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Machine Learning in Seismology —Turning Data into Insights

Qingkai Kong, Daniel T. Trugman, Zachary E. Ross, Michael J. Bianco, Brendan

Meade, Peter Gerstoft

Abstract:



This paper provides an overview of current applications of machine learning (ML) in
seismology. ML techniques are becoming increasingly widespread in seismology, with
applications ranging from identifying unseen signals and patterns to extracting features
that might improve our physical understanding. The survey of the applications in
seismology presented here serves as a catalyst for further use of ML. Five research
areas in seismology are surveyed where ML classification, regression, clustering
algorithms show promise: earthquake detection and phase picking, earthquake early
warning, ground motion prediction, seismic tomography, and earthquake geodesy. We
conclude by discussing the need for a hybrid approach combining data-driven ML with

traditional physical modeling.

Introduction

In a broad sense, machine learning (ML) is a set of related techniques that extract
information directly from data using well-defined optimization rules. ML has recently
drawn attention due to its wide-ranging success in various fields (Murphy 2012; Jordan
and Mitchell, 2015; Witten et al., 2016). Seismology has been a data-intensive field
since its very origin. As the years have progressed and the field has expanded,
numerous methods and tools have been developed to detect and characterize
earthquakes and to study earth structure. We as a community have already developed
a rich set of techniques, but ML can bring a different and complementary set of useful

tools.



In seismology, we are currently undergoing rapid changes in the “3 V's” often discussed
by the big data community (Sagiroglu and Sinanc, 2013): volume, variety, and velocity.
For example, the archive of seismic waveform publicly available from Incorporated
Research Institutions for Seismology (IRIS) is increasing in size exponentially (Figure
1). This dramatically increased volume of data (and the secondary products derived
from the raw data) makes manual processing difficult. Many ML algorithms are
designed with large datasets in mind: typically, more data gives better results. Dataset
variety has increased too. Besides seismic data, other types of relevant geophysical
datasets (e.g., GPS time series and INnSAR images) are readily available from UNAVCO
and other resource centers. The use of joint geophysical datasets might provide better
resolution in certain problems, and carefully designed ML techniques can help analyze
these datasets without introducing unnecessary complexity (Khaleghi et al., 2013).
Finally, velocity refers to the speed of data processing and distribution. This is important
for real-time earthquake detection and earthquake early warning, which rely on rapid

analyses of high-velocity data streams.

An exciting aspect of applying ML to seismology is the potential to find unseen patterns
or new and significant features in our datasets. A recent example is using ML to predict
the timing of the next slip event in laboratory slip experiments with features extracted
from low-amplitude acoustic emissions that were previously considered to be noise
(Rouet-Leduc et al., 2017). As seismologists, we have the intuition and logic to analyze
data, but ML could work beyond human intuition to facilitate the discovery of

unconsidered patterns.



In essence, all ML algorithms learn from data using probability theory, which has been
the mainstay of statistical methods for centuries. Most ML algorithms can be grouped
into two main categories: supervised learning and unsupervised learning. Depending on
whether the data has target labels or not (Figure 2), one category may be preferable.
Supervised learning, which comprises predictive modeling and operates on labeled
datasets, can be further subdivided into classification and regression algorithms based
on whether the target outputs are categorical (classification) or quantitative (regression).
Unsupervised learning is subdivided into clustering and dimensionality reduction,
depending on whether we are interested in grouping data into categories based on
similarity, or simply reducing the input data dimensions. There are other more exotic
types of ML algorithms such as semi-supervised learning and reinforcement learning,
for which we refer readers to more advanced texts (e.g., Murphy, 2012; Goodfellow et

al., 2016).

ML algorithms, while diverse in their implementation, tend to follow a basic workflow that
includes the following steps (Figure 3). In Step 1: Data Collection, data is collected and
partitioning into training and testing sets. A key aspect of ML is training the model on a
random subset of the dataset, and then verifying the model on independent testing data.
In Step 2: Preprocessing, data is cleaned and formatted, and missing data are removed
or repaired. Feature extraction, which increases the performance of many ML
algorithms by transforming the raw data into a more useful state for a given task, may

also be performed. In Step 3: Model Training, numerical optimization algorithms are



used to iteratively tune the model parameters based on a cost function specific to the
learning task of the problem. In Step 4: Model Evaluation, model performance is
evaluated on test data. Finally, in Step 5: Production, the finished ML model is applied

in production mode to new data.

ML has received enormous recent interest across a wide range of disciplines (Jordan
and Mitchell 2015; LeCun et al., 2015). We hope that this paper will inspire both
seismologists to further explore ML theory and techniques and data scientists to apply
their latest ML algorithms in seismological fields. While this manuscript provides a high-
level overview of potential ML applications to seismology, there are many wonderful
textbooks and online courses that provide greater details about individual ML algorithms
and their implementations (See Data and Resources). We next discuss recent
applications of ML in seismology and their potential for obtaining new geophysical

insights.

Applications of ML in Seismology

In the following, we present a detailed survey of five specific applications of ML to
earthquake seismology, while acknowledging that there are many other worthy

applications that merit discussion.

Earthquake Detection and Phase Picking

Automated detection and picking of earthquakes are long-standing problems in

seismology, with the first algorithms developed in the late 1970’s (e.g., Allen, 1978).



