAl, Chat-GPT is a pre-trained large language model
that generates text content that mimics human responses ( ,

). It uses a transformer architecture, a type of neural network that encodes
input language through an attention mechanism to process sequential data (

, ). Chat-GPT’s ability to generate human-like text has led to its use
in various natural language processing tasks, including language translation, text
rephrasing, content creation, and even debugging programming code. It is arguably
one of the most valuable deep learning models to be released in 2022 ( , ).

It is important to note that this list does not include all the advances in deep learning.
In fact, the pace of progress in deep learning research is rapid and ongoing, driven by
by increases in computing power, the availability of massive datasets, and the continued
development of innovative architectures and algorithms ( , ).

When I started the second round of dissertation revisions in May 2023, Chat-GPT had
just released version 4.0 ( , ). In this iteration, Chat-GPT has become an
almost universal assistant. It offers assistance in creating resumes, writing poems, compos-
ing emails, etc ( , ). In the academic field, it provides invaluable insights, from
correcting grammar to summarizing the content of academic papers to suggesting potential
directions for future research ( , ). The emergence of Chat-GPT highlights
the potential of Al not only to replace many time-consuming and labor-intensive traditional
tasks, but also to bring creative ideas to our work ( , ; , ;

, ). Al assistants like Chat-GPT are likely to proliferate in var-
ious industries in the coming years, significantly increasing productivity. One can imagine
a future where Al-assisted analysts help process raw seismic data, leaving human seismic
analysts to focus on the final interpretation decisions. This could dramatically improve
both the speed and quality of routine seismic data processing.



1.2 Understanding Deep Learning: From Basic Build-
ing Blocks to Complex Networks

Deep learning may seem complex, but it’s not too complicated to understand or put into
practice. Deep learning is a specific way of building artificial neural networks (ANNs).
ANNs were first proposed in the 1940s and 1950s (Agatonovie-IKustrin and Beresford,
2000). In design, ANNs can learn from data in a way similar to how human brain cells
work (Yegnanarayana, 2009). The essence of a deep learning model is a very deep (and
complicated) ANN structure consisting of layers of interconnected nodes called artificial
neurons(Gershenson, 2003). In this way, a deep learning model can train a mapping from
data to desired prediction results. For example, consider a deep learning model used for
image recognition. The model is trained to map pixel data (the input) to object labels (the
desired prediction) (Horak and Sablatnig, 2019). As another example, in seismology, a deep
learning model could be trained to map seismic waveform data (the input) to earthquake
events (the desired prediction) (Bao et al., 2021) (see Figure 1.1).
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Figure 1.1: Deep learning: mapping data to prediction results. Top figure shows
in image recognition, deep learning is to find a mapping from image data to object names.
Bottom figure shows in seismology, deep learning is to find a mapping from seismogram to
potential event probabilities.

An artificial neuron, also known as a perceptron, is the basic building block of a deep
learning framework (Noriega, 2005). It consists of input connections, a linear function, a
nonlinear (activation) function, and output connections (Figure 1.2). The input connec-
tions receive inputs from other neurons or the input channel of data. The linear function

4



takes the inputs x1, xo, ..., z,,, multiplies the weights wy, ws, ..., w, and adds a bias term b,
then sends the numerical values to the activation function. The activation function is used
to introduce nonlinearity into the network, such as sigmoid, tanh, and ReLU functions
(Sharma et al., 2017). Without an activation function, a neural network can only model
linear relationships and cannot model nonlinear relationships present in the data. The
output connections send the output of the neuron to other neurons or to the final output
channel of the network (Blundell et al., 2015). In this way, the simple computation inside
the neurons eventually builds into a comprehensive network architecture. During training,
millions of parameters (weights and biases) in a deep learning model iteratively find their
optimal values from the input data. This is the microscope of how neurons work much
like brain cells, i.e. millions of trainable parameters working together to have the ability
to “understand” the data provided and make rational predictions for new input data.

Inputs

Linear Activation

@ function function

Figure 1.2: Schematic of an artificial neuron. Artificial neurons (also called percep-
trons) are the simplest elements in a deep learning model. They are inspired by biological
neurons that are found in the human brain.

The macroscopic framework for deep learning is the layered neural network (see Figure
1.3). The structure of a neural network is determined by the number of layers (also called
depth), the number of neurons in each layer (also called nodes), and the connections
between the neurons. The input layer, which is the first layer of a neural network, is where



the input data is sent. The final prediction or classification is made by the output layer,
which is the last layer in the algorithm. Between the input and output layers, there may
be one or more hidden layers that process the data and extract features from the input
data (Stathakis, 2009). .
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Figure 1.3: Schematic diagrams of neural networks. This diagram illustrates two
types of neural networks. The left diagram shows a simpler network with three input
nodes, two hidden layers, and one output node. The right diagram shows a more complex
network with four input nodes, five hidden layers, and three output nodes. These diagrams
illustrate the variety of neural network structures determined by the number of layers
(depth), the number of neurons (nodes), and the connections between neurons. The optimal
configuration of hidden layers and neurons remains an open question in deep learning
research.

Over the years, the architecture of deep learning networks has evolved significantly, be-
coming more complex and sophisticated to handle a wider range of tasks and data types.
This evolution has led to the development of new network structures that enhance the
learning capabilities of these models. One such structure is the self-attention mechanism,
which allows the model to focus on different parts of the input data depending on their
relevance to the task at hand (Shaw et al., 2018). This mechanism has proven particularly
useful in tasks involving sequential data, such as natural language processing, where the
context of a word may depend on words that appear much earlier or later in the sequence
(Soydaner, 2022).  Another notable development is the introduction of ResNets. These



structures contain shortcut connections that allow the gradient to be more effectively
backpropagated to earlier layers, mitigating the problem of vanishing gradients in deep
networks. ResNets have been instrumental in enabling the training of very deep networks,
leading to improved performance on a variety of tasks ( , ). Despite these
advances, determining the optimal structure for a deep learning network, including the
number of layers, the number of neurons in each layer, and the specific types of structures
to include, remains a challenging problem. Research in this area is ongoing, and while there
is no universally accepted solution yet, the continued development of new structures and
training techniques promises to further enhance the capabilities of deep learning models in
the future ( , ).

Building a deep model framework is only one step in deep learning, the next steps are
training, testing, and deployment ( , ). During training, the model learns
to interpret the data by adjusting the weights and biases of the neurons. The goal is to
minimize the difference between the predicted output and the actual output (also called
the ground truth) ( , ). This process uses an optimization algorithm, such as
stochastic gradient descent (SGD), which updates the weights and biases based on the
discrepancy between the predicted and actual output ( , ). The error is quanti-
fied by comparing the model’s predictions with the actual output for each corresponding
input-output pair in the training dataset( , ).

As training progresses, the optimization algorithm iteratively refines the weights and
biases using the gradients of the error function with respect to these parameters. The com-
putation of these gradients is accomplished by the backpropagation algorithm, a method
that propagates the error back through the network, systematically updating the weights
and biases ( , ). The algorithm continues to adjust the weights and biases until
the error is minimized, or until a predefined stopping criterion is met, marking the end of
the training phase.

The trained model is then tested on another dataset, often called the validation or test
dataset. This dataset is different from the one used in the training phase and allows for the
evaluation of the model’s generalization ability - its ability to perform well on unseen data
( , ). The performance of the model during this testing phase provides a
more realistic assessment of its effectiveness.

After successful testing, the model is ready for deployment, where it can be used to
solve real-world problems( , ). This could involve integrating the model into
an existing software application or using it to inform decision making in fields as diverse as
healthcare, finance, geoscience, and beyond. In this way, the deep learning model becomes
a powerful tool that transforms data into actionable insights( , ;



Shrestha and Mahmood, 2019).

In summary, building a deep learning model is not just about building a network ar-
chitecture. It’s a comprehensive process that involves the careful orchestration of several
steps, from design and training to testing and deployment (see Figure 1.4), all aimed at
creating a model that can effectively learn from data and make accurate predictions(\Wan
et al., 2019).
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Figure 1.4: The life cycle of deep learning . This diagram illustrates the deep learning
life cycle, which includes the key stages of data preparation (collection and preprocessing),
model training and validation, deployment, and ongoing monitoring. This cycle provides
a comprehensive overview of the process involved in developing and implementing a deep
learning solution.



1.3 Understanding the Seismological Problems: Earth-
quakes, Detection Techniques, and Catalogues

In the field of seismology, the term “earthquake” encompasses more than just the natural
disasters commonly recognized by the public. Physically, an earthquake results from the
sudden release of energy in rocks, creating ground motion ( , ). This energy
propagates outward from the fault line in the form of seismic waves. More precisely,
seismology is the study of seismic waves. The source of seismic waves is not limited to
fault ruptures. It also includes volcanic eruptions, glaciers and landslides, as well as blasts,
hydraulic fracturing and air guns made by human activities ( , ;

).
With the ongoing enhancement of the global network of seismic monitoring stations,
there is a notable rise in the number of detectable earthquakes each year ( ,
). It’s estimated that over half a million earthquakes are detected around the globe
annually, of which around 20% can be felt by humans, and approximately 100 events have
the potential to cause harm to human life and property.

Y Y Y ) Y Y Y Y Y

Highly destructive earthquakes are a current concern in seismology ( ,
). Recently, more and more governments and researchers have recognized the need
to accelerate the development of earthquake early warning systems (EEW). Earthquake
early warning is the rapid detection of earthquakes, real-time estimation of the shaking
hazard, and notification of expected shaking. Owing to the constraints of present-day
scientific technology, we are yet to achieve the ability to precisely forecast earthquakes in
the short term ( , ; , ). Consequently, the alerts
furnished by EEW systems take on an outsized significance in the quest to safeguard
lives and property. This is particularly significant for the west coast of Canada, where,
according to various geological and geophysical data, there’s a very real possibility of a
major earthquake striking within the next hundred to two hundred years (
, ). In addition, the Ottawa River Valley and the Saint Lawrence Seaway are also
in urgent need of an EEW system due to the high seismic risk based on historical records
and considering the concentration of population and infrastructure( , ;

Y Y ) Y )

When we shift our focus to small magnitude earthquakes (also called small events),
a very different but fascinating topic emerges. It is certain that countless small earth-
quakes evade detection every day, slipping past seismic analysts and remaining absent
from catalogues ( , ). Such small seismic events are often imperceptible
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to humans, and their relatively small amplitudes can easily be obscured in seismograms by
background noise ( , ). Nevertheless, these small events deserve attention.
Accurate detection of small earthquakes helps to enrich existing earthquake catalogues
( , ). Studying these events can improve scientists’ understanding of earth-
quake mechanisms, allow for more nuanced interpretations of tectonics, and pave the way
for future breakthroughs in earthquake forecasting(lde, ).

We are now aware that the term “earthquake” envelops more than just catastrophic
natural phenomena. Earthquakes can vary in magnitude and source, and can even be
human-induced ( , ; , ). With such a plethora of event
information sporadically surfacing on the seismometers at different seismic stations, how
do we identify earthquake events, i.e., how do we find seismic signals on a seismogram?
The problem of robustly detecting earthquakes is fundamental in seismology. Earthquake
detection methods are technical operations that help seismologists identify an earthquake.
This problem is often treated simultaneously with seismic phase picking, because we usually
determine the type of earthquake event during earthquake detection ( , ).
Traditional earthquake detection methods rely primarily on manual seismic phase picking
(by human seismic analysts), a process that involves identifying the arrival times of different
types of seismic waves on a seismogram ( , ). This process can be time-
consuming and prone to human error, especially when dealing with small events of low
magnitude that are often buried in background noise. However, it remains the most reliable
method of earthquake detection to date. Especially when earthquake centers publish their
official catalogues, human review is indispensable ( , ).

The development of automatic detection techniques, which began about a decade ago,
including the Short-Term Average/Long-Term Average (STA/LTA) and Akaike Informa-
tion Criterion (AIC) methods, marked a significant advance by enabling faster and more
objective discrimination of seismic events ( , ). STA/LTA and AIC methods
have been widely used in various earthquake detection scenarios, such as EEW, microseis-
mic monitoring, and picking first arrivals in industrial-level seismic data, among others
( , ; , ). However, these conventional automatic methods
are often hampered by their limited detection capabilities in noisy environments, and the
optimization of threshold selection relies heavily on the expertise of seismologists (

, 2020).

In recent years, the incorporation of deep learning techniques has shown immense poten-
tial for improving the accuracy and efficiency of earthquake detection ( ,
). However, the stability of deep learning-based methods is still under scrutiny, as

they sometimes detect more small events, but also introduce an increased number of false
positives. In addition, the practical implementation of deep learning methods in real-world
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operations is still a work in progress ( , ). Nevertheless, the outlook for deep
learning-based automated detection methods to replace traditional STA/LTA and AIC
methods is quite optimistic. After all, deep learning techniques have broken through the
limitations of traditional detection methods and brought to light more minor seismic events

( ; )-

After processing the raw seismic data of a study area and obtaining the detected events,
the next critical step is to establish an earthquake catalogue for that region. Earthquake
catalogues serve as indispensable tools in seismology by offering complete records of seis-
mic events within a specified time frame and region ( , ). Typically,
these catalogues contain information about each event’s date, time, location, depth, and
magnitude, as well as other relative data like the type of faulting and the earthquake’s
focal mechanism or moment tensor solutions ( , ). Earthquake catalogues
are fundamental resources for research in seismic hazard assessment, the study of large
earthquake triggering and clustering, and the inference of the Earth’s internal structure
( , ). Besides, seismologists can benefit from earthquake cata-
logues to analyze the distribution, frequency, magnitude, and effects of earthquakes. Many
organizations maintain earthquake catalogues, such as the United States Geological Sur-
vey (USGS) which maintains the ANSS Comprehensive Earthquake Catalog (ComCat).
This catalogue contains earthquake source parameters and other products produced by
contributing seismic networks ( : ). Similar organizations which
publish global earthquake catalogues are International Seismological Centre (ISC) and
IRIS (Incorporated Research Institutions for Seismology). ISC is an organization that col-
lects and compiles data on earthquakes from over 130 agencies worldwide ( ,

). The main purpose of the ISC is to compile the ISC Bulletin, which is regarded as
the definitive record of the Earth’s seismicity ( : ). IRIS provides
access to earthquake catalogues through its Data Management Center (DMC) (

, ). Various relevant products are provided by IRIS to better understand the
catalogues ( , ). For example, the IRIS DMC’s event plot product (see
Figure 1.5) is a suite of plots that are automatically generated earthquakes larger than
magnitude 6 ( : ).

However, the construction of reliable and complete earthquake catalogues is a challeng-
ing task, especially for individual researchers. It requires not only the accurate detection of
seismic events but also their precise location and the determination of their characteristics
( , ). Manual inspection and analysis of seismic data for catalogue construc-
tion is a labor-intensive and time-consuming task. Moreover, catalogues often suffer from
incompleteness and bias, especially for small events that can be difficult to detect and
accurately locate ( , ). The application of deep learning methods, can help
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Figure 1.5: Screenshot of the IRIS DMC’s event plot product. The IRIS DMC’s
event plot product is a suite of plots that are automatically generated following all earth-
quakes of magnitude 6 or greater. The plot suite uses all open broadband data, or a
sub-selection, available at the IRIS DMC at the time the product was generated.

improve the completeness and reliability of earthquake catalogues by automating the de-
tection and characterization of seismic events, even those of small magnitude (Jiang et al.,
2022a).

