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ABSTRACT

The current seismic data processing pipeline is surprisingly human-dependent.
With the rapid increase of seismic-sensor data availability, all manual data
processing approaches fail to detect, classify, and analyze seismic activity
within a reasonable amount of time. An automated, fast, and reliable seismic
data processing pipeline is desired for the meaningful analysis of massive seis-
mic datasets. In this thesis, we show how advanced time-series data-mining
and machine learning techniques can be leveraged to resolve this issue. We
precisely focus on seismic activity detection, classification, and inspection
using our techniques that would help us better understand the surrounding
earth structure, earthquake evaluation, and seismic monitoring

In this dissertation, (a) we demonstrate a semi-supervised motif discov-
ery algorithm that forms a nearest neighbor graph to discover novel seismic
events from static continuous waveforms. (b) We exhibit a seismic data
repository system that can extract thousands of seismic waveforms including
annotations using complex queries within seconds. (c¢) We design and im-
plement a hierarchical neural network that can predict seismic depth from

seismograms and classify deep and shallow earthquakes with 86.5% F1 score.
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Chapter 1

Introduction

The seismic signal processing pipeline is heavily human-dependent. From
signal detection to aggregation of multiple channels and association of mul-
tiple networks, trained domain experts must annotate the seismic signals at
each step. Professional annotators manually examine the traces recorded
by seismic sensors and use physics-based techniques and their expertise to
catalog seismic activity. Manual annotation is tedious and time-consuming.
Consider the International Data Center (IDC) that employs human analysts
to annotate seismic events. The human analysts at IDC processed 126 events
per day in 2007, on average [15]. In contrast, thousands of earthquakes of
magnitude 2.0 and above happen everyday across the globe [28]. Thus, hu-
man involvement seriously limits the processing capability of a global seismic
network, such as the International Monitoring System (IMS) for the Com-
prehensive Nuclear Test-Ban Treaty (CTBT).

The main goal of this dissertation is to automate the seismic data process-
ing pipeline by analyzing spatio-temporal features in seismic waveforms and
introducing state-of-the-art data mining and machine learning techniques.
To do this, we introduce a semi-supervised time series motif discovery sys-
tem for seismic signal detection (SeiSMo). We discuss this in Chapter 2.

SeiSMo is able to detect seismic activity in the trace from one channel. Us-
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Figure 1.1: Seismic data processing pipeline. This pipeline refers to the

process of transforming a set of seismic signals into a bulletin of seismic events
(i.e earthquakes, explosions, etc). We discuss the seismic data processing

pipeline in-detail in Chapter 4.

ing six different datasets, we show how SeiSMo can be effective to detect
hidden novel seismic events that were missed by legacy systems. In Chap-
ter 3, we demonstrate a seismic data repository system that enables fast
retrieval of seismic waveform data and corresponding annotations. The sys-
tem facilitates with data sources for research projects on intelligent seismic
phase identification, aftershock detection, and seismic depth estimation. In
Chapter 4, we introduce a seismic depth prediction model (Septor), Septor
takes advantage of multiple stations in a seismic network in order to learn a
predictive model. To the best of our knowledge, Septor is the first attempt

at learning depth estimation of a seismic event.

1.1 Semi-supervised Seismic Event Detection

The seismic data processing pipeline (Figure 1.1) starts with seismic event
detection, and the accuracy of subsequent steps relies heavily on accurate
event detection. Therefore, a fast and accurate event detection system is
essential for the later part of the pipeline as the rest of the pipeline works

on the detected events only. While it is straightforward to detect the higher



magnitude seismic events, lower magnitude events are harder to detect due to
the low signal-to-noise ratio. Lower magnitude seismic events are important
for a better understanding of the earth’s structure near faults, volcanoes,
and so on. Moreover, it is essential to detect lower magnitude events for
seismic monitoring purposes as human-induced seismic activities are mostly
lower magnitude. We develop a semi-supervised earthquake detection system
(SeiSMo) which is able to detect undiscovered seismic events from static
waveform. Our algorithm takes advantage of already discovered or known
seismic events and creates a nearest neighbor graph using the known events.

We use four real-world and two geoscientific synthetic datasets to measure
the performance of our system and find impressive results. SeiSMo is able
to discover seismic events that are missed by human annotators and also
missed by other state-of-the-art event detection systems. We observe that the
detected events from SeiSMo have a very low signal-to-noise ratio compared
to the catalog events. Also, SeiSMo can run in seconds for a million samples

which makes it a proper choice for real-time detection.