Today, these subjects are still active research areas, and incorporate technology from
computer science, electrical engineering, statistics, and many other fields to extract as
much information from the data as possible. Some of the earliest applications of ML
learning to seismology were to the problem of discrimination and classification of
seismic events (e.g., Dysart et al., 1990; Fedorenko et al., 1999; Musil and Plesinger,
1996, Ursino et al., 2001), and in recent years this research has expanded to include
utilizing ML to improve earthquake detection and phase picking capabilities (e.g., Dai &
MacBeth 1995; Tiira 1999; Wiszniowski et al.,, 2014; Zhao & Takano 1999). These
efforts have shown considerable promise to date, most notably in the area of deep
learning, and suggest that many exciting new developments are coming in the near
future. In particular, there is a distinct possibility that these algorithms will surpass the
capabilities of human experts for the first time. Here we outline some of the most

promising examples of ML applied to the earthquake detection problem.

Over the last decade, there has been an explosion of interest in using the similarity of
waveforms between nearby sources to detect previously unidentified earthquakes. This
originally began with matched filtering (template matching), which uses waveforms of
known events as templates to scan through continuous waveforms for new event
detection (Gibbons and Ringdal 2006; Shelly et al. 2007; Peng and Zhao 2009; Kato et
al. 2012; Ross et al. 2017, Chamberlain et al. 2018; Beauce et al. 2018). Recently,
there has been an interest in applying ML and data mining algorithms for similarity-
based event detection. In Perol et al. (2018), a convolutional neural network (CNN) was

trained to simultaneously detect and locate earthquakes based on single station



waveform classification. For a given window of data, the goal is to predict which of
several spatial regions the event occurred in, with the option for rejecting all of them.
Alternatively, the Fingerprinting and Similarity Thresholding (FAST) algorithm (Bergen
and Beroza, 2018; Yoon et al., 2015) is a data mining approach that converts an entire
continuous waveform dataset into a database of binary fingerprints. These fingerprints
are compact representations of short segments of continuous waveform data, and are
organized in a special dictionary structure for efficient lookup. A key feature of FAST is
that it is essentially unsupervised: earthquakes can be identified without prior
knowledge of seismicity because, for highly-similar waveforms, fingerprints are more
similar to each other than those of random noise sources. In addition, FAST is
computationally more efficient than template matching, which will help to facilitate

automated processing of large waveform datasets.

A new category of earthquake detection algorithms that has recently emerged is
generalized phase detection (GPD; Ross et al., 2018a). Rather than search for near-
identical waveforms, GPD instead trains convolutional networks to learn generalized
representations of seismic waves from millions of example seismograms. This
knowledge is then used to classify windows of data as P, S, or noise (Figure 4). It has
been shown to reliably identify P- and S-waves with excellent temporal sensitivity and
performance in low SNR conditions, resulting in typically 5-10 times as many events
detected as conventional methods. GPD can simultaneously be used to pick arrival
times with high precision. A key advantage of the method is that once trained, the model

can be applied to datasets other than just those encompassed by the training set, such



as data recorded in different tectonic regimes, large magnitude earthquakes, and active
source explosions. This is advantageous in situations where a seismicity catalog is

unavailable to use for template matching, or in seismic monitoring.

In addition to detecting earthquakes, there have been a number of noteworthy
developments in algorithms for phase picking with ML. Chen (2018) developed an
approach to pick seismic wave arrival times using fuzzy clustering, which is based on
the idea that the amplitudes of the seismic data before and after the arrival can be
treated as separate, but possibly overlapping, clusters. This enables a decision
boundary to be drawn that is taken as the arrival pick. Zhu and Beroza (2018) have
found great success in applying fully-convolutional networks to pick P- and S-wave
arrival times by training on millions of seismograms picked manually in Northern
California. Their method takes complete 3-component seismograms as inputs, and
outputs probability time series corresponding to the likelihood of P- and S-wave onsets.
They demonstrate state-of-the-art picking performance for both phase types, and their
method further provides an important empirical mechanism for estimating the quality of
the picks. This includes difficult cases such as clipped seismograms, where even
human analysts would have a difficult time. Ross et al. (2018b) trained a CNN to pick P-
wave onset times, but instead used the network as a regressor to predict the time index
of the phase onset. They also trained a separate convolutional network to pick first-
motion polarities of P-waves, which are essential ingredients in calculating focal

mechanisms. They demonstrated that the networks can often pick polarities more



accurately than professional seismic analysts, as well as more frequently. This will lead

to more detailed and expanded focal mechanism catalogs.

There have been several other exciting recent applications of ML to earthquake
detection problems. Beyreuther et al. (2012) developed a hidden Markov model (HMM)
to classify and detect events for volcanic and geothermal areas. Treating event
detections as an object detection problem, Wu et al. (2018) cascaded region-based
CNN to capture laboratory slip events of different durations. Finally, Aguiar and Beroza
(2014) and Zhang et al. (2014) combined insights from Google’'s Pagerank and other
image-based search engine methods to obtain waveform templates for low frequency

earthquakes.

Earthquake Early Warning and Real-time Machine Learning

Earthquake Early Warning (EEW) systems provide seconds to minutes of warning
before the strongest shaking by taking advantage of the fact that electronic signals
travel much faster than seismic waves, and that the S-wave and surface wave phases
that produce the strongest shaking travel slower than the first P-wave arrivals (Allen et
al.,, 2009). There have been several recent efforts in EEW using ML algorithms, either
based on hand-selected physical features extracted from seconds of waveforms (Kong
et al., 2016a), or using deep learning algorithms to automatically extract features to
identify the onset of the earthquakes at a single station (see more examples in the
preceding subsection). Li et al. (2018b) trained a Generative Adversarial Network to
learn the characteristics of both earthquake P-wave arrivals and background noise,

resulting in a discriminator that mitigates false triggering. ML techniques such as















































































