Understanding the seismic problems related to earthquakes, their detection, and cata-
loguing is crucial in the field of seismology. Deep learning techniques can help tackle these
challenges, providing more efficient and accurate solutions. However, their application to
seismology is not without its own challenges and issues, which will be discussed further in
this thesis.
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1.4 Incorporating Deep Learning in Seismology

1.4.1 The Importance of Benchmark Datasets

The creation and use of benchmark datasets is fundamental to the advancement of deep
learning research in seismology. Not only do they ensure the reliability and validity of
research, but they also foster collaboration and innovation within the seismological com-
munity ( , ). As more high-quality and diverse benchmark datasets
become available, they will undoubtedly play an increasingly important role in the future
of seismological research. Their importance lies in several key aspects:

e Model Evaluation and Comparison: Benchmark datasets provide a standard
against which different models can be evaluated and compared ( , ).
By testing different models on the same dataset, researchers can objectively evaluate
their performance in terms of accuracy, efficiency, and generalizability. This allows
the scientific community to identify the most promising models and approaches,
thereby advancing the field.

e Promoting Reproducibility: Reproducibility is a cornerstone of scientific re-
search. In deep learning, access to the same dataset allows researchers to replicate
experiments and validate results reported by others. This not only ensures the in-
tegrity of the research, but also promotes transparency and trust within the scientific
community ( : ).

¢ Enabling Collaborative Improvement: Benchmark datasets serve as common
ground for researchers around the world ( , ). By working on the
same dataset, researchers can share their results, learn from each other, and collabo-
ratively improve models and techniques. This kind of collective effort accelerates the
progress of deep learning applications in seismology.

¢ Easing Model Generalization: Benchmark datasets often include a wide range of
geologic settings and event types, which helps to train models that generalize well to

unseen data ( , ). This is particularly important in seismology because
seismic events are inherently unpredictable and vary widely in location, depth, and
magnitude.

e Training and Testing New Models: Benchmark datasets provide a wealth of
data needed to train deep learning models. These datasets allow the models to learn
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complex patterns in the seismic data and adjust their parameters to minimize errors.
The same datasets, or portions of them, can be used to test the models, providing an
estimate of how well the models have learned and how they might perform on new,
unseen data ( : ).

1.4.2 Currently Available Seismic Benchmark Datasets

As mentioned in the previous section, benchmark datasets provide a common ground for
researchers to compare and improve different methodologies. In the field of seismology, sev-
eral benchmark datasets have been curated and serve as invaluable resources for researchers
around the world. Here are some of the most important:

1. STanford EArthquake Dataset (STEAD): is a global dataset of seismic sig-
nals for AI research ( , ). It contains local earthquake waveforms
and seismic noise waveforms free of earthquake signals, totaling approximately 1.2
million time series or more than 19,000 hours of recordings. The dataset has been
collected, quality controlled, and processed using advanced techniques to ensure ac-
curate labeling and robust models. STEAD is the first published dataset which offers
new and unprecedented opportunities for seismology and Al research by providing
high-quality, large-scale, and global data.

2. Machine Learning Asset Aggregation of the PDE (MLAAPDE): is a com-
prehensive dataset that includes a waveform archive and a feature-labeled catalog,
making it a valuable resource for training machine learning models in seismology
( , ). The data, primarily from the Preliminary Determination of Epi-
centers (PDE), span the period from July 2013 to December 2020. The PDE catalog,
which characteristically includes earthquakes above M4.5 globally and above M2.5
in the United States, also includes smaller events which fall below M2.5. MLAAPDE
data files consist of catalogs in CSV and waveform archives in HDF5 format. To fur-
ther assist researchers, the Python module 'neic-mlaapde’ is provided for easy data
selection and loading.

3. INSTANCE: contains 1.2 million 3C waveform traces from about 50,000 earth-
quakes and over 130,000 noise traces recorded by the Italian National Seismic Net-
work and other networks from January 2005 to January 2020 ( : ).
The dataset is representative of the seismicity and crustal structure of Italy and the
surrounding area, covering a wide range of earthquakes with magnitudes from 0.0
to 6.5, depths from 0 to 550 km, and epicentral distances from 0 to 700 km. This
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dataset, available in HDF5 format, also includes different seismic sources such as
crustal, subduction and volcanic events, making it versatile for various applications
including seismic monitoring, earthquake detection and seismic hazard assessment.

4. DiTing: is a comprehensive seismological artificial intelligence training dataset con-
structed from the 2013-2020 seismic cataloging reports of the China Earthquake
Networks Center ( , ). It has the largest known total time length and
contains 2,734,748 three-component waveform traces from 787,010 regional seismic
events. These waveforms are accompanied by corresponding P- and S-phase arrival
time labels and 641,025 P-wave first-motion polarity labels. With a variety of de-
scriptive parameters such as epicentral distance, back azimuth, and signal-to-noise
ratios, DiTing provides a rich resource for data-driven seismological research (

, ). The dataset supports multiple applications, including earthquake de-
tection, seismic phase picking, earthquake magnitude prediction, and early warning
systems, thereby promoting the use of Al in seismology.

It is important to note that while these datasets provide a solid foundation, the contin-
ued development of more comprehensive, diverse, and accessible datasets is key to further
advancing deep learning applications in seismology.

1.4.3 Recent Advances and Applications of Deep Learning Meth-
ods in Earthquake Detection

Deep learning has the potential to revolutionize seismology by providing solutions to a vari-
ety of challenges and enhancing existing methods. Recent review articles have highlighted
the innovative applications of deep learning in areas such as data processing automation,
forward problems, inverse problems, and exploratory data analysis ( ,

). In each of these areas, deep learning can improve the performance, efficiency, and
accuracy of seismological methods and models. However, in this section I do not intend to
discuss exhaustively the applications of deep learning in all branches of seismology. Instead,
I will use this limited space to present some of the most successful applications of deep
learning in seismology to date. As you will see in the following reading, these examples
focus primarily on data processing automation, or more specifically, earthquake detection
(and phase picking).

So what are the benefits? The impressive performance of deep learning in earthquake
detection (and phase picking) suggests that it has the potential to become the next gen-
eration of seismic data processing automation. It could fully or partially replace manual
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processes and significantly improve the efficiency of existing earthquake processing meth-
ods ( , ). Moreover, the mature applications in earthquake detection (and
phase picking) can be quickly transferred to other related research areas, such as seis-
mic event monitoring, seismic event discrimination, earthquake early warning, and various
post-processing studies ( , ).

PhaseNet is currently one of the most widely used and mature methods for earthquake
detection. It’s a deep neural network-based method for seismic phase picking, which in-
volves measuring the arrival times of P and S waves within an earthquake signal (

, ). PhaseNet takes three-component seismic waveforms as input and generates
probability distributions of P-arrivals, S-arrivals, and noise as output. It’s trained on a
large dataset of analyst-labeled P and S arrival times from the Northern California Earth-
quake Data Center. When applied to the waveforms of known earthquakes, PhaseNet
achieves much higher picking accuracy and recall rates than existing automatic picking
methods. It can also be applied to continuous data for earthquake detection by extracting
arrival times from the peaks of probability distributions. Based on my personal experience,
I believe that PhaseNet has several advantages: 1. It’s lightweight, with fast training and
deployment speeds. 2. It’s sensitive to small earthquake events hidden in high background
noise (although this can sometimes lead to a higher number of false events). 3. It has a
high success rate for transfer learning, requiring fewer training samples.

The second model I'd like to discuss is the Earthquake Transformer. Similar to PhaseNet,
the Earthquake Transformer is a deep neural network based method for simultaneous earth-
quake detection and phase picking ( , ). It identifies earthquake signals
and measures the arrival times of P- and S-waves within them. The Earthquake Trans-
former takes single-station, three-component seismic waveforms as input and generates
probability distributions of earthquake signals, P-arrivals, and S-arrivals as output. Earth-
quake Transformer is trained on a large dataset of globally distributed earthquake and noise
waveforms from the STanford EArthquake Dataset ( , ). Earthquake
transformer incorporates a hierarchical attention mechanism to capture the local and global
features within the earthquake waveforms. Earthquake transformer outperforms previous
deep learning and traditional methods in terms of detection and picking performance, gen-
eralization, and computational efficiency. PhaseNet and Earthquake Transformer serve as
prototypes for most of the deep learning and transfer learning methods published to date.
The more complex network structure of the Earthquake Transformer gives it a higher
level of understanding of earthquake waveforms( : ). The advent of the
Earthquake Transformer has further enhanced the automation capabilities of earthquake
detection, marking a significant advancement in the field of data processing automation in
seismology.
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In addition to existing deep learning models, we’re seeing the emergence of deep learn-
ing platforms in earthquake detection research. SeisBench is a prime example. It’s an
open source software package for developing and applying machine learning methods in
seismology ( , ). SeisBench provides a unified interface for accessing
both state-of-the-art models and benchmark datasets for various seismological tasks such
as earthquake detection, phase picking, magnitude estimation, and source inversion. Seis-
Bench also provides a range of common processing and data augmentation operations
through an API. SeisBench is designed to be extensible, and community participation is
encouraged to extend the package. SeisBench aims to facilitate faster model development,
fair comparison, and wider adoption of machine learning techniques within the seismolog-
ical community.

Deep learning platforms like SeisBench are critical to the seismology community for
several reasons. First, they provide a unified and standardized environment for developing
and testing machine learning models. This standardization is key to fair and meaningful
comparisons between different models and techniques ( , ). Second, these plat-
forms often come with pre-loaded benchmark datasets, saving researchers the time and
effort of collecting and cleaning their own data. This allows them to focus more on model
development and less on data preparation ( , ). Third, deep learning
platforms facilitate collaboration and knowledge sharing within the community ( ,

). They allow researchers to build on each other’s work, accelerating the pace of in-
novation and discovery in the field. Finally, these platforms are helping to democratize
machine learning in seismology. By providing user-friendly interfaces and comprehensive
documentation, they make advanced machine learning techniques accessible to researchers
who may not have a background in computer science or data science ( , ).
This broadens the pool of people who can contribute to advances in the field.

1.5 Thesis Objectives

The application of deep learning in earthquake detection faces a number of significant
challenges, which this thesis aims to address. Among these challenges, the issue of data
availability stands out. At present, data preparation is a significant challenge. It is the first
and most time-consuming step in the deep learning life cycle ( , ). For
most developers or researchers, the independent preparation of large-scale standard data
sets within a reasonable research timeframe is nearly impossible. Despite the availability
of several publicly accessible benchmark datasets, the shortage of high-quality training
data severely hampers the progress of deep learning in seismology ( ,
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). This problem is exacerbated by the inaccessibility or unavailability of labeled data
in some research areas, substandard data quality, significant errors in manual annotation,
and lack of labeled data for specific event discrimination tasks such as volcanic act1v1ty,
human-made explosions, and nuclear tests ( ,

, ). Thus, one of the primary objectives of this thesw is to tackle the data
availability problem in order to facilitate future research.

Furthermore, seismology is experiencing a scarcity of deep learning platforms. Having
only one open-source Python toolbox, i.e., SeisBench, is far from sufficient (

, ). If we look at fields where deep learning has advanced rapidly, they all have
numerous mature deep learning platforms that make it easier for developers and more ef-
ficient to develop new models ( , ). For example, platforms such as
Hugging Face are used for image classification, object detection, language modeling, and
more ( , ). Unfortunately, these mature platforms do not support seismic
data types. Therefore, another main objective of this thesis is to fill this gap by developing
interactive deep learning platform for seismological community. This should accelerate the
development of deep learning techniques in seismology and promote the practical applica-
tion of deep learning technologies.

In addition, in recent years, an increasing number of deep learning models have been
proposed to detect earthquake events. These models often perform well on benchmark

datasets ( , : , : , ). However,
in practical applications, they often fail to achieve the predictive accuracy observed on
benchmark datasets ( , ). This discrepancy is typically due to differences

in the data distribution between the training datasets and the actual data. My final thesis
objective is to discuss how many waveforms should be included in a new deep learning
project and which additional factors (e.g., data preprocessing and standardization, picking
method, tectonic setting, etc.) might affect the training and performance of the model.
Through the study of these issues, the goal is to provide a guide for determining the optimal
size of the training dataset and model selection for future studies.

1.6 Summary of Thesis Chapters

This thesis is divided into three main research chapters. The first research chapter aims
to accelerate the data preparation phase of deep learning in seismology by focusing on the
development and application of an open source toolbox for fast seismic dataset creation
and annotation for Al applications called QuakeLabeler. This tool differs from published
benchmark datasets in that it is designed to customize, build, and manage seismic training

18



datasets, including processing and visualization. The functionality of QuakeLabeler, which
includes retrieving seismograms from multiple online data centers, querying online human-
reviewed catalogs, signal processing, data augmentation, annotation, and data distribution
analysis, is thoroughly explored. This component of the thesis has been published as an
article in the journal Seismological Research Letters.

In the second research chapter, I developed a new Python platform called: Blockly
Earthquake Transformer (BET), a deep learning platform designed for efficient adaptation
of deep learning phase pickers. BET implements the Earthquake Transformer (EqT) as its
base model and provides transfer learning and fine tuning extensions. This no-code plat-
form helps researchers design EqT-like model frameworks. BET’s interactive dashboard,
which allows model customization based on a specific dataset, and the transfer learning
module, which extends the application of a deep learning P and S phase picker to more
specific phases, are discussed in detail. This component of the thesis has been published
as an article in the journal Artificial Intelligence in Geosciences.

The third and final research chapter addresses how the architecture of seismic datasets
affects the performance of deep learning models for automated earthquake detection. This
chapter explores the issue of deep learning model performance by investigating the effect
of increasing sample size and examining different deployment settings applied to new data.
The insights gained from this study provide a guide for determining the optimal size of
the training dataset and model selection for future studies. This component of the thesis
is under internal review and will be submitted as an article to the Journal of Geophysical

Research: Solid Earth.

In summary, this thesis provides a comprehensive exploration of the application of
deep learning in seismology, from the creation and management of seismic datasets to the
customization of phase pickers and the understanding of how seismic datasets influence the
performance of deep learning models.
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Chapter 2

QuakeLabeler: A Fast Seismic
Dataset Creation and Annotation
Toolbox for AI Applications.

2.1 Abstract

The production and preparation of datasets are essential steps in Machine Learning (ML)
applications. With the increasing volume and scale of available ML techniques in seismol-
ogy, annotating seismograms or seismic features has become time consuming and tedious
for many researchers. Furthermore, most methods train and validate on unique data sub-
sets, which hampers independent performance evaluation and comparison. To solve this
problem, we develop an open-source Python package called QuakeLabeler to customize,
build and manage seismic training datasets, including processing and visualization. Quake-
Labeler has tight pipeline functions, which include retrieving seismograms from multiple
online data centers, querying online human-reviewed catalogues, signal processing, data
augmentating, annotating (i.e., making samples) and analyzing data distribution. In ad-
dition, relevant statistical graphs and human-readable files can be generated. Various file
export formats are supported, such as Seismic Analysis Code (*.sac), mini Standard for
Exchange of Earthquake Data (*.mseed), and NumPy (*.npz). This toolbox is packaged
with an interactive command-line interface. Three alternative running modes (beginner,
advanced and benchmark) are implemented, intended to offer specific dataset solutions for
different types of applications, i.e., quick-start-recipes for simple ML solutions, advanced
design for customized project training and benchmark bulletins for model comparison.
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2.2 Introduction

Artificial intelligence (AI), machine learning (ML) and deep learning (DL) approaches are

now well established in many research fields, including seismology ( , ;

, : : , : ; ). Datasets,

the primary mgredlents of any Al/ ML algorithm, are the only source of information for Al
algorithms to unlock the concealed information or recognize complex patterns (

, ). Part of making the decision of whether a proposed AI/ML model is right for

a project comes down to the type, amount and reliability of labeled data. Unfortunately,

having access to a suitable labeled dataset in a given research field and/or region can be

difficult. Many research and industrial projects do not publicly release their database,

which hampers reproducibility and limits progress in AI/ML research ( , ).