1.2 Seismic Data Repository

We are living in the era of big data. The availability of various sensors and
widespread use of IoT (internet of things) devices allows us to generate more
data and seismology is no different. As seismic sensors are getting cheaper
and more available, we have a larger number of denser seismic networks glob-
ally. To store and retrieve seismic waveforms including proper annotation is
a challenge due to the scale of such operations. In this work, we design
and implement a storage system to support the development of intelligent
processing algorithms over seismic data from hundreds of seismic stations
over ten years. The data is collected from the Air Force Research Labora-
tory. We discuss the organization of the database and access method for
waveform data with examples. The system is currently in use to support a

group of researchers in machine intelligence for Nuclear Fxplosion Monitor-



ing (MINEM) consortium®.

1.3 A Machine Learned Depth Prediction Sys-

tem for Seismic Events

The depth of a seismic event is an essential feature to discriminate natural
earthquakes from events induced or created by humans. However, estimating
the depth of a seismic event with a sparse set of seismic stations is a daunt-
ing task, and there is no globally usable method. The existing methods to
estimate seismic depth uses travel time equations and velocity models for
specific geographic region. Such methods are physics-driven and require lots
of human effort. Moreover, physics-driven methods are most accurate when
there is a seismic station right above the origin on the earth’s surface, and the
error rate is proportional to the distance of the station from the epicenter.

In this work, we focus on developing a machine learning model (Septor)
to accurately estimate the depth of arbitrary seismic events straight from
seismic waveforms. Our proposed deep learning architecture is not-so-deep
compared to commonly found models in the literature for related tasks, con-
sisting of two loosely connected levels of neural networks, associated with the
seismic stations at the higher level and the individual channels of a station
at the lower level. Thus, the model has significant advantages, including a
reduced number of parameters for tuning and better interpretability for geo-
physicists. We evaluate our solution on seismic data collected from SCEDC
(Southern California Earthquake Data Center) catalog for regional events in
California. The model achieved 86.5% F1-score in separating deep events
from shallow ones. For prediction purposes, our model achieved 70.1% corre-
lation between predicted and actual depth while having a root-mean-squared
error of 2.89 km.

Lara.com



Chapter 2

Seismic Signal Detection using

Semi-supervised Motif

2.1 Introduction

We model seismic signal detection as the data mining task called motif dis-
covery from time series. Motif discovery from time series data is a well
studied problem in data mining. The typical objective in motif discovery is
to identify approximately repeating segments in a time series. Each pattern
that repeats significantly, either with high number of occurrences or with
high similarity among the occurrences, is called a motif. For example, in
Figure 2.1, there are four occurrences of a sinusoidal motif.

Existing motif discovery algorithms perform unsupervised search for the
most similar occurrences of a motif and, expand the motif set by identifying
relatively fewer similar occurrences [36][67]. However, it may be possible
that some occurrences of a motif are known. Such information can lead us to
semi-supervised motif discovery algorithms, which would be faster than the
completely unsupervised algorithms and, more robust than simple similarity
search with a domain dependent parameter (i.e. distance radius for a radial
search).

Semi-supervised motif discovery has the potential to enable data mining



0.81 0.98

Figure 2.1: A time series with a sinusoidal motif appearing four times. The
arrows below show the nearest neighbor and correlation coefficients. If the
red(left) and blue(right) sinusoids are given as example occurrences of the
motif, it is intuitive that pure/middle sinusoids should also be occurrences.
Traditional unsupervised motif discovery algorithms can find the pure/middle
sinusoids at a high computational cost, of quadratic time complexity. More-
over, knowing the middle/green sinusoids as motif does not help selecting

threshold for further similarity search.

in domains where significant manual annotation exists already. In seismic
data analysis, well curated catalogs of seismic events are maintained by IRIS
2], NCEDC [3], SCEDC [4] etc. Yet, many events of interest, especially
low magnitude ones, are hidden in historical data that can produce valuable
insights for geological scientists.

In this work, we propose a semi-supervised motif discovery algorithm.
We name our technique SeiSMo (Semi-Supervised Motif). The algorithm
performs an iterative nearest neighbor search to find other occurrences of the

given motifs. SeiSMo has the following desirable properties:

e SeiSMo is an order of magnitude faster than unsupervised algorithms

and can scale to millions of samples.

e SeiSMo works with any distance measure.



e SeiSMo is deterministic and less sensitive to parameters than super-

vised methods (i.e. radial search).
e SeiSMo can discover motifs with domain significance.

We develop two optimization strategies to speedup the computation of SeiSMo
over a naive approach. We have applied SeiSMo on four seismological
datasets from three states in the U.S. to discover numerous uncataloged seis-
mic events that were missed by existing unsupervised techniques. SeiSMo is
very promising in detecting low magnitude events which are not commonly

cataloged by any manual effort.

2.1.1 Challenges in Semi-supervised Motif Discovery

One may consider simple similarity search within a threshold of the given mo-
tifs to identify the remaining occurrences of the motifs. However, depending
on the quality of the given events, similarity search achieves mixed results.

Motif discovery is a special case of clustering where the goal is to identify a
few clusters (typically less than five) of highly coherent subsequences in a time
series, while leaving most of the data unclustered. In semi-supervised motif
discovery, we define that one or more subsequences from one or more motifs
are labeled; and the goal is to find all of the motifs. Most of the current work
on semi-supervised algorithms for time series data focus on classification and
clustering [8][13], in general. We provide an efficient semi-supervised motif
discovery algorithm with applications to seismic data analysis.

To elaborate this idea, consider a set of points in two dimensional space in
Figure 2.2(a). Note that time series segments are points in very high dimen-
sional space. We consider two dimensional points for better illustration. The
dense lump is a motif with five occurrences or repetitions. State-of-the-art
motif discovery algorithms will find the closest pair of points (marked in red
color) in Figure 2.2(a), and then search the region within a radius/threshold,

typically proportional to the closest pair distance. In the Figure 2.2(a), all



of the five occurrences can be identified by existing techniques for the illus-
trated radius/threshold.

Now consider the same set of points, along with the star-marked points
showing the given occurrences representing some physical events (e.g. earth-
quakes). In Figure 2.2(b), all of the points in the dense lump are closer to
the stars, hence, they are very well detectable by similarity search [67] based
on the same radius as in 2.2(a). In Figure 2.2(c), no point is closer to the
stars, hence, no motif would be found. In Figure 2.2(d), two of the five points
will be found by the same search radius. Thus, the number of similar points
detected by similarity search depends on the position of the stars and the

radius/threshold value.

* ol * .|| ® NearestNeighbor Graph (NNG)
l T
°
(@) - ’ (b) - :
L] ° ) .

.' @..’,@f DR
©Jld) - @ (e)

Figure 2.2: A set of two-dimensional points. Unsupervised radial search at

(c) -

the closest-pair (a). Successful (b), failed (c¢) and partially successful (d)
similarity search at given (i.e., star) points. 2(e) is an enlarged version of
2(d). Nearest neighbor chains starting from the stars contains all the five

points (e).

To draw a quick contrast and build an intuition, we enlarge Figure 2.2(d)
in 2.2(e), where SeiSMo can find all five occurrences in all of the scenarios
(b-d). An arrow in Figure 2.2(e) connects a point to its nearest neighbor. If

we follow the chain of nearest neighbors starting the star points, we reach the

8



same pair of points, which we name sink, that are the nearest neighbors of
each other. If we label all nodes on these chains as occurrences of the given

motif, we correctly identify the five points without any threshold parameter.

2.2 Background and Notation

We define time series as a sequence of real numbers measuring a quantity at
a fixed sampling rate. A time series subsequence is a continuous segment of
a time series. We can extract n — m + 1 time series subsequences of length
m from a long time series of length n >> m. Time series subsequences are
not independent of each other. Overlapping subsequences are trivially close
in the high dimensional space, however, they are not interesting for mining
purposes.

To elaborate on this fact, in Figure 2.3, we show a toy time series and
all the subsequences of length three as points in three dimensional space.
The points are not independently scattered, instead, the points form a trail
where the nearest neighbor of a point (i.e. a window) is the next point
on the trail (i.e. next slide of the window). To avoid such trivial nearest
neighbors, we define a threshold O, (typically 50%) to set the minimum
overlap between two subsequences required to identify them as trivial matches.
In other words, if two subsequences share more than half of their observations,
we consider them as trivial. Because almost all computational properties
(moments, frequency distribution, etc.) of two half-overlapping subsequences
are governed by the overlapping segments, and the lost information is at the
Nyquist frequency. The choice of O; = 50% has been empirically validated
in related work in the literature [67][69]. In Figure 2.3(right), we connect a
point with its non-overlapping (< O;) nearest neighbor. Clearly, the nearest
neighbors now contain more information, hence, non-trivial.