Collecting and preparing a large enough, high-quality dataset is the first and foremost
step in any AI/ML project; however, creating a useful dataset is never simple, even for data
specialists. A general step to building a dataset includes data collection, pre-processing,
data augmentation, labeling (annotation), data formatting, creation of data subsets (train-
ing, test, validation sets), analysis of data distribution, etec. ( , ). Popular bench-
mark datasets provide well-calibrated, high-quality and reliably labeled data, which have
largely facilitated research in many of the most cutting-edge Al fields. For instance, Im-
ageNet provides a large-scale hierarchical image classification dataset, which has helped
thousands of Al projects in computer vision to train and evaluate their AI/ML models us-
ing the same standard inputs ( : ). Amazon reviews ( :

), a vast text dataset from Amazon containing over 45 million Amazon reviews, fuels
AT approaches such as automated recommendation systems, leading to progress in natural
language processing ( , ).

In seismology, a few solutions are available to build datasets for AI/ML use. The
first solution is a ”do-it-yourself” dataset creation strategy ( , ). Like many
engineering fields, most seismological problems are unique enough that augmenting or
extending an existing database is impossible. Different researchers have specific expertise
and focus on different research regions. Therefore, most AI/ML projects in seismology are
based on custom-design dataset schemes. Custom design of the dataset ensures the data
format is 100% suitable for the particular AI model of interest. One of the drawbacks is
that this approach is oftentimes a trial-and-error process, and is extremely cumbersome to
recreate for other users. Furthermore, it is difficult to evaluate whether the dataset covers
the full scope of the solution space, or if there are sufficient or accurate enough labeled
data for the resulting model to recognize all prospected patterns. Another promising
solution is to use published, well-calibrated global seismic datasets. These large-scale,
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human-reviewed datasets contain high volumes of labeled data from seismic data archives
and earthquake catalogues, including hypocenter location, magnitude, arrival times, etc.
The most widely-used open-source seismic dataset for Al use is the STanford EArthquake
Dataset (STEAD) ( : ). STEAD provides "1.2 million 3-component
local earthquake and seismic noise waveforms from all around the world. Fabrizio et al.
offer another similar 3-component local earthquake benchmark dataset ( ,

), which also provides global scale, 3-component earthquake and noise waveforms for
AT use.

Several advances in the application of ML techniques in seismology are based on
these benchmark datasets. For instance, newly proposed earthquake detection (
, ), location ( , , ), and mag-
nitude estimation ( , ), synthetlc seismogram generation(
, ), and benchmark performance evaluation (

, ) algorithms use STEAD. However, apart from STEAD, other mature
datasets for Al use are seldom available publicly and are mainly for internal use in com-
mercial companies and research institutes. It is worth mentioning that some active online
data science communities also provide seismic datasets, for example the Kaggle Dataset
( ), a subsidiary of Google LLC. Currently, Kaggle has 120 avail-
able datasets relevant to earthquake research, including datasets from official publishers
such as US Geological Survey (USGS) and Los Alamos National Lab (LANL). However,
these datasets only provide event catalogues; none of the datasets directly offer seismo-
grams, which is a significant limitation.

The seismological community has access to very large volumes of raw seismic data
published by various online archiving centers, e.g. Incorporated Research Institutions for
Seismology (IRIS), US Geological Survey (USGS), etc. However, transforming raw seismic
data to labeled datasets is the greatest challenge for the fast deployment of Al datasets in
seismology. The manual labeling of seismic data is labour-intensive, time-consuming, and
can be inaccurate or subjective. In order to facilitate reproducible and easily extendable
AI/ML research in seismology, it is becoming urgent to develop a user-friendly dataset
production tool. In other research fields, applying an automated labeling approach is a
popular way to save researchers and developers countless hours. Mature auto-labeling
applications are provided by various commercial companies such as Amazon SageMaker
Ground Truth ( , ), MATLAB Ground Truth Labeler ( , ), La-
belBox ( , ), etc. These automated annotation tools mainly serve in image
segmentation and classification, object detection and self-driving vehicles. Unfortunately,
automated labeling for AI/ML datasets has not yet been implemented in seismology.

This article introduces QuakeLabeler, an open-source Python package that enables
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users to customize and build seismic datasets at any scale for AI/ML applications. Quake-
Labeler was born from the need for seismologists and developers who are not Al specialists
to easily, quickly, and independently build and visualize their training dataset. Current
functionalities include retrieving seismograms from multiple online data centers, querying
online human-reviewed catalogues, performing signal processing, augmentating datasets,
annotating (i.e., making samples), analyzing data distribution, etc. The toolbox helps all
levels of AI developers and researchers build their own earthquake datasets. QuakeLabeler
runs on an interactive command-line interface. Users are able to design datasets with
little knowledge of programming and data querying. By design, QuakeLabeler enhances
reproducibility in Al seismic research.

2.3 Implementation

QuakeLabeler is completely written in Python. Over the years, Python has become one
of the most popular open-source programming languages used for machine learning, espe-
cially deep learning. The vast majority of seismologists contribute their Al applications
in the Python ecosystem. These seismic Al applications, combined with other versatile
and powerful scientific computing and deep learning packages in the Python community,
facilitate new geophysical workflows and applications. QuakeLabeler also benefits from
several mature Python packages. These packages and their functionality for QuakeLabeler
are described in Table 2.1. Currently, QuakeLabeler offers promising possibilities for other
Python projects, easily bridging seismic data to Al applications.

Table 2.1: Package dependencies

Package Name Usage in QuakeLabeler

ObsPy Support for I/0, fetching data and signal processing.
Request Query human-reviewed catalogue from ISC.

PyGMT Make publication quality maps and figures.

Termplotlib and Matplotlib  Visualize data distributions.

Essentially, QuakeLabeler conducts a tight pipeline of functions to help users convert
raw seismic data into valuable training datasets for machine learning through professional
collection and annotation techniques. In addition, it also includes several utilities that
output necessary analytical figures, maps and meta data, respectively. Figure 2.3 intro-
duces the workflow of QuakeLabeler. By design, QuakeLabeler immensely reduces manual
operations. Once the user inputs the specific dataset structure and processing parameters
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via command-line interactive tools, QuakeLabeler builds the requested seismic datasets
without the need for human interaction. This aspect is particularly useful for researchers
with little to no prior experience in Python.

2.3.1 Running Modes

QuakeLabeler provides three running modes targeted for different types of users and re-
search goals (Tab. 2.2). The features of the different running modes and their relevant
applications are briefly described below.

Table 2.2: Running modes

Mode Name Descriptions

Beginner Pre-defined datasets at different scales: small, medium, large.

Advanced Custom search region, time period, dataset scale, pre-processing
steps, sample format, etc.

Benchmark  Standard seismic datasets for different data quality.

Beginner mode

The Beginner mode is aimed at AI/ML novices to quickly start developing their models.
In many scenarios, researchers or Al learners only wish to extract small samples to develop
and test their models. However, the original training datasets for their application are
often unavailable (i.e., not shared openly) or too large to download and prepare in a short
time. Furthermore, users may wish to apply published AI methods to their own specific
research area, which might not be covered by the original datasets that were used to train
those Al models. QuakeLabeler’s quick-start recipes offer solutions for these shortcomings,
which list specific dataset structures of the current popular open-source AI/ML models
on GitHub (Fig.2.1). Following these recipes, users can rapidly produce samples for Al
practice at different scales (small, medium or large dataset sizes). We also invite developers
to contribute their dataset design ideas to enrich QuakeLabeler’s recipes.

Advanced mode

The Advanced mode is suitable for experienced seismologists and data scientists in-
terested in designing a specific structure for their dataset. In this mode, QuakeLabeler
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Quick-start recipe lists specific dataset structures of the
current popular open-source AI/ML models on GitHub. Follow
these recipes; users can generate the same forms of the datasets
in QuakelLabeler with different scales (small, medium, large).

Initialize Quick-Start Recipe...

Select one of the following recipe: [1/2/3/4]
[1] QuakeLabeler Simple Version
[2] QuakeLabeler Versatile Version
[3] PhaseNet Version
[4] EQTransformer Version
[@] Re-direct to Custom Mode.

Figure 2.1: Screen capture of quick-start-recipes menu. This option is offered in the
Beginner running mode, to rapidly deploy popular dataset structures.

initiates an interactive Custom Design Dialog (CDD ) interface. The CDD consists of
a list of specifications for the dataset, with pre-set values available by default. The CDD
makes QuakeLabeler more versatile than static, pre-bundled benchmark datasets by pro-
viding the end user with the control in creating unique datasets in a reproducible manner.
For instance, seismograms in STEAD have a fixed sample size defined by 1 minute-long,
3-component time series with a sampling rate of 100 Hz (i.e., 6000 points in each sample).
In QuakeLabeler, these parameters are selected by the user, thus allowing flexibility for
producing seismic labels, and creating datasets that can be adapted to any specific AI/ML
application.

The CDD module is divided into two steps. In each step, the CDD provides a brief
introduction and specific usage as well as default parameters. In the first step, the CDD
prompts the user to select their geographic region and time range of interest (Tab.2.3) with
default values displayed as templates. For instance, the default search region options is to
select a rectangular-shaped area with exact longitude and latitude values, i.e., stn_bot_lat
= 40.0, stn_top_lat=>55.0, stn_left lon=-130.0, stn_right lon=-120.0 (Fig.2.2). Selecting the
time range for the dataset requires the user to type in a pair of start time and end time.
For instance, startyear=2010, startmonth=01, startday=01, starttime=00:00:00.
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Welcome to QuakelLabeler----Fast AI Earthquake Dataset Deployment Tool!

QuakeLabeler provides multiple modes for different levels of Seismic AI researchers

[Beginner] mode -- Quick-start dataset recipes in small, medium, large scales.
[Advanced] mode -- Custom every detail within the dataset.
[Benchmark] mode -- Built-in standard seismic datasets in scales.
Please select a mode: [1/2/3/Beginner/Advanced/Benchmark] Advanced
Initialize Advanced Mode. ..
Please specify stations to search for arrivals:
[STN]: Provide station code(comma separated list acccepted);
[GLOBAL]: Global search;
[RECT]: Define a rectangular search region(default);
[CIRC]: Define a circular search region;
[FE]: Define a Flinn-Engdahl search region.

Input station search option:[STN/GLOBAL/RECT/CIRC/FE/POLY]RECT
Example: Cascadia subduction zone(default)

Station search: RECT
Bottom latitude: 40.00
Top latitude: 55.00

Left longitude: -130.00
Right longitude: -120.00

Please define a rectangular search region.

Input bottom latitude (-90 to 90): 40
Input top latitude (-90 to 9@): 55

Input left longitude (-180 to 180): -130
Input right longitude (-180 to 180): -120

Figure 2.2: Screen capture of custom design dialog. This option is offered in the
Advanced running mode, for users with specific needs for unique datasets.

Table 2.3: Custom design dialog #1, which specifies the source region and time range of
interest.

Custom  Options (User design parameters) Default

Region  STN, GLOBAL, RECT, CIRC, FE, POLY RECT

Time Start time, End time 00:00:00 - 23:59:59
Date Start date, End date 2010-01-01- 2010-12-31
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The second step of the CDD controls every processing detail within the dataset. Mul-
tiple options are provided to let the users decide their preference for the production of the
dataset. This step includes three sub-steps related to specifying the size of the dataset, the
waveform processing options, and the output formats, respectively (Tab.2.4). A detailed
description of this step is presented in the following section. We note that, by default,
QuakeLabeler will not perform any signal processing and maintain raw data through the
workflow. Finally, QuakeLabeler creates and saves a log file of all user inputs through the
workflow, such that other users can reproduce a particular dataset exactly. This feature will
promote fast development and testing of AI/ML models through enhanced reproducibility
of the datasets.

Table 2.4: Custom design dialog #2, which defines the structure of the dataset. For more
details, please consult QuakeLabler’s online documentation.

Sub-section Options (User design parameters)  Default

Dataset Size Sample amount, sample length 10,000 ; 5,000 points
Waveform format filter, detrend, denoise, re-sampling None

Export file format SAC, MSEED, NPY, MAT SAC

Benchmark mode

The Benchmark mode generates datasets similar to STEAD in order to be easily used
in model comparison. In this mode (Fig.2.11), users can select alternative built-in bench-
mark bulletins to rapidly deploy well-organized datasets. All relevant information, graphs,
and documents are generated simultaneously. QuakeLabeler aims to publish as many
benchmark datasets as possible to provide one-stop data solutions for many seismological
applications. The current version focuses on natural earthquake events at different spa-
tial scales and geographic regions. We invite contributions for datasets of other types of
seismicity scenarios, e.g. induced earthquakes, volcano seismicity and glacial quakes.

2.4 Workflow

After selecting the running mode and specifying the various options, QuakeLabeler’s work-
flow (Fig.2.3) includes three steps: 1) Data collection; 2) Signal processing and annotation;
and 3) Export and visualization.
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Figure 2.3: QuakeLabeler’s workflow, outlining the dataset creation process.

2.4.1 Data Collection

QuakeLabeler does not provide any pre-bundled, static dataset (in contrast to STEAD,
for instance). Instead, all available data are requested from the International Federation
of Digital Seismograph Networks (FDSN). Data collection includes two parts: querying
human-reviewed catalogues and requesting raw seismogram data. In each part, knowledge
of the seismic station distribution within the region of interest is required. Obtaining accu-
rate and reliable earthquake catalogues with complete meta information (i.e., hypocenter,
magnitude, arrival time picks for several seismic phases) is a crucial part of the label-
ing process. To this end, QuakeLabeler retrieves human-reviewed catalogues from the
International Seismological Centre (ISC) web service and extracts paired event-station in-
formation. This type of data is also sometimes referred to as features in some AI/ML
applications ( , : , : , ). In this
paper, we will refer to the paired event-station information as meta data, which gets stored
in a Pandas DataFrame object in QuakeLabeler.

Following this step, QuakeLabeler collects raw seismograms from specific FDSN clients
based on the meta data. Fetching raw seismograms is the most time-consuming step in
QuakeLabeler, and highly depends on the user’s connectivity and the amount of requested
data. By design, QuakeLabeler can filter out bad data traces (e.g., seismograms contain-
ing data gaps) and manage valid raw data to a local drive. Each available event-based
seismogram is also accompanied by a “non-signal” noise waveform to provide a complete
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and balanced dataset. Noise waveforms are collected from pre-event time window (60 min-
utes before an event) in the catalogue. Noise waveforms are processed similarly to the
earthquake seismograms and are tagged as "noise” in the following annotation procedure.

2.4.2 Signal Processing and Annotation

Raw seismograms are then manipulated to produce ground-truth labels using a series of
signal processing steps. This is the most complex and tedious part of data preparation
in any AI/ML study. QuakeLabeler can help researchers navigate this step by providing
several signal processing tools. Most of these functions are implemented in ObsPy, which
is the standard Python package for processing seismic data ( , ).

Here we recommend 2 sets of signal processing and annotation workflows that are
most popular in Al seismic projects. Different workflows will impact training performance,
therefore we encourage users to generate different types of datasets and compare their
effects on their AT/ML models. Repetitive trials can help converge to the optimal training
dataset, which should cover enough waveform patterns for any specific project.
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Figure 2.4: Schematic of annotation options. From top to bottom: 1) simple phase
labels for classification; 2) specific phase labels for classification; 3) prediction probabilities
for phase picking; and 4) prediction probabilities for signal detection.

The first workflow performs only basic manipulations to the raw waveforms. By default,
we use QuakeLabeler to randomly crop the waveforms near each arrival time of interest
(e.g., P&S phases) and cut the trace to a fixed length (e.g., 5000 points). This random
cropping step helps reduce over-fitting. Fixing a uniform sample length for all waveforms
is the easiest input/output (I/O) design for most Al models. We do not remove the mean
and trend or apply any filter, which would inevitably change the original waveforms. Many
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supporters for this workflow believe that AI/ML models should be training based on the

original data as much as possible ( , ; , ). However, others

claim it is important to clean the data before training models ( , ; ,
). Therefore, our second recommended workflow is to manipulate the raw seismograms

in a similar way to what is done by analysts in routine processing ( ,
), which includes demeaning, detrending, resampling, band-pass filtering, etc.

Annotation can take many forms in QuakeLabeler. To build labeled datasets for clas-
sification and phase picking projects, QuakeLabeler supports a simple labeling mode to
annotate each waveform with P-phase, S-phase and Noise tags. Alternatively, QuakeLa-
beler can annotate by specific phase types such as PcP, ScS, Pg, Sn, etc., thanks to the
ISC arrival bulletin’s human-reviewed catalogues. Furthermore, QuakeLabeler also imple-
ments annotations as probability distribution functions, which are often used in seismic
ML projects as output channels ( , : , ), where a
Gaussian (normal) distribution represents the possibility of arrival. A Rectangular dis-
tribution stands for a positive seismic signal (Fig. 2.4). As for other ML tasks such as
hypocenter and/or magnitude estimation, QuakeLabeler annotates the waveforms using
the paired event-station meta data (Tab. 2.5).

Table 2.5: Example paired station and event information that is provided as meta data in

QuakeLabeler.
EVENTID: 14223208,
STA: 104A,
ARRIVAL_LAT: 43.7941,
ARRIVAL_LON: -122.4113,
ARRIVAL_ELEV:  731.0,
ARRIVAL_DIST: 3.51,
ARRIVAL_BAZ: 24.9,
ORIGIN_LAT: 40.6274,
ORIGIN_LON: -124.4529,
ORIGINL_DEPTH: 21.6,
ORIGIN_DATE: 2010-01-10,
ORIGIN_TIME: 00:27:42.10,
EVENT_TYPE: MS,
EVENT _MAG: 6.3
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2.4.3 Export and Visualization

QuakeLabeler supports various export file formats for the labeled waveforms, such as Seis-
mic Analysis Code (*.sac), mini Standard for Exchange of Earthquake Data (*.mseed),
NumPy (*.npz) and MATLAB (*.mat). The labeled data are automatically written into
the target folder in a local directory. Data are randomly assigned into 2 different sub-
folders as a training sub-set and a validation sub-set. By default, the training dataset
includes 80% of the data for model training; the validation dataset takes the rest of the
samples to test the model’s performance. For each sub-folder, the labels are completely
independent and none of the training samples can leak to the validation sub-set.

The most significant advantage of the export module is that QuakeLabeler can create
flexible types of annotated waveforms (Fig.2.5). For example, running a quick-start-recipe
in beginner mode, EQTransformer ( : ) and PhaseNet’s( :

) original waveform format can be applied. In this way, the generated dataset can
be directly used as input into AI training or validation without editing the structure and
format of the dataset. Moreover, users are allowed to fully customize waveform annotation
in the advanced mode. Flexibility in export options allows QuakeLabeler to serve various
processing methods and codes.
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Figure 2.5: Examples of annotated waveforms. The workflow for EQTransformer
format applies a band-pass filter from 1-45 Hz; the other workflows have minimal pre-
processing. These format options can be directly applied in the Beginner Mode.

In the final stage, QuakeLabeler exports several relevant graphs and human-readable
documents to help users understand and visualize the properties of their dataset using
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charts, graphs, maps and meta data. Moreover, the meta data will be saved as comma-
separated-value (.csv) files for further external processing. In QuakeLabeler, users can
examine the magnitude distribution from a histogram (Fig. 2.7); observe station locations
(Fig. 2.8) and events (Fig. 2.9) on maps; and check specific samples of the dataset (Fig. 2.6).
These extensions provide ways to visualize and understand trends, outliers, and patterns
in the dataset.
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Figure 2.6: Example of ground-truth labels for of training sample for Pn-wave
arrival. Top 3 sub-figures are 3-component seismograms, bottom 2 sub-figures are output
probability distribution for phase picking and signal detection, respectively.
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Figure 2.7: Example of magnitude distribution of global earthquakes M > 5 that
occurred in 2018, from one of the available benchmark datasets.
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Figure 2.8: Example of station distribution (inverted triangles) in the Pacific
Northwest region of North America, taken from the Cascadia benchmark
dataset.
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Figure 2.9: Example of earthquake distribution extracted from the Cascadia
benchmark dataset. Magnitudes scales with symbol size.

2.5 Prospective Applications

As mentioned above, QuakeLabeler does not provide a static benchmark dataset but is
instead a dataset creation tool that offers a large range of prospective applications. Many
seismological tasks can be connected to QuakeLabeler dataset service, i.e., denoising, event
detection, phase picking, magnitude estimation, hypocenter determination, etc. Here we
provide examples where QuakeLabeler can help researchers develop their AI models.
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2.5.1 Phase Picking

Here we present a case where QuakeLabeler is used to create a dataset for training a phase
picking AT model to improve the detectability of small earthquakes. We use QuakeLabeler’s
advanced running mode to design our training dataset for the Cascadia subduction zone,
which is characterized by a wide variability of earthquake focal depths. We select a ten-
year period (2008-2018) as our time window of interest and a rectangular research area
(W110°0, W140°0’, N30°0’, N60°0"). All types of ambiguous phase picking cases are
covered in this dataset due to the variability in earthquake types, source environments
and onshore-offshore observational bias. For instance, long-duration P wave coda and the
long time lag between P and S phases that occur in this data set often hamper a robust
determination of S-wave picks. We take the lightest signal processing approach, which only
applies random arrival labels, and crop samples at the same length. This sample form is
similar to cropped raw seismograms containing weak seismic signals that are difficult or
impossible to identify visually. The addition of small events allows our training procedure
to self-learn unseen signal features from natural intricate seismic patterns.

A U-Net model is applied to this dataset. The U-Net creates a mapping from five
input channels (three-component seismograms plus two filtered traces) to three-channel
probability functions describing the current data point as a P arrival, S arrival, or non-
arrival ( , ). We compare our proposed model with PhaseNet and AIC
picker from Obspy ( , ). The results show that our model is highly robust
to small magnitude, complex source wavelet patterns, and low signal-to-noise ratio cases
(Fig.2.10). Our prediction results match those in calibrated earthquake catalogues and
demonstrate their high precision and generalization performance.
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Figure 2.10: Examples of automated arrival time picking using training data from
the Cascadia dataset available in the benchmark mode. These examples highlight
the variable signal environments in the training data for small-magnitude earthquakes.

2.5.2 Model Comparison

Comparing different seismic Al models in QuakeLabeler’s benchmark mode can be more
straightforward and objective than previously published static benchmark datasets. With
the benefit of flexible export options, QuakeLabeler can reproduce training datasets in
popular formats used in established AI/ML methods ( ;

, ; , ). This provides straightforward 1n81ghts into which
model is best suited for a specific field or application of interest. To help illustrate this,
we select the 2010 Cascadia subduction zone seismicity dataset available in the benchmark
mode, to test the accuracy of several popular approaches in earthquake detection and
phase picking tasks. This dataset includes 9,213 individually (human-)reviewed, body-
wave onset times (P- and S-wave arrivals) on a global scale. Over 30,000 annotated traces
can be applied for model comparison.

Model comparisons may include, for instance, seismic signal detection and phase pick-
ing for P- and S- wave arrivals. To compare signal detection performance, we applied
three deep learning models: EQTransformer, PhaseNet, CRED as well as a traditional
AIC picker(

) Y Y Y Y ) Y
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). For the phase picking task, we test EQTransformer, PhaseNet and AIC in P-
phase and S-phase, respectively. We set QuakeLabeler to produce test datasets in each
method’s unique data format to ensure adequately formatted output (e.g., EQTransformer
and PhaseNet dataset formats). CRED’s and AIC’s sample formats are easily set based on
their original paper’s descriptions( , ; , ;

, ; , ) using QuakeLabeler’s custom waveform options. Within two
hours (with a modest connectivity and a desktop computer), the required four datasets
are successfully collected. We run the test procedure in each method and generate the
following performance summary (Tab. 2.6). In this comparison, EQTransformer (

, ) yields the best accuracy in both detection and phase picking tasks, which
shows that EQTransformer has better performance in identifying earthquake signals at the
Cascadia subduction zone than any other method. Comparison results testify that deep
learning models have better detection ability than traditional methods. Although auto-
mated S-phase picking remains challenging, these Al-based approaches are worthwhile in
massive seismic detection tasks.

Initialize Benchmark Mode. ..

D N O T BRI S
LN -1 "N/ NN CNCH T O i
L A TN T d N, 1T NG N N

Benchmark mode posts well-organized datasets of the current hot research areas.
Follow these postings; users can reproduce the same datasets in QuakelLabeler
without extra options input. All relevant information, graphs, and documents

are generated simultaneously.

Select one of the following sample fields: [1/2/3/4]
[1] 2010 Cascadia subduction zone seismicity.
[2] 2011 Tohoku earthquake and tsunami.
[3] 2016 Oklahoma induced seismicity.
[4] 2018 earthquakes in Southern California M > 5.5
[5] 2019 Global earthquakes M > 5.5
[@] Re-direct to Running Mode Selection.

Figure 2.11: Screen capture of the benchmark mode menu. Benchmark models help
rapidly produce well-organized datasets, and includes various graphs, statistical data, etc.
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Table 2.6: Model performance

MODEL Detection accuracy P-phase accuracy S-phase accuracy
EQTransformer 0.98 0.99 0.94
PhaseNet 0.92 0.94 0.90
CRED 0.91 — —
AIC 0.74 0.77 0.68

2.5.3 QuakeLabeler with Google Colab

One of the limitations of QuakeLabeler is its reliance on good connectivity for querying
and downloading large amounts of seismic data. For instance, downloading the previously
published benchmark datasets (i.e., large HDF5 format documents) on a local device can be
time-consuming and some users’ connectivity may be unreliable for this task. To remediate
this, QuakeLabeler supports execution through a web browser with the help of Google
Colaboratory. Google Colab is a free Jupyter notebook environment running entirely
in the cloud ( , ). Most importantly, Colab supports the most
popular machine learning libraries, which can be easily loaded after creating a dataset
by QuakeLabeler. The most significant advantage is that the dataset can be saved in
Google Drive instead of a local machine, which enhances collaborative access and alleviates
connectivity issues.

Running QuakeLabeler in Colab’s hosted Jupyter notebook service may also be more
stable and efficient. In our stability testing, QuakeLabeler in Colab is faster than QuakeLa-
beler in the bash version (Tab. 2.7). Moreover, spontaneous breaks in connectivity will not
affect the execution of QuakeLabeler when executed in Colab. Furthermore, because com-
putation is done on remote cloud servers, there are no minimum requirements for the local
device ( , ). For example, running QuakeLabeler on mobile phones and
tablets is possible. For further details about QuakeLabeler with Google Colab, please con-
sult the QuakeLabeler introduction Google notebook:

Table 2.7: Average Execution Time Table

Running Environment Initialization Global Search Advanced Search Total Time
Google Colab 7:00 4:30 7:35 50:45
Python Script 00:20 17:50 25:00 65:20
Interactive user interface 00:25 18:12 27:45 67:25
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2.6 Conclusion

QuakeLabeler was born from the need for seismologists and developers who are not Al
specialists to easily, quickly, and independently build and visualize reproducible training
datasets. The software provides three running modes to reach different types of users and
research goals. Users can design their datasets to target different spatial scales of seismic-
ity, i.e., local (< 400K M), regional (400 — 2000K M) and teleseismic (> 2000K M), and
magnitude scales from microseismic studies to large fault ruptures. QuakeLabeler can be
successfully used in studies of noise attenuation, earthquake detection, phase picking, earth-
quake location, magnitude estimation, etc. We invite contributions for new benchmarked
datasets (e.g., volcano-seismic activity, glacial quakes, induced seismicity). The current ver-
sion of QuakeLabeler is accessible under

A detailed documentation and extensive tutorial is online at

2.7 Data and Resources

Earthquake and noise waveforms are request from the Incorporated Research Institutions
for Seismology data management center (IRIS DMC,

The human-reviewed event catalogues are requested from the International Seismological
Centre (ISC, ). QuakeLabeler is available as a reposi-
tory on GitHub ( ).
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Chapter 3

Blockly Earthquake Transformer: A
Deep Learning Platform for Custom
Phase Picking.

3.1 Abstract

Deep-learning (DL) algorithms are increasingly used for routine seismic data processing
tasks, including seismic event detection and phase arrival picking. Despite many examples
of the remarkable performance of existing (i.e., pre-trained) deep-learning detector/picker
models, there are still some cases where the direct applications of such models do not
generalize well. In such cases, substantial effort is required to improve the performance by
either developing a new model or fine-tuning an existing one. To address this challenge,
we present Blockly Earthquake Transformer(BET), a deep-learning platform for efficient
customization of deep-learning phase pickers. BET implements Earthquake Transformer
as its baseline model, and offers transfer learning and fine-tuning extensions. BET provides
an interactive dashboard to customize a model based on a particular dataset. Once the pa-
rameters are specified, BET executes the corresponding phase-picking task without direct
user interaction with the base code. Within the transfer-learning module, BET extends the
application of a deep-learning P and S phase picker to more specific phases (e.g., Pn, Pg, Sn
and Sg phases). In the fine-tuning module, the model performance is enhanced by customiz-
ing the model architecture. This no-code platform is designed to quickly deploy reusable
workflows, build customized models, visualize training processes, and produce publishable
figures in a lightweight, interactive, and open-source Python toolbox. The BET package is
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available as a GitHub repository at

3.2 Introduction

In the last five years, the global seismological community has witnessed the emergence of
deep-learning (DL) as a promising candidate for undertaking large-scale seismic processing
and modelling tasks in modern seismology ( , ). Among many
other seismological applications, DL algorithms for earthquake signal detection and seismic
phase picking have had huge success, thanks to the existence of large-scale and publicly-
available archived waveforms and phase labels ( , ). DL models
are designed to learn intricate patterns concealed in seismic waveforms, identify seismic
signals and their relations with desired targets such as seismic wave arrival times (i.e., P-
arrival, S-arrival, etc.) without human intervention. One obvious application of DL phase
pickers is in the automation of seismic data processing in near real-time earthquake mon-
itoring workflows that are routinely operated by regional, national and international net-
work operators to improve the accuracy and completeness of earthquake and seismic event
catalogues ( , ). In addition to improving magnitude-frequency distributions,
which are critical for seismic hazard assessment and forecasting ( , ), DL
phase pickers may have utility in verification seismology, specifically in the identification
of P- and S-phases of very low-yield (e.g., 107* — 107'kT"), low-magnitude (e.g., myl — 3)
nuclear explosions. Such events are best recorded at local distances (< 150 — 200 km) by
regional seismic network operators ( , ). Algorithms based on DL phase pickers
like the ones presented here can expedite the creation of reliable earthquake catalogs. Re-
cent reviews of the state-of-the-art applications show that DL-based models outperform
classical characteristic function—based models in many scenarios, such as fast detection of
P and S arrivals in a global benchmark dataset, and for finding S-waves that are obscured
by the coda of earlier phases ( , ; , ;

Y ) Y Y )

Although DL applications have shown promising performance and resulted in interest-
ing outcomes, the path to developing more effective DL models is not always clear and
efforts have been uneven. The model development procedure is often fraught with diffi-
culties with the consequence that any new DL project requires the investment of massive
amounts of labour and research resources. DL-based approaches for seismic data process-
ing face similar issues, but most of the steps have unique prerequisites that cannot be
migrated from previous work. Standard DL workflows can be summarized in four steps:
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1. Pre-processing: This step prepares the training and validation data, and includes
data collection, cleaning, and labeling. Benchmark seismic datasets such as STEAD
( : ), INSTANCE ( , ), and DiTing ( :

) provide high-quality labeled data for training and model building. However, the
number of these benchmark datasets and their applications is limited. Alternatively,
applying a custom seismic sample toolbox such as QuakeLabeler ( ,

) can generate labeled datasets for training based on users’ demands. The quality
and distribution of the training data ingested by the DL algorithm have a large impact
on the performance of the resulting model. Good training data should have qualities
such as relevance, minimal labeling errors, wide distribution representing various
real-world classes, few missing or repeated values, etc.