Nearest Neighbor (NN): Given a subsequence S; ,,, that starts at 7" index
in the time series and of length m, we define the nearest neighbor of S, ,, as

below,



Figure 2.3: (left) A toy time series. (middle) The subsequences of length
three in a 3D space form a trail. The nearest neighbor of a point /subsequence
is trivially the next point on the trail. (right) The nearest non-overlapping

neighbors are not trivial and, can possibly be in anywhere on the trail.

min d(zNorm(S;m), zNorm(S;m)) (2.1)

li—ilzm

Here, d can be any distance function defined to calculate distance between
two equi-length time series. Typical distance functions are Euclidean distance
[37], Dynamic Time Warping distance [44], Longest Common Subsequences
distance [56], and Move-Split-Merge distance [52]. zNorm is the standard
z-normalization defined as zNorm(z) = *>#, where p and o are estimates of
mean and standard deviation of the observations in the vector x. Searching
for the nearest neighbor of a query subsequence is extensively studied under
all of these distance measures. In this paper we search for nearest neighbors

under Euclidean distance using MASS [37] and DTW using UCR_Suite [44].

Nearest Neighbor Graph (NNG): An NNG is a graph (V, E) where V
is the set of all subsequences of length m from a time series of length n.
(u — v) € E if v is the nearest neighbor of u as defined above. The length

of an edge (u — v) € E is the z-normalized distance between v and v.
Properties of NNG:

e The NNG is a collection of paths.
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e Only cycles of size two are possible, which are named as sink in this

paper.

e The edges along the paths are non-increasing in lengths. Every path

ends in a sink.

The above properties of an NNG are invariant to the distance measure
used to find the nearest neighbors. Multiple unique paths can lead to a sink.
We define such paths as Confocal Paths highlighting the fact that they all
end in the same sink. We define the support of a sink, P, by the number
of given occurrences of a motif (i.e. star points in Figure 2.2 and Figure 2.4)
on any confocal path leading to the sink. The support of the sinks in Figure

2.2(e) are zero and two. See Figure 2.4 for more examples.

Sink A Sink C

/ N\ /"Tfﬂ\ //?R*\.

Figure 2.4: Three sinks (A,B and C) and their sets of Confocal Paths. The

supports of A,B and C are zero, three and two, respectively

The intuition behind SeiSMo is that, if there are several paths from
several labeled nodes/subsequences that lead to the same sink, the likelihood
of the paths containing more unlabeled nodes (i.e., motif) is high. The reason
is that the distances are progressively shorter as we follow paths from the
labeled nodes/subsequences towards the sink. Since every node leads to a
sink, we do not consider sinks with support P = 1. We only label sinks with
P > 2 and, all nodes on paths from the labeled nodes to that sink. The
enclosed region in Figure 2.2(e) shows the labeled nodes by SeiSMo. The
advantage of this method is that there is no domain dependent parameter
to tune. One may simply perform more strict motif discovery by choosing
a higher threshold of support, e.g. P > 3. Note that, the value of P is a
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design choice for the practitioners, and not a parameter to the algorithm. In

Section 6, we analyze the sensitivity to this parameter.

2.3 Related Work

Searching for the nearest neighbor of a query subsequence is done under
Euclidean [37] or Dynamic Time Warping [44] distance. Both of these tech-
niques are efficient and suitable for our algorithmic optimizations. SeiSMo is
not limited to any specific distance measure, moreover an ensembling effect is
observed when we combine outputs from SeiSMo using Euclidean and DTW
distances.

Existing time series motif discovery algorithms are all unsupervised [36]
[34] [33], focusing on various operational aspects of the tasks such as exact
motifs [36], online motifs [34], variable length motifs [33], multi-dimensional
motifs [66] and rare motifs [9]. Domain knowledge has been incorporated
in motif discovery in the form of annotation vectors [16]; however, such an-
notation denotes preferred regions of the time series to guide the search for
motifs, as opposed to providing instances/occurrences of a motif.

Semi-supervised approaches have been developed for time series classifi-
cation extensively [59][13]. Classification tasks propagate labels to all unla-
beled instances of the training data, while semi-supervised motif discovery
algorithms are not required to label all subsequences of a time series. Time
series classification, in general, works a on set of independent time series.
SeiSMo works on subsequences of a long time series. In Section 6, we ap-
ply semi-supervised classification to detect hidden motifs to demonstrate the
difference.

The proposed method is very relevant to classic density based techniques
for unsupervised clustering (e.g., DBSCAN [20]) and outlier detection (e.g.,
Local Outlier Factor [11]). However, the concept of density connectedness
has never been applied to motif discovery. To be more specific, SeiSMo has

prefixed the two parameters in those algorithms, minPts(= 1) and e(= 00),
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that most density based techniques require tuning.

NNG on independent data points have been studied in computational
geometry for decades [43]. However, our problem definition requires careful
handling of overlapping subsequences in a time series to avoid trivial matches,
and our optimization techniques greatly improve the construction of NNG
on high dimensional data.