2. Training: In the training step, the pre-processed seismic data are passed to a specific
DL architecture to find patterns within the seismic signals and learn to pick seismic
phase arrival times. Many DL models have been proposed recently, including U-Net
models such as BasicPhaseAE and PhaseNet ( ,

). Convolutional and Recurrent Neural Network (CNN and RNN respectively)
earthquake event detectors include CRED and DeepPhasePick ( , ;
, ), as well as more complex architectures like Earthquake Trans-

former (EqT) that adds self-attention layers ( : ).

3. Validation: Before building a final phase picker model, the validation process allows
testing the model against data that have not been used for training. In general,
20% of the entire dataset are retained and excluded from the training dataset. The
performance of the model on this validation set represents how likely the model is
to succeed in correctly predicting phases in the face of independent seismic data. A
trained model could either be approved (i.e., deemed satisfactory), tuned, or rejected
based on the validation results ( , ). The validation stage should
not be time-intensive; however, if the model is rejected, the project returns to the
training stage to revise the architecture and parameters. This training and validation
loop continues until a model is approved.

4. Deployment: The approved DL picker moves on to the model development stage and
is then applied to different target regions/datasets, or at various scales ranging from
local and regional scales to global scales, depending on the prescribed architecture.
It is common that a performing DL model fails to yield satisfactory results using a
new benchmark dataset or a new target region (e.g., , ), meaning
the model has weak generalization. This may be due to different data distributions
between the training dataset and the data collected from the regions of interest; DL
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models cannot guarantee performance if the new dataset is not statistically similar
to the training dataset. Such generalization issues almost always arise, and there is
always a limit for the performance of a DL model ( : ).

To shorten the development cycle of DL phase pickers, transfer learning (TL) has been
shown to be an effective solution for efficient reproducibility. TL builds new DL picker mod-
els from pre-trained models using partially or fully pre-trained hyper-parameters (weights)
and network architectures to reduce the training time. This is a rapidly growing field
in DL research, which reduces the massive computation requirements and time resources,
and improves upon data-deficient tasks. A few early attempts have proven the success of
TL, especially benefiting research projects with too few data to train a full-scale model

( , : , ). For instance, TL was utilized in Italy to enhance
the earthquake ground shaking predictions using only a limited amount of training events
(a few hundreds) ( , ). Another example is the Phase-Net model that
was re-trained using TL to augment the accuracy of mesoscale monitoring systems in seis-
mic phase picking ( , ). Nevertheless, in seismic phase picking applications,
TL only addresses specific situations, such as extending the model’s application to other
regions or seismic phase types ( , ). On the other hand, if a need arises to

re-train and deploy new models for specific data/regions, users need to consider all steps
of the model-building cycle and their technical requirements, as outlined above. Although
TL is an effective and flexible approach, its implementation is often not straightforward.
Seismologists who are not familiar with neural networks and/or common programming
languages used in machine learning (e.g. Python) often find it time-consuming and cum-
bersome to apply TL.

In other research fields that face similar challenges, the solution is often to use pro-
fessional interactive platforms to design, train, and develop industry-level Al applications
( , : , : , ). Interactive DL platforms acceler-
ate related research, and reduce the number of repeated steps and duplicated efforts among
different research groups. For instance, in natural language processing, notable projects
include NVIDIA Transfer Learning Toolkit ( , ) and EasyTransfer
( , ). These platforms allow users to load existing models from built-in
libraries, configure training settings, and perform training, validation and deployment with
minimal programming operations. To the best of our knowledge, no such platform exists in
the seismological community. The only python toolkit with similar functions is Seisbench,
which implements previously published models that can be loaded to reproduce the built-
in models and datasets ( , ). However, if users want to use Seisbench
to create new models or apply them to new data, code rewriting becomes an unavoidable
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part of the process; i.e., users need to learn the Seisbench API to write custom codes with
similar PyTorch syntax as Seisbench’s examples ( : ).

To address these challenges and accelerate the adoption and development of DL pick-
ers in seismology, we propose an easy-to-use, no-code, interactive platform — the Blockly
Earthquake Transformer (BET) — for customizing DL pickers. BET uses Earthquake Trans-
former ( , ) as its base model. It provides a user-friendly interface to
create new models and perform TF and fine-tuning using an interactive approach. BET’s
high flexibility and simplicity make it possible for users with a wide range of background
knowledge and expertise to design and adjust DL models without in-depth DL knowledge.
Blockly Earthquake Transformer is open source and is released under the MIT License. In
the following section, we present the BET infrastructure and its possible configurations.
Next, we provide three demos demonstrating BET’s efficiency, effectiveness, and scalability.
Finally, some potential applications of BET are discussed.

3.3 Methods

BET is entirely written in Python, combining Jupyter interactive widgets and Voila to
render a stand-alone web application ( : ). The graphical interface of
BET is shown in Figure 3.1. The BET dashboard allows users to design, analyze, and
deploy industry-level phase-picking projects with little to no prior experience in Python or
machine learning. For advanced users, built-in models and functions are easy to extend or
rewrite through revisable APIs that can be found in the underlying Jupyter notebook.

Essentially, BET executes a tight pipeline of modules, which includes uploading datasets
and pre-trained models (optional), setting up model configurations, training, validating and
deploying. Additionally, built-in modules support automatic pre-processing of datasets,
monitoring training performance, and saving the training history (which can be reloaded
to continue training or to restore a previous model version) and diagnostic figures. Based
on these utilities, users can either launch and apply pre-trained models to new datasets or
design new DL or TL models in a short time frame.

3.3.1 Data Management

Preparing a good quality dataset for neural network training and model building is a chal-
lenging and labour-intensive task. It is often complicated to set up a robust quality control
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block|y Blockly Earthquake Transformer

eqtransformer o _
A Python Toolbox for Customizing Seismic Phase Pickers

Upload HDF | ../ModelsAndSampleDatal100samples.hdf5

Upload CSV | ../ModelsAndSampleDatal100samples.csv

* Installed Models

» Training Configs

» Training Performance
» Validation

» Deployment

Figure 3.1: Screen Capture of the Blockly Earthquake Transformer Dashboard.
BET provides a complete interactive workflow. Users can run BET’s modules by defining
their parameters interactively.

procedure to eliminate erroneous labels and make the distribution of training data as di-
verse as possible. The BET data management module allows users to upload seismograms,
which will be saved in a single Hierarchical Data Format version 5 (HDF5) archive file.
The related information (metadata) should be supplied in a comma-separated values (CSV)
file. If the file format of the uploaded dataset is compatible with STEAD (Mousavi et al.,
2019a), BET can automatically parse it. However, if there are any complications, it is
recommended to use QuakeLabeler (Mai and Audet, 2022) first to convert the dataset into
the STEAD format. If the configuration of the uploaded data (e.g., sample length, input
channel size) conflicts with the model configuration requested, BET’s data management
module will initialize the built-in pre-processing functions to attempt to fit the dataset
into the model’s prerequisites, if possible. For instance, if the length of raw seismic traces
is less than the model’s pre-defined channel length, the data augmentation module will be
activated to adaptively duplicate a fragment of the trace away from the seismic signals
to pad to the required sample length (see an example in Figure 3.2); if the length of raw
seismic traces is non-uniform and beyond the required input shape, a trimming method is
applied to crop the trace where seismic signals exist (Figure 3.2).
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Figure 3.2: Example of trimming and data augmentation. In 3.2 a, the model’s
input size requires 2500 sample points, but the raw data has 4500 sample points per trace.
The BET trimming module adaptively trims 2000 non-signal sample points from both ends
of the raw trace. 3.2 b is the trimmed trace which fits the input size. In 3.2 ¢, another
model’s input size requires 4,800 sample points, but the raw trace only has 2,500 sample
points per trace. The BET data augmentation module automatically adaptively duplicates
2,300 non-signal sample points that are pre-appended to the raw trace. 3.2 d shows the
trace after data augmentation.

3.3.2 Model setup

Two types of model installation options are available in BET: 1) load a pre-trained model,
and 2) create a new model. The first option will initialize a DL model based on the selected
pre-trained network structure and hyper-parameters. The advantage of this option is that
training data size can be minimal since the common seismic signal characteristics have been
previously understood by the pre-trained models. Later, users can apply transfer learning,
fine-tuning, and/or new model methods to customize models using a ”warm start” (i.e.,
an optimal solution to a simpler optimization problem that sets initial values based on
parameter information gained from a previous training dataset). The option to create new
models is targeted to advanced users who wish to explore new architectures in addressing
more complex tasks, for which current DL pickers face obstacles. In either case, users can
use the BET dashboard to create model architectures without any coding involved (Figure
3.3).
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Transfer learning and fine-tuning

Transfer learning and fine-tuning options help users to optimize the performance of a pre-
trained model to a new data set (i.e., a new target region, new epicentral distance ranges,
or phase types) with minimum effort. They minimize the model’s revision procedures, but
often produce high-quality models that result in performance enhancement. In transfer
learning and fine-tuning, most of the hidden layers are set as frozen layers, which means
that their hyper-parameters won’t be updated during training; frozen layers will not cost
further training time. Therefore, most of the computation resources are instead dedicated
to the learning of new unique features representing a particular task or dataset at the very
bottom hidden layer (where more high-resolution features are extracted from the data).

Note that the transfer learning and fine-tuning modes request users to select one of
BET’s supported pre-trained models (hyper-parameters combined) in the model setup
dashboard. This is the most convenient way to start a new seismic signal detection/picker
project when data and/or computation resources are limited. The default transfer learning
mode is the easiest way to start a new project because it only requests users to design
input/output (I/O) channels and set training strategies. If the transfer learning mode
cannot realize the user’s performance requirements, BET offers the fine-tuning mode to
activate more frozen layers and make small and precise adjustments of the model’s hyper-
parameters. This results in improved models but at the cost of an increase in training
time.

Creating new models

BET allows designing new DL models based on Earthquake Transformer(EqT)’s network
architecture ( , ), which has been one of the most successful deep learning
approaches, both for seismic signal detection and phase-picking tasks. In recent years,
many transfer learning applications have shown that EqT is well suited for the migration
to different phase- plckmg tasks after re-training or light-weight model revisions (

, ). Figure 3.4 shows the general EqT framework
Wthh is used by default by BET. Users can revise the framework by specifying different
arguments via this interactive form, e.g., numbers of filters, kernel size, padding function,
activation method, amount of 1D convolutional neural network (CNN) blocks and bi-
directional and uni-directional long-short-term memory blocks. These arguments control
the framework of the newly created DL model, which will generate an EqT-like DL picker.
This customization can be done via the BET dashboard, which means that no programming
is required. Furthermore, BET also provides the complete API hidden in its Jupyter
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notebook, giving advanced users the possibility to rewrite or extend the other parts of the
network architecture, e.g., adding new types of neural network units.

~ Installed Models

Madel Setup

Pre-trained Models Create New Model

Mumbers of fil... | (8, 16, 16, 32, 32, 64, 64)
Kernel size (11,9,7,7,5,5,3)
padding same

activation relu

cnn_blocks 5

BiLSTM_blocks | 2

Figure 3.4: Screen Capture of BET’s Model Setup dashboard, with the ”Create
New Model” tab activated. Users can customize the model architecture via this dash-
board to build new models at different scales.

3.3.3 Training Configuration

Designing a training configuration is the last step before training a DL model, and can be
done interactively through the BET dashboard (” Training Configs”; see Fig. 3.5). Most of
these arguments are straightforward, and their descriptions are shown in Table 3.1. The
most important part of the training configuration is the designing of input/output (I/0)
channels. Here we give a brief overview to help users understand the mechanism of I/O
channels in a DL picker.

Input channel

In a DL project, prepared datasets must be compatible with I/O channels of the pre-trained
model, e.g., the EqT model receives 3-component seismic traces with 6000 sample points
each (6000 % 3). If the new datasets do not satisfy the model’s input shape, errors will be
raised during training unless the data have been correctly trimmed or augmented (\ousavi
et al., 2020). This always hinders the quick application of pre-trained DL models to new
data; fortunately, BET allows users to customize the input data shape. For instance, a
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Table 3.1: Training Configuration

Argument Name Description

Train-Test Split Ratio Retained data used to test model performance.

Drop Rate Dropping out rates (to avoid over-fitting).

Batch Size Amount of training examples utilized in one iteration.

Epoch One training iteration.

Patience The number of epochs to wait before an early stop if there is no progress.
Output Name Folder name of the generated DL/TL model.

single trace input (e.g., 5000 % 1) or multiple input channels (e.g., 6000 * 5) are allowed.
Once users complete the parameter input form, BET will automatically rewrite the input
data format. To offer more flexibility, BET will also check the compatibility between the
training data and the model’s input shape, and (if possible) automatically pre-process the
training data to ensure compatibility. Various input data sampling rates are acceptable,
making it possible to utilize a variety of datasets in the DL models.

Output channel

The output channels represent the prediction probabilities of each identified seismic signal
or phase existing at each sample point. BET defines output channels from a pre-defined
list of phase types (or labels) shown in Figure 3.5. Based on the supported labels, various
output combinations can be formed. As a default, BET offers three major categories
of output channels: seismic signal detector, P-phase picker and S-phase picker. Seismic
signal detector distinguishes between seismic signals and noise. Note that, in contrast to
the original EqT model output that annotates the full length of the seismic signal on the
seismograms, the seismic signal detector channel in BET annotates a very limited time
window (about 1-2 seconds), which is similar to the phase picker channels. Experimental
results showed that, in this way, convergence of the model is faster during training. For the
phase picker channels, users can select the default P and S pickers, or additional channel
identifiers, i.e., P, Pg, Pn, S, Sg, Sn, etc, if those labels are available in the training
metadata (i.e., catalog picks). BET will automatically rewrite the output channels based
on these selections. Alternatively, users can use the default P and S labels as surrogate for
other binary labels, for example, blasts and natural earthquakes, to start training a new
model for the discrimination of anthropogenic and natural events.
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= Training Configs

Training Configs
e

Train-Test Spilt Ratio (... 80.0
Drop Rate 0.2
Input Dimention | (6000,3)
Phase Types Detector

P

Pn

Pg

5

Sn
Sg

Batch Size 32

Epochs 200
Patience 20
Qutput Name output

Launch Model

Figure 3.5: Screen Capture of BET’s Training Configuration Dashboard. In this
dashboard, users can select different training options, i.e., TL, fine-tuning or training a
new model, and other training related arguments.

3.3.4 From Performance to Deployment
Training performance

BET has a built-in visualization tool to display the training performance and monitor the
loss function of all defined phase types. The loss function is a method to evaluate the
difference between predicted seismic arrival times and the ground truth labels (authentic
phase labels), where loss is proportional to error rate (Christoffersen and Jacobs, 2004).
For example, in Figure 3.6, the loss function decreases to a very low rate and remains
stable, which means a successful training procedure is complete and the trained model has
a very low probability of making an erroneous prediction in arrival time. We note that
not all training procedures will be successful and generate ideal loss functions like the ones
shown in Figure 3.6. For a well-trained dataset, generally 25 training iterations (epochs)
or greater are required to minimize loss for P- and S-wave pickers and detectors. It is
common to encounter loss functions that remain high or fluctuate. In these cases, users
need to consider redesigning the network architecture and retraining it.
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Figure 3.6: Screen capture of training performance. The loss function for each output
channel and the overall loss decrease linearly with epoch until they reach a stable value,
where loss no longer decreases.

Validation and deployment

Validating the newly trained DL model is essential to ensure its performance and accuracy
(Eelbode et al.,,; 2021). During validation, a sufficient quantity of samples in proportion to
the overall size of the dataset, but not considered in the training set, is used to validate the
model’s performance. These samples are preserved from the split dataset. If the validation
results are as good as in the training dataset, the model has not been over-fitted and the
new picker is ready to be deployed. Although there are no standards for evaluating a
model, BET provides three types of supporting files to help users evaluate their trained
models. In the specified output folder, users can find detailed test results to evaluate the
model’s performance, i.e., a summary table (*.CSV) containing all the picked results, a text
file (*.TXT) reporting the configuration parameters for prediction and model performance,
and a figure folder containing the picked arrivals (default: 10 examples of picks). BET
also offers a deployment dashboard to quickly apply newly trained pickers to large-scale
datasets (see Figure 3.7). When the deployment is complete, BET exports several sample
graphs and human-readable documents to help users visualize and understand the model
predictions (see Figure 3.13). These extensions provide ways to visualize and understand
model predictions, avoid repetitive labour and let users focus on analyzing performance.
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= Validation

Model | Jpretrained/EqT_model.h5

HDFS | ./ModelsAndSampleData/100samples.hdfs
Testset | ./est_trainer_outputsitest.npy
Output | test_output

Validate

~ Deployment

Deploy

Model | ./pretrained/EqT_model.h5
HDFE | ../ModelsAndSampleData
Output | prediction_output

Predict

Figure 3.7: Screen Capture of Validation and Deployment Dashboard. When
the user finishes a training process, the validation and/or deployment dashboard can be
activated based on training results, e.g., input training output folder and other user-defined
arguments.

3.4 Prospective Applications

In this section, we present three examples that cater to novice, intermediate and advanced
users, respectively, to illustrate the flexibility and applicability of BET for phase-picking
projects. For novice users, BET provides a convenient way to understand how deep learning
models can be deployed in earthquake detection and phase-picking projects. For interme-
diate users, BET can be used to train new deep learning and/or transfer learning models
to address specialized phase-picking tasks. For advanced users, they can fully customize
deep-learning models to create novel deep-learning pickers. The focus of this section is to
give users a quick overview of BET’s capabilities, rather than to showcase the accuracy of
any particular trained model. We will focus on various case studies in future work.



3.4.1 Deploying pre-trained models for earthquake detection and
phase picking

Using a pre-trained model can be a good way to get started with deep learning, especially
for novice users with little experience in DL model training. To deploy a pre-trained EqT
model on a new dataset, the user may skip the training and validation steps, and start
with the deployment module. BET provides built-in, pre-trained models and associated
files, such as weights. Alternatively, users can download pre-trained models, obtained
from other transfer learning applications using the EqT framework. The user then defines
the model’s file path on the BET deployment interface (see Fig. 3.8), and BET will load
the model, the associated weights and the configuration. Other than choosing a pre-
trained model, users only need to pass the new dataset through the model and use the
probability output to make predictions. On the user’s end, BET requires the prepared
dataset directory be defined (see Fig. 3.8). The input dataset should be similar to the
STEAD dataset ( , ) to avoid running into errors. Building a dataset
for deep learning may be challenging for novice users. To remediate this, BET provides a
tutorial notebook to convert seismic data to a STEAD-like dataset. Alternatively, users
can use QuakeLabeler to generate a dataset that matches the STEAD format (

, ). As described previously, BET has an auto-preprocessing module to adjust
the input dataset (e.g., reshape the input size, drop data with insufficient information,
etc.) to avoid errors during deployment.

Here we use a built-in dataset in STEAD format to showcase how to use the pre-trained
EqT model to pick events. This dataset is the same example dataset as the original
Earthquake Transformer package ( , ); it contains 99 human-reviewed
local earthquake events. To try this example, users can skip to the deployment interface and
press the 'Predict’ button. BET will then load the pre-trained EqT model automatically
(see Fig. 3.8). Typically, it takes 1-2 minutes to load the pre-trained model in the backend,
depending on the available computational resources. In the second step, BET will auto-
extract waveforms from the user input dataset directory’s HDF5 file and send them to
the model’s input channel. The pre-trained EqT model predicts the probabilities of the
P-phase and S-phase on each data point. In the final step, all detected events are saved in
a CSV file with some example visuals stored in a separate folder.
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v Deployment

Deploy

Model | ../pretrained/EqT_model.h5
HDF5 | ../ModelsAndSampleData
Output | prediction_output

Predict

Running EqTransformer 0.1.59
**% Loading the model ...

2023-01-05 10:20:58.311764: I tensorflow/core/platform/cpu_feature guard.cc:142] Your CPU supports instr
tions that this TensorFlow binary was not compiled to use: AVX2 FMA
2023-01-05 10:20:58.361064: I tensorflow/compiler/xla/service/service.cc:168] XLA service 0x7f8a46a579f0
xecuting computations on platform Host. Devices:
2023-01-05 10:20:58.361081: I tensorflow/compiler/xla/service/service.cc:175] StreamExecutor device (0
Host, Default Version
**% Toading is complete!
######### There are files for 1 stations in ../ModelsAndSampleData directory. #########
========= Started working on 100samples, 1 out of 1 ...

0% | 0/1 [00:00<?, ?it/s]

*** Finished the prediction in: 0 hours and 0 minutes and 18.0 seconds.

*** Detected: 99 events.

*#*% Wrote the results into --> " /Users/hao/Documents/Package/BlocklyEQTransformer/notebook/prediction_
tput/100samples_outputs "
100 OO T T T T P T T T P T T T P P P T P P P T T P T PP T P T PP T P T PP TP T PP P T P T
B 1/1 [00:17<00:00, 17.958/it]

Figure 3.8: Screenshot of using a pre-trained model to detect and pick earth-
quake events. Users can use BET’s built-in pre-trained models (and weights) to predict
earthquake events. Following the procedure outlined in this paper, the user defines the file
path and selects the 'Predict’ button. BET automatically detects the earthquake events
in the dataset and generates results and example visuals in the output folder. The de-
ployment stage generally takes a few minutes, depending on the size of the dataset and
computational resources.

3.4.2 Training models on new datasets
Deploying an Al picker in a new scenario (e.g., different input channel requirements, spe-
cific regions with no prior training data, etc.) may require the laborious adaptation of

previously published DL or TL models. BET is designed to facilitate the training of new
deep-learning models on user-defined datasets. The first step for training a new model
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is dataset preparation in the STEAD format. We illustrate the training functionality in
BET by collecting training data waveforms from the Canadian National Seismograph Net-
work, CNSN ( , ) and events from the National Earthquake
DataBase, NEDB ( : ) for Cascadia Subduction Zone seis-
micity between 2015-2019 (see Data and Resources). For the training dataset, a subset
of 726 earthquakes, including 27,219 manual picks of magnitude > 2 (see Fig. 3.9) are
extracted from the NEDB between 2015-01-01 and 2019-12-31. A magnitude threshold
of 2 was chosen based on previous studies ( , ). We first use this dataset
to evaluate the pre-trained EqT model for this new region (Cascadia) and use transfer
learning to improve the model.

52°N

50°N A

48°N A

46°N 1

44°N {

128°W 126°W 124°W 122°W 120°W 118°W 1168°W
1 2 3 4 5
Magnitude

Figure 3.9: Geographic data distribution of earthquakes of magnitude M > 2,
from the training dataset extracted from the NEDB catalog (

, ) from 2015-01-01 to 2019-12-31. Blue triangles represent the seismic
stations. Circles represent earthquakes, with size and color scaled to event magnitudes.
The NEDB dataset contains single trace P- and S-labeled, manually-picked phases and is
used in this study as a training dataset to introduce BET’s training module.
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The second step is to define the architecture of the model. Here we select the "Transfer
Learning’ function for illustration. In the new dataset, each sample uses one channel
of input trace; the vertical component for P arrivals and one horizontal component for
S arrivals. This input structure differs from most published DL models, making direct
application of the pre-trained EqT model challenging. However, for transfer learning on
the EqT model, the user needs only to specify that the input shape is that of the original
EqT model(i.e., 6000 * 3) and set up other arguments as shown in Table 3.2. The new
dataset will be automatically formatted as the EqT model, and fed into training in BET’s
backend. In this case, EqT pre-trained model weights are still acceptable as a warm start
to accelerate model convergence.

The transfer learning and fine-tuning options are suitable for users who do not have
access to arrays of GPUs for computation. A single desktop-level GPU (e.g., GTX 1080I)
or workstation with CPU cores (e.g., 8 cores of Intel i7) can complete a training step
in a few hours. When training is complete, the next step is to test the accuracy of the
trained picker in the validation dashboard. We use the validation dataset (2,721 samples),
which gets automatically split when loading the dataset, to test BET’s prediction accuracy.
Performance comparison of the original EQTransformer (V1.59) model and the BET newly-
trained transfer-learning model (Table 3.3), demonstrates that the new picker has improved
detection ability. The original EqT model’s low accuracy suggests that the NEDB data
distribution differs from the STEAD dataset. Figure 3.10 shows a predicted result from the
newly trained picker. This example illustrates a promising method for improving picking
in a region where the DL model has never been applied.

Table 3.2: Model Configuration for Cascadia Picker

Model Configuration

Input Dimension (6000, 3)
Train-Test Spilt Ratio 0.8

Training Mode Transfer learning
Drop Rate 0.2

Phase Types P, S

Batch Size 100

Epochs 100

Patience 20
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Trace Name: CASCADE.BTB.CN_201501022023001142_EV
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Figure 3.10: Representative predicted P and S arrival in Cascadia test dataset.
The trained picker correctly identifies P and S phase from a N-component seismic trace.
The human-reviewed P and S arrival times are taken from the NEDB catalog at station
CN.BTB for a magnitude 2.0 event on 2015-01-02 at an epicentral distance of 78 km. The
picker predicts a high probability (>0.6) at the correct sample position.
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Table 3.3: Model Performance on the CNSN/NEDB Validation Dataset

Model P-phase accuracy S-phase accuracy
EQTransformer (V1.59)  73.9% 66.6%
BET New Trained Picker 92.3% 88.6%

3.4.3 Beyond P- and S-phase picking

Here we present a case where BET is used to train a comprehensive Al phase picker to
extend the detectability of P and S phase arrivals and further include direct crustal phases
(Pg and Sg) and/or Moho refracted phases (Pn and Sn). We use BET’s fine-tuning mode to
create the model. In this example, we select all phase types in the configuration dashboard
(i.e., P, Pg, Pn, S, Sg, Sn), define the input channel as 6000*3 and use default values for all
training settings. We download three months (i.e., from June to September 2013) of data
from the U.S. Geological Survey (USGS) machine learning dataset ( : )
and convert it into STEAD format. This USGS dataset is publicly available and contains
a wide range of human-reviewed samples of the above 6 phase types. In this project, we set
0.8 as the training-test-split ratio to produce 31,254 training samples and 7,814 validation
samples (the data distribution map is shown in Fig. 3.11). In the USGS dataset, each
phase is centered in the trace, i.e., the original waveform is sampled at 40 Hz with a start
time 60 seconds before the first P-wave arrival, so the arrival time is at the 2,400 sample
point. Therefore, the original ground truth labels are fixed at a static position, which will
cause problems for the model in understanding the spatial features of the picking tasks.
However, once the data loading function is activated, BET will automatically pre-process
the dataset in its backend, augment sample length to the input shape and randomize arrival
positions to avoid biased training.

In this example, training reaches its best performance after only 7 epochs, at which
point the training is stopped automatically (after 2 hours 20 minutes of training time).
The pre-trained model (EqT version 1.59 model) provides the basic network structure and
a warm start. In this training solution, the total number of hyper-parameters is 378,667,
but there are only 4,871 trainable hyper-parameters. The 373,796 non-trainable hyper-
parameters are frozen layer units. This significantly reduces the training time and required
data size. The training is mainly limited to fine-tuning the new TL model to capture the
characteristics of new seismic phases (i.e., Pg, Pn, Sg, and Sn) by updating the learned
features at the final layers of the EqT baseline model, enabling the model to distinguish
between these phases. According to Table 3.4, the last three epochs of loss value are
relatively low (below 0.0420855), indicating a successful training despite a low number of
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2 Station

Magnitude

Figure 3.11: Geographic Data Distribution of the USGS dataset ( ,

) used in this application. The blue triangles represent the available seismic
stations. The circles represent earthquakes color-coded by magnitude. The USGS dataset
contains human-reviewed P, Pn, Pg, S, Sn and Sg labeled samples, and is used here as a
training dataset to test BET s applicability.

iterations and training samples. The accuracy in the validation set also indicates that this
newly trained phase picker can correctly detect P, Pg, Pn, S, Sg, Sn phases in the new
data in a similar way as the usual P and S phases. The output probability channel predicts
relatively high values (i.e., Pn, Pg channel > 0.8; Sn, Sg channel > 0.6) at the location of
seismic arrivals for the correct phase output channels (see Fig. 3.12), with other channels
correctly predicting very low probabilities (see Fig. 3.13).

3.5 Extensibility

BET allows users to customize various types of DL pickers. Based on different types of
datasets, BET can train models that encompass regional to teleseismic events and identify
signal types such as natural earthquakes, explosions, volcanic or even vehicle tremors. In
phase-picking tasks, phase types are no longer limited to only P and S phases, and can be
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Figure 3.12: Representative predicted Pn and Sn arrivals in the USGS dataset
( , ). The fine-tuned picker successfully detects a Pn-arrival and a
Sn-arrival at station AK.RCO1 from the USGS validation dataset. This event is human-
reviewed with a magnitude of 2.9 recorded at a distance of 161 km from the epicenter.

extended to P, Pg, Pn, S, Sg, and Sn. Furthermore, advanced users can implement other
phase types (i.e., to distinguish between natural earthquakes and blasts) by expanding
BET’s output channels at the scripting level. BET’s Jupyter notebook can be used to
replace the P and S types with Natural Earthquakes and Blasts, respectively. Then,
by running voila ( ) ) to reinitialize BET, these 2 new channels can be
utilized for training. More complex extensions are also allowable in BET’s scripting level
and outlined in the user manual.

3.6 Conclusion

The application and development of DL models are steadily growing in seismology. BET
provides a user-friendly platform for engaging a broader range of users, including those
without machine learning or coding experience. BET allows researchers to explore DL
pickers without having to worry about in-house computational power and other techni-
cal concerns. BET will prove useful in improving model performance and lowering the
magnitude of completeness of existing seismic catalogues. Similar packages can be devel-
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Trace Name: USGS.EYAK.AK 20130723011302_EV
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Figure 3.13: Representative predicted Pg and Sg arrivals in the USGS dataset
( , ). The custom BET picker successfully detects a Pg-arrival and a
Sg-arrival at station AK.EYAK from the USGS validation dataset. This event is human-
reviewed with a magnitude of 2.9 recorded at a distance of 65 km from the epicenter.

oped for other seismological tasks, including those in exploration seismology, where fine-
tuning pre-trained models by synthetic data is even more common due to the scarcity of
large-scale labeled training datasets. Other applications of BET are in the discrimination
between natural earthquakes and anthropogenic events, where separate training datasets
may be developed for each event types. This package will be both practical for students
to understand deep learning applications and convenient for research groups to deploy
large-scale phase-picking tasks. The BET package is available as a GitHub repository at
https://github.com/maihaol4/BlocklyEQTransformer. We encourage users to contribute
trained models to enrich the library of BET models.

3.7 Declaration of Competing Interests

The authors acknowledge there are no conflicts of interest recorded.

65



Table 3.4: Transfer Learning Performance in USGS Dataset

Phase Type Last Value of Loss Function Accuracy in Validation

P 0.0032257 99.5%
Pg 0.0100786 97.8%
Pn 0.0058863 98.2%
S 0.0113646 93.6%
Sg 0.0269472 94.5%
Sn 0.0420855 92.4%

3.8 Data and Resources

The (Canadian) National Earthquake Database may be found at
(last accessed June 2023). At this
time, the online database is searchable only from 1985 to the present and returns only
the solutions. Solutions and phase information for older earthquakes may be obtained
by contacting . Waveform data
and/or station metadata from the CNSN, may be retrieved via FDSN dataselect webservice
, via FDSN station
webservice , or via Sta-
tion Book

The Global Earthquake Machine Learning Dataset: Machine Learning Asset Aggrega-
tion of the PDE (MLAAPDE) from USGS may be found at
(last accessed December 2022). USGS

dataset provides 6 types of human-reviewed phases, i.e., P, Pg, Pn, S, Sg, Sn.
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Chapter 4

Investigating the Impact of Dataset
Architecture on Deep Learning
Models’ Performance for Automated

Phase-Picking

4.1 Abstract

The use of deep learning (DL) in earthquake detection and phase-picking tasks has pro-
duced transformative results in recent years. Driven by large seismic datasets, DL pickers
hold much promise in improving the accuracy of automated picks. However, the regional-
ization of seismic velocity and attenuation models makes the application of pre-established
phase pickers to new target regions challenging if the input seismic data distribution is not
reflected in the original training datasets. Furthermore, transfer learning of DL pickers
may not be possible due to the lack of reliable human-reviewed waveforms for training.
Perhaps the greatest challenge is that seismologists have no a priori knowledge of the
number of waveforms required for model training to achieve their desired phase-picking
accuracy and model residuals, or which proposed DL pickers can be applied directly to a
new target region without re-training. In this study, we explore the issues of DL model
performance by investigating the effect of increasing training sample sizes and examining
different deployment settings applied to new data. To this end, we retrain two of the most
popular DL pickers, PhaseNet and EQTransformer, using training datasets of various size
and then test the phase picking accuracy with the same validation set. From this study, we
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gain insight into how many waveforms should be included in a new DL project and which
additional factors (e.g., data preprocessing and standardization, picking method, tectonic
setting, etc.) might affect training and model performance. Our study provides a guide
for determining the optimal size of the training data set and model selection for future
studies.

4.2 Introduction

The rapidly increasing volume of digital data in global earthquake monitoring operations
presents a growing risk of human error and increased labor ( , ).
To address these concerns, automated workflows have been implemented to replace or as-
sist time-consuming manual operations, such as seismic discrimination and phase picking
( , ). However, due to the complexity of earthquake waveforms, monitor-
ing still heavily relies on the careful eye of seismic analysts ( , ).
The application of deep learning (DL) to earthquake monitoring has gained popularity
as a result of its improved performance compared to other automated methods, such as
short-time-average to long-time-average trigger (STA/LTA) and Akaike information cri-
terion, especially in noisy environments ( , ; , ; ,

). DL has been particularly successful in earthquake phase detection, leading to more
comprehensive catalogues and a better understanding of Earth structure ( ,

). In the past five years, numerous DL models have been proposed for event detection
and phase picking in various scenarios, including natural earthquakes, volcano monitor-
ing, and ocean-bottom seismic data processing ( , ; ,

; , ; , ; , ; , ).
Successful DL models, such as Generalized Phase Detection, PhaseNet, and Earthquake
Transformer (EQTransformer) have been widely adopted and implemented through trans-

fer learning ( , : , : , : ).
Open-source DL platforms like SeisBench and Blockly Earthquake Transformer are further
accelerating the development of new models ( , ; , ).

A key principle of DL models is that their high generalizability depends on the availabil-
ity of large amounts of seismic data for training. For example, the STanford EArthquake
Dataset (STEAD), which has been used to train PhaseNet and EQTransformer, contains
over 200 thousand 3-component seismic waveforms ( , ). Most suc-
cessful DL pickers and their transfer learning models are trained on STEAD or similar
published benchmark datasets, such as the Global Earthquake Machine Learning Dataset
(MLAAPDE), the GEOFON (GEOFOrschungsNetz) dataset, the Italian seismic dataset

68



(INSTANCE), and the Chinese seismic benchmark dataset (DiTing) ( : ;

, : , : , ). Although these DL models
have effectively addressed earthquake detection and automated phase picking problems on
these benchmark datasets, directly implementing a published DL model in new target re-
gion remains challenging. Detection capability cannot be guaranteed even when the models
are pre-trained on massive global benchmark datasets ( , ).

In practice, the entire development cycle of a DL model is lengthy and resource intensive
( , ). First, the collection of seismic data is both time-consuming and labor-
intensive. Creating an entirely new benchmark dataset within a limited research time frame
is nearly impossible for most researchers ( , : , ). In
addition, it may not be feasible to provide manually labeled data in quantities equivalent
to a benchmark dataset for certain specific research areas. Even if researchers manage to
prepare a large dataset, training remains a challenge due to the large number of trainable

parameters in deep learning models ( , ). Combined with computer
memory requirements to handle large datasets, this task typically requires several days or
even months of training time on high-performance GPUs ( , ). Such

extensive training is prohibitive for most researchers and significantly hinders the proposal
of new models or their application in practical scenarios. Although some studies explore
the limited training size of seismic data and apply transfer learning to solve overfitting and
model error in seismic phase arrival detection, the effect of training data volume on the
performance of DL pickers remains unclear ( , : , ), and many
practical issues remain to be addressed.

In other research areas facing similar challenges, such as image classification in medical
applications, numerous studies provide discussions on various effects on the accuracy of the
DL models, such as training size, data pre-processing, training configurations, threshold
settings, and more ( , : , : , :

, ). To address these open questions and help seismologists make decisions for
their DL projects, we conduct a series of tests to explore the effect of training size, waveform
pre-processing, and the selected picking function in the overall model performance on new
data. We then present empirical suggestions regarding which DL model is best suited
for a new data set, and whether or not transfer learning is necessary. In this paper, we
use Canadian seismic data as an example of a new dataset. Our goal is not to produce
an optimal DL model for this dataset, but rather to provide practical suggestions for
researchers planning to use DL methods in their work.
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4.3 Data and Models

In this study, we make use of two different datasets of labeled waveforms from Switzerland
and Canada to train various model architectures and to provide geographical diversity.
The first is a published benchmark earthquake dataset called the ETHZ dataset, which
compiles the earthquake catalog for Switzerland and surrounding regions ( ,

). The ETHZ dataset contains 36,743 waveform examples, including both regional
earthquakes and noise. The ETHZ dataset is available through SeisBench ( ,

). The second dataset, called the Mackenzie dataset, is collected from the Cana-
dian National Earthquake Database and consists of seismic data from publicly available
networks throughout the Mackenzie Mountains in Yukon and the Northwest Territories,
Canada. The Mackenzie dataset is the first published Canadian earthquake dataset for
machine learning (released with this paper, see Data and Resources). The data in the
Mackenzie dataset have never been included in any current publicly available benchmark
seismic dataset or exposed to DL models. Thus, the Mackenzie dataset can be consid-
ered as new data to serve in our study, especially to provide accurate empirical results
for researchers who want to apply pre-trained DL models using Canadian seismic data.
The Mackenzie dataset compiled in this study consists of 54,547 human-reviewed phases of
1,666 natural earthquakes that occurred between January 1, 2015, and December 31, 2022.
The seismic events captured in this dataset range in magnitude from 0.0 to 5.3 (Fig. 4.1).
To maintain compatibility with the ETHZ dataset, we formatted the Mackenzie dataset
using the SeisBench data format.
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Figure 4.1: Geographical Distribution of the ETHZ and Mackenzie datasets.
Panel a shows the distribution of the ETHZ dataset, a benchmark earthquake dataset that
compiles the earthquake catalog for Switzerland and surrounding regions ( ,

). Panel b presents the Mackenzie dataset, the first published Canadian earthquake
dataset for machine learning, collected from the Canadian National Earthquake Database.
This dataset includes seismic data from various networks deployed throughout the Macken-
zie Mountains in Yukon and the Northwest Territories, Canada (see Data and Resources).

Numerous deep learning (DL) models have been proposed for earthquake detection
and phase picking tasks, including transfer learning models tailored to specific scenarios
( , ; , ; , 2021; , ;

, ). To maintain objectivity and ensure reproducibility in our experiments,
we select six DL models from SeisBench as baseline models for an initial evaluation of
model architectures. We used the Mackenzie test dataset to test the performance of the
six models. A limited preprocessing workflow (resampling to 100 Hz, and removing trend
and instrument response) was applied prior to testing according to the models’ require-
ments ( : ). Preliminary tests show that PhaseNet and EQTransformer
outperformed the other DL models in the Mackenzie dataset (see Table 4.1). Therefore,
we focus our investigations on the PhaseNet and EQTransformer model architectures. In
addition, we use the same EQTransformer framework but trained on the ETHZ dataset
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Table 4.1: Preliminary Test Results of the Six Existing Deep Learning Models in the
Mackenzie Mountains, Canada

Model Name Training set ~ Accuracy Reference
BasicPhaseAE  N. Chile 7.8% Woollam et al., 2019
CRED N. California  10.7% Mousavi, Zhu, et al., 2019
DPP N. Chile 8.2% Soto & Schurr, 2021
EQTransformer STEAD 45.8% Mousavi et al., 2020
GPD S. California  13.2% Ross et al., 2018
PhaseNet STEAD 21.5% Zhu & Beroza, 2019
(called the ETHZ model) as a third model for comparison ( ; ). We in-

clude the ETHZ model because we want to compare the performance in the same network
architecture but trained on different training datasets.

Our analysis therefore includes the following models: PhaseNet, a U-net architecture
with 23.3k trainable parameters, trained on 113k samples from the STEAD dataset; EQ-
Transformer, a deep neural network with an attention mechanism with 376k trainable
parameters, trained on the global STEAD dataset; and finally, the ETHZ model, which
uses the same network architecture as EQTransformer, but is trained on the ETHZ dataset,
a smaller dataset than STEAD (only 36,743 waveform samples), encompassing the Swiss

Alps ( : ; , ).

4.4 Experiments on Direct Deployments

One of our primary objectives in this study is to determine whether existing models can be
directly applied to a new study area without labeled data. If existing models can accurately
predict new data without additional training, there would be no need to develop new DL
models for seismic data in this region, significantly reducing development time. This would
be most beneficial to research regions where human picked seismic data are not available
or not feasible.

Another objective of this study is to provide a more comprehensive understanding of
existing models and improve their applicability and performance on new data through
finding their optimal configurations. Our experiments will examine the following aspects:

1. The effect of different data settings on prediction accuracy, including:
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Table 4.2: Different Data Settings in Direct Application Tests

Setting Name Band-Pass Filtered Detrended Resampled to 20 Hz Resampled to 100 Hz Denoised
Raw Data X X X X X
Preprocessed Data v v X X X
Resampled 20 Hz v v v X X
Resampled 100 Hz v v X v X
Denoised v v v v v

(a) The need for resampling prior to model prediction;
(b) The impact of preprocessing (detrending, filtering) on prediction accuracy;
(c) The potential improvement of denoising methods (e.g., DL denoiser (
);
2. The prediction accuracy of different seismic phase types (P, Pn, Pg, S, Sn, Sg);

3. The "picking” mode of predictions.

The experimental design is similar to the cross-domain comparison tests in SeisBench
( , ). We use the original PhaseNet, EQTransformer, and ETHZ
models from SeisBench as three different pre-trained models, and the full Mackenzie dataset
as the test set. In each model, we test five different settings applied to the test set to eval-
uate their potential impact on model performance. These settings, listed in Table 4.2,
are the most common data processing steps employed prior to using these DL pickers.
We also compare two picking functions based on the best performing model. The picking
functions are: 1) picking the time when the probability value exceeds the default threshold
(referred to as the ”start_time” mode in SeisBench), and 2) picking the time when the
probability curve reaches its peak (referred to as the ”peak_time” mode in SeisBench).
The "start_time” mode is the most common approach and is typically implemented using
the "trigger_onset” module from ObsPy. In contrast, the original PhaseNet and EQTrans-
former used the ”peak_time” mode (see Figure 4.2).
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Figure 4.2: Comparison of the impact of different picking functions on model
performance. This figure explains the difference in how the two existing ”picking” func-
tions work on the probability curves to predict arrival times. The two picking functions
are: 1) the start_time mode, which picks the time when the probability value exceeds the
default threshold; and 2) the peak_time mode, which picks the time when the probability
curve reaches its peak.

Figure 4.3 shows the phase-picking results of the three different models on the Macken-
zie dataset and the effect of the various data settings. Overall, the predictions of the
three models are significantly less accurate than those on the benchmark dataset on which
the models were trained, highlighting the challenges associated with applying pre-trained
models to new data. Below, we highlight our main results and findings.
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Figure 4.3: Phase identification results in Mackenzie, Yukon. Each scatter point
represents the accuracy of a specific phase type in a particular model. For each model, we
provide five distinct training settings. Note that ETHZ model is a transfer-learning model
of original EqT model.

4.4.1 Impact of Data Preprocessing and Standardization

The results presented in Figure 4.3 indicate that data pre-processing, noise removal, and
other standardization methods have a limited impact on improving the accuracy of pre-
dicting new data, and may even decrease the accuracy of certain phases. The Mackenzie
dataset used in the test contains primarily 40 Hz waveform data, with a few 100 Hz or 200
Hz waveform data, and all of the data are raw and unprocessed. In contrast, both the origi-
nal ETHZ and STEAD training datasets have been resampled to 100 Hz and pre-processed,
i.e. detrended, band-pass filtered, etc. (Woollam et al.,; 2022). From the comparison of

75



prediction accuracy for each model with different data settings shown in Figure 4.3, only in
the ETHZ model do preprocessing, resampling, and noise reduction significantly improve
the accuracy of the Pn and Pg phases. In other experiments, there is little difference in
prediction performance between raw data and other data settings. Furthermore, test re-
sults for the PhaseNet model show that excessive data processing methods can reduce the
accuracy of P and S by 20%.

4.4.2 Influence of Picking Method

One aspect that is often overlooked when applying DL models to new data concerns the
selection of the ”picking” method for predictions. The actual output of the DL model is a
probability curve representing the phase arrival at each timestamp. It is common practice
to extract the onset time using the trigger_on function described in the Methods section,
i.e., the time when the probability curve reaches a preset threshold. Our test results show
that using this start_time mode to predict results usually leads to earlier arrival times
than manually picked ones, while the peak_time mode used in the original PhaseNet and
EQTransformer studies does not have this issue (Figure 4.4). This is because during the
training step, DL models use a Gaussian function to create the output channel, with the
peak value located at the human-reviewed onset time. Consequently, in the deployment
stage, the probability curve predicted by the DL model also resembles a Gaussian function,
with the position of the peak value being closer to the true arrival time. Based on the test
results, we recommend using the peak_time mode to predict the pick times in practice.
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Figure 4.4: Comparison of pick residuals using different picking strategies. The
green color histogram shows the distribution of residuals based on trigger-generated pick
times, while the orange color histogram shows the distribution based on the time of the
highest probability. These histograms provide a visual representation of the differences
between the predicted pick times and the human-reviewed onset times for each strategy.

4.5 Experiments on Training Size

To examine the influence of training size and assess the necessity of using large-scale
benchmark datasets for training new models, we apply varying sizes of the ETHZ dataset
to train PhaseNet and EQTransformer architectures. We use the same ETHZ test set
provided by SeisBench to ensure the performance is reliable (Miinchmeyer et al.) 2022).
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All experimental conditions, except for the training set size, were kept consistent with
the default training parameters in SeisBench. For each training sample size, the subsets
maintain a strict inclusion relation (i.e., the current smaller subset was a strict subset of the
next larger set), as the exact waveforms in each subset are randomly selected from the next
larger set. Our data collection strategy aims to mimic the real annual earthquake catalogue,
i.e., each training dataset contains more small events than large ones. To complete the
experiments with limited computing power and time, we use a learning rate of 0.01, a
default number of epochs of 100, and stop the training if the loss function does not improve
after 10 epochs. To ensure the reliability of our analysis, we rigorously maintain a clear
separation between the training and test sets.

For each training size examined, we calculate the receiver operating characteristic
(ROC) curve, which shows the true positive rate versus the false positive rate. The ROC
curve represents how well a model can distinguish between different groups (i.e., earth-
quakes and noise). An ideal ROC curve rapidly reaches a true positive rate of one, after
which point it no longer changes. To quantify the differences in ROC curves for various
models, we calculate the area under the ROC curve (AUC), which for an ideal case is equal
to one, and is approximately 0.5 for poor model predictions (i.e., equal number of true and
false positives).
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Figure 4.5: Performance of the 2 models at different training sizes, as measured
by the area under the receiver operating characteristic curve (AUC) value.
The AUC value provides an overall measure of the model’s ability to discriminate between
positive (earthquake) and negative (non-earthquake) samples. The closer the AUC value is
to 1.0, the better the model’s performance. The results indicate that the PhaseNet model
achieved convergence after 5000 samples, as evidenced by the stable AUC values over larger
training sizes.

We perform two sets of experiments. In the first set, we evaluate the phase picking
performance of each model at increasing scales, i.e., 1000, 2000, 5000, 10000, 20000, 30000.
The results in Figure 4.5a show that when the size of the training set reaches approxi-
mately 10,000 waveform data, both DL models converge and achieve the same accuracy
as training with the full benchmark data set that involves a much longer computation
time. In addition, PhaseNet converges faster than EQTransformer. This is likely because
the trainable parameters of the PhaseNet network structure are only one-tenth of those of
EQTransformer, requiring fewer training samples for completion.

In the second set of training experiments, we zoom in around the training size of 10,000
and use equal intervals (2000 training samples) ranging from 6000 to 16000 samples to
determine the minimum training size required for a model to converge to satisfactory per-
formance (i.e., when accuracy in the test set reaches 90%). The test results show that both
models can be successfully trained with a sample size of 12,000 for this particular dataset.
Further increasing the amount of data only slightly improves the model performance. We
further note that, once this threshold is reached, the EQTransformer model performs better
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than the PhaseNet model for this dataset.

4.6 Discussion and Recommendations

4.6.1 Applying a Dataset to Existing Models

The EQTransformer trained on the ETHZ dataset achieved the highest overall accuracy of
the three models examined here when applied to the Mackenzie dataset. Because the ETHZ
dataset is significantly smaller than the STEAD dataset used to train the other two models,
this result suggests that the size of the training data is not the sole determinant of prediction
accuracy. Instead, the similarity between the distributions of the training dataset and the
new target dataset becomes more critical when the number of training waveforms exceeds
a certain minimum threshold. While the ETHZ and Mackenzie datasets sample regions
that are completely independent as they are located on different continents, they are both
located in mountainous regions within a large orogenic setting. In contrast, the STEAD
dataset, which is a global dataset, has a very different data distribution because it samples
a variety of tectonic settings.

Interestingly, when trained on the same global STEAD dataset, the P-wave prediction
results of EQTransformer are far superior to those of PhaseNet (although both models have
poor predictions for other phases). This indicates that the EQTransformer model may
have a superior ability to capture certain data characteristics, as it has a more stable and
effective performance in picking the first arrival. The test results from both the ETHZ and
Mackenzie datasets suggest that the EQTransformer model performs better than PhaseNet
when the stations are located in mountainous regions. Therefore, we recommend the use of
the EQTransformer model in scenarios where the seismic data are collected from stations
located in such regions. However, this recommendation is based on the specific context of
these tests, and further research may be needed to confirm this finding in other geographic
or tectonic settings.

4.6.2 Understanding Model Failures

We turn our attention to exploring the specific factors of the datasets that can influence
prediction results, including earthquake focal depth, magnitude, event-station distance and
azimuth. Our goal is to identify the factors that should be emphasized in future dataset
preparation to improve model performance. To do this, we use the ETHZ model with the
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optimal data setting (called resampled to 100 Hz in the previous chapter, i.e. detrended,
resampled to 100 Hz, and bandpass filtered to 3- 20 Hz) and categorize predictions as
"good picks” if they have an absolute difference of less than 2.5 seconds when compared
to manually labeled data, and as "bad picks” if no results are predicted or the prediction
error exceeds 2.5 seconds. If the distribution of predicted good and bad picks is different
for a particular factor, this indicates its strong influence in the prediction accuracy.

Our observations highlight that event-station distance is the only factor influencing
the model’s prediction accuracy (Figure 4.6). Specifically, when the event-station distance
exceeds 2 degrees, or ~200 km, the incidence of bad picks increases significantly, despite
the abundance of training data in the 200-400 km range within the training dataset (Fig-
ure 4.6¢). Consequently, future dataset preparation should consider including more labeled
data from this event-station distance range to better capture the waveform characteristics.
In contrast, we did not observe significant differences in the distribution of good and bad
picks associated with the other three potential factors, namely the azimuth, magnitude,
and focal depth. For example, the models did not provide better predictions for events
that humans can more easily detect, such as those with high magnitude or shallow focal
depth.
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Figure 4.6: Distribution of model predictions separated by catalogue parame-
ters. Good picks refer to cases where the predicted arrival time is within 2.5 seconds of
the human-reviewed onset time. Bad picks represent missing picks or predictions with a
difference greater than 2.5 seconds from the human-reviewed arrivals. A similar distribu-
tion pattern between good and bad picks suggests that the corresponding factor has little
influence on model prediction. Our tests indicate that only the event-station distance sig-
nificantly affects the model’s performance. Specifically, we observe a decrease in prediction
accuracy when the distance exceeds 2 degrees, or ~200 km.



4.6.3 Training a New Model

In practical projects, it is necessary to consider the balance between the number of training
samples, training time, and computational cost. In research areas where manually anno-
tated samples are scarce, we recommend using the PhaseNet model because it requires
fewer training samples. With only 5000 samples, PhaseNet can train a model with an
accuracy rate of 85%, which is useful for solving practical problems. However, when more
training data are available, EQTransformer will provide a better prediction accuracy than
PhaseNet.

To substantiate these claims, we train a new model on the Mackenzie dataset using
the PhaseNet and EQTransformer model structures to improve the recognition accuracy of
Pg, Pn, Sg, and Sn phases. To validate the effectiveness of the training size suggested by
our results, we train the two models using two different sample sizes of 6,000 and 12,000.
We assess model performance by calculating the ROC and the precision-recall curves. We
also visually assess performance by plotting the pick residuals (Fig. 4.7). The recall curve
shows how good a model is at catching all the events. For example, a high recall means
that the model is good at catching most earthquakes, i.e. it misses few events. We also
visually assess performance by plotting the pick residuals (Fig. 4.8)

Figures 4.7 and 4.8 show that the model training results were consistent with our expec-
tations. PhaseNet converges after training with 6,000 samples and shows further perfor-
mance improvement at 12,000 samples. EQTransformer, on the other hand, shows better
prediction accuracy than PhaseNet at 12,000 samples, although it does not fully converge
at 6,000 samples (see Figure 4.8). Once trained with 12,000 samples, the EQTransformer
model has higher accuracy and lower residuals than the corresponding PhaseNet model.
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(a) Receiver Operating Characteristic (ROC) Curve

(b) Precision-Recall Curve
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Figure 4.7: Training performance of different models.

a) Receiver operating char-

acteristic (ROC) curves for the 2 models with different training sizes. b) Precision versus
recall curves. EQTransformer trained with 12,000 samples yields the best performance,
while EQTransformer trained with 6,000 samples would not be considered as a successfully
trained model .
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(a) PhaseNet: 6,000 Samples

(b) PhaseNet: 12,000 Samples
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Figure 4.8: Comparison of pick residuals using different training sizes in the
Mackenzie dataset. Pick residuals are defined as the differences between the predicted
arrival times and the human-reviewed onset times. a-b) Distribution of residuals for the
PhaseNet model trained with 6,000 and 12,000 samples, respectively. c-d) Distribution of
residuals for the EQTransformer model trained with 6,000 and 12,000 samples, respectively.
The low frequency residual distribution in ¢) implies that this model is not fully trained.
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4.7 Conclusion

In this study, we investigated the performance of two prominent deep learning models,
PhaseNet and EQTransformer, for predicting seismic phase arrival times. We also investi-
gated the factors that influence model performance, including the impact of different data
manipulations and picking strategies on model prediction accuracy. Our analysis showed
that the various pre-processing steps do not significantly influence the results. However,
the picking method is a critical aspect that influences picking accuracy. We found that
the peak_time mode used in the original PhaseNet and EQTransformer studies provides
a more accurate prediction of arrival times than the start_time mode obtained using the
trigger_on function. This is primarily due to the Gaussian probability function used by
the deep learning models during the training phase, which aligns the peak value with the
human-reviewed onset time.

Additionally, we investigated the influence of training set size on model performance.
Our results on the ETHZ benchmark dataset showed that both PhaseNet and EQTrans-
former models can converge and achieve satisfactory performance with a training set size
of 12,000 waveforms. PhaseNet was found to converge faster than EQTransformer, re-
quiring fewer samples for training. This is likely due to the smaller number of trainable
parameters in the PhaseNet network structure. In practical applications where manually
annotated samples are limited, we recommend using the PhaseNet model as it can at least
achieve an accuracy rate of 85% with only 5,000 samples. We further applied the insights
from our analysis to train new models on the Mackenzie dataset using both PhaseNet and
EQTransformer structures. The results obtained from training with different sample sizes
were consistent with our expectations, confirming the findings of our study.

Finally, this research provides valuable practical guidelines for DL pickers, sheds light
on the factors that influence their accuracy, and suggests optimal strategies for further ap-
plications. By understanding the importance of selection methods and identifying the most
effective training set size, we can improve the performance of these models in seismological
research and real-world applications, ultimately contributing to a better understanding of
seismic catalogues and derived data products.
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4.9 Data and Resources

The Python scripts, deep learning models, and the new training dataset for the Mackenzie
Mountains used in this work can be accessed from the GitHub repository ”How-many-
samples-do-we-need” at

The repository serves as a resource for researchers aiming to replicate or extend this study.

The (Canadian) National Earthquake Database may be found at
(last accessed June 2023). At this time, the online database is searchable from
1985 to present and returns only the solutions. Solutions and phase information for older
earthquakes may be obtained by contacting
Waveform data and/or station metadata from the CNSN may be retrieved via FDSN datas-
elect webservice , via FDSN station webservice , or via Station Book
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Chapter 5

Thesis Conclusion

5.1 Conclusion

In this thesis, I have undertaken a comprehensive exploration of the application of deep
learning in seismology, ranging from the creation and management of seismic datasets,
to the customization of phase pickers, to understanding how seismic datasets influence
the performance of deep learning models. Since the main conclusions and contributions
are already summarized within each chapter, I focus here on limitations and potential
opportunities for future research that further develop the ideas presented in this thesis.

The first part of this thesis introduced QuakeLabeler, a tool I developed to address the
need for seismologists and developers who may not be Al specialists to easily, quickly, and
independently build and visualize reproducible training datasets. QuakeLabeler provides
a versatile platform for designing datasets targeting different spatial scales of seismicity
and magnitude. It can be used in various studies, including noise attenuation, earthquake
detection, phase picking, earthquake location, and magnitude estimation. The development
of such tools is crucial in the field of seismology, where the generation and preparation of
datasets are essential steps in deep learning applications.

Currently, QuakeLabeler supports dataset generation for PhaseNet, EQTransformer,
and SeisBench, which are the most popular published deep learning models/platforms.
QuakeLabeler can be implemented on a local machine or in an online Python environment,
such as Google Colab ( , ). By default, QuakeLabeler collects only
human reviewed arrival catalogs from ISC. Other organizations could be accessible by
changing code settings in the backend, as well as loading catalogues from local drive. In

38



the future, QuakeLabeler should be planted online, i.e. on its own website, for more flexible
use. Another potential application is that QuakeLabeler has the chance to be equipped
with interactive annotation function, labeling the events when users simultaneously click on
the seismogram. This feature has been implemented in many commercial companies that
provide image annotation service ( , ). Finally, QuakeLabeler’s current
focus is on earthquake detection, similar to many published benchmark datasets. As
deep learning methods evolve, other labeling goals such as magnitude estimation, location
prediction, etc. should be fully developed.

In the second part of this thesis, I introduced Blockly Earthquake Transformer (BET),
an easy-to-use platform that I designed to appeal to a broader range of users, including
those without machine learning or coding experience. BET allows researchers to explore
deep learning pickers without having to worry about in-house computing power and other
technical concerns. It is a valuable tool in improving model performance and lowering the
magnitude of completeness of existing seismic catalogues. BET’s versatility allows for the
customization of different types of deep learning pickers to accommodate various datasets
formats and identify a diverse range of seismic signals.

Like QuakeLabeler’s current development environment, BET is mainly implemented
locally. Rendering it online would alleviate installation concerns for beginner users and
allow them to concentrate on designing new deep learning pickers. However, unlike Quake-
Labeler, BET is a deep learning training platform, which means that if users want to create
very deep and complex neural network architecture, they will need considerable computa-
tional resources during training (if they want to train new models, not transfer learning
from a pre-trained model). Therefore, this project may need funding for its long-term
support, as GPU rental is still expensive ( , ).

The third and final part of this thesis explored the performance of two prominent deep
learning models, PhaseNet and EQTransformer, for predicting seismic phase arrival times
of seismic phases for a new dataset that was not used for training. This study provided
valuable insights into the factors that influence model performance, including the impact
of different picking strategies and the optimal training set size for effective model training.
The results of this study provide practical guidelines for deep learning pickers, shedding
light on the factors that influence their accuracy and suggesting optimal strategies for
further applications.

The third research chapter is just the beginning of this kind of investigation. Many
potential factors that could influence deep learning methods are still unclear ( ,
). There is no rule of thumb on how to find a perfect balance between high accuracy

and high generalization ability ( , ). Or even more challenging, how
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to balance the ability to detect small events and allowing artifacts (false positive rate).
When researchers are engaged in proposing novel deep learning algorithms, they should
also consider the likelihood that these DL pickers can be robustly applied to routine seismic
data processing ( , ).

In conclusion, the research conducted in this thesis contributes significantly to the field
of seismology by providing practical tools and insights for the application of deep learning.
By understanding the importance of selection methods and identifying the most effective
training set size, we can improve the performance of these models in seismological research
and real-world applications, ultimately contributing to a better understanding of seismic
events and benefiting future research. The open-source nature of the tools developed in
this thesis, such as QuakeLabeler and BET, also encourages community involvement and
further development, promising continued growth and innovation in the field of seismology.

5.2 Final thoughts

Personally, I believe that deep learning will be the next generation of automation methods,
eventually replacing traditional picking methods and maybe even changing the whole work-
flow of seismic data processing. However, the road is not even, as more resources should
be invested and new collaborations should be established to put deep learning models into
practice. If these deep learning models can be implemented in the routine workflow, con-
siderable time of analysts and seismologists will be saved to give them the opportunity to
focus on exploring new understanding of earthquakes.

The development of benchmark datasets, open source toolboxes, and sharing of edu-
cational tutorials should be encouraged. This will accelerate the progress of deep learning
in our seismological community. From my own experience, these developments cost a lot
of time and no profit for the developers. However, if there are few tools for seismological
researchers, the development cycle of new deep learning models will be much longer, and
valuable research time would be wasted on repetitive preparation work.

In the near future, Al-assisted research should be considered an important topic in
seismology. It’s very likely that interactive Al assistants will be widely used in almost
every scenario in the future. Consider Microsoft’s recent announcement that its Al assistant
Copilot will be launched in Windows 11 and cooperate with users under all Office software,
even the whole operating system ( ) ). Or even more specifically in Earth
science fields: an Al-powered geographic information system (GIS) called Autonomous
GIS has been introduced to the GIScience community, making spatial analysis easier,
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faster and more accessible to a broader audience ( , ). The development
of an AT assistant could be of great help to seismic analysts, e.g. in managing the day-to-
day operations of large projects, ensuring optimal quality control, identifying problems and
defining ideal solutions, and so on. However, this requires much more investment of human
intelligence and computing power. I hope this will attract more attention and become a
reality.
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