One important point of distinction is worth noting. Motif discovery from
time series data is fundamentally different from motif discovery from discrete
sequences such as DNA or protein sequences. To elaborate on the distinction,
consider the query matching problem. Exactly matching a query string takes
O(n) time using the KMP (Knuth-Morris-Pratt) algorithm. Exact match-
ing is not defined for real sequences, while approximate matching takes at
least O(nlogn) time [37]. Similarly, motif discovery from time series data
faces several challenges because of normalization, trivial matches and diverse
distance functions, while motif discovery from discrete sequence data enjoys
simple match/no-match relationships between observations.

A recent practice in Seismology is to apply machine learning algorithms
to learn from vast amount of labeled data collected over many decades. As
shown later in this paper, SeiSMo can detect events that well-trained deep
learning models cannot detect[42]. For the sake of argument, if we assume
the nearest neighbor search for all subsequences can be modeled by a con-
volutional and a pooling layer, the recursive search for the nearest neighbors
in SeiSMo would need variable number of layers. Although, with sufficient
large number of layers and units in each layer, it should be possible to model

SeiSMo , however, that is beyond the purpose of this paper.

2.4 SeiSMo : Semi-supervised Motif

In Algorithm 1, we describe SeiSMo . The algorithm requires the positions of
the known/seed subsequences in the time series as input. The output of the

algorithm is a set of positions of newly detected events. We assume there is
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a maximum length for all the given and output occurrences of motifs. Such a
length, that can contain most events, can be identified in most domains. For
example, in seismology, 10-second window is generally enough for the mine
blasts, and 20-second window is good for earthquakes.

The algorithm computes the nearest neighbors (NN), recursively, from
each seed subsequence (Line 3-9). The iterative search ends when the cur-
rent subsequence and the nearest of the nearest neighbor subsequence are
more than O, overlapped. Thus, we identify sinks using overlapping subse-
quences, as opposed to matching the exact locations of a subsequence. This
is a necessary deviation from an exact location-based sink identification. To
explain why, consider Sj 100. If the nearest neighbor of Sj 100 is Ss501,100 and
the nearest neighbor of Ssp1100 15 52,100, the algorithm will terminate iter-
ating at Line 5, which would not be the case if the algorithm checked for
NN (NN (currentNode) = currentNode in Line 5.

Since the algorithm stops on a condition that uses overlap between subse-
quences, our algorithm is dependent on the order of the data as many other
data mining algorithms are [45][35]. In addition, in SeiSMo, several sinks
with large overlaps are considered as one sink. All of the sinks reachable
from all of the seed events are collected in a list, SinkList.

The second half of the algorithm counts the support of each sink (Line 10-
13). Again, two sinks, (u,v) and (p, q), are considered the same or equivalent
(i.e. (u,v) = (p,q)) if overlap between p and u, and ¢ and v, both are more
than Oy, without loosing generality. The sink equivalence relation has the

following properties.

e If (u,v) is a sink, then u and v are guaranteed to be non-overlapping
by the NN operation. The order of v and v can be swapped without

loosing generality.

e sink equivalence is not transitive; (u,v) = (p,q) and (u,v) = (s,t) do

not entail (u,v) = (s,1).
e Sink equivalence is symmetric. (u,v) = (p, q) entails (p,q) = (u,v).
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Since we count support for one sink at a time, the lack of transitivity does
not impact the counting process because of the symmetric property. Once
high enough support is gathered, all nodes on the path from any seed event
to the highly supported sink are added to the set of new Fvents.

Algorithm 1 SeiSMo(T'S,SP)
Require: T'S < a continuous time-series, SP < positions of seed events

Ensure: Output newly detected seismic events from the time-series T'S us-
ing the given seeds SP
. for every seed s € SP do
currentNode < s
neighbor Node <— NN(currentNode)
neighborO f Neighbor <— NN(neighbor Node)
while Overlap between neighborO f Neighbor and currentNode < Oy
do
currentNode < neighbor N ode
neighbor N ode < neighborO f Neighbor
neighborO f Neighbor <— NN(neighbor Node)
Insert (currentNode, neighbor Node) in the SinkList
10: for each sink in SinkList do
11:  Count support of sink

12:  if support of sink > 2 then
13: newFEvents < newEvents U Nodes from all seeds to sink
14: deduplicate new Events using Oy

15: return newFEvents

In the final stage, SeiSMo performs a deduplication operation to ensure
non-overlapping events are output (Line 14). The deduplication operation
is a self-join of the set of newFvents on overlap more than O;. One may
consider a more restrictive overlap threshold to limit the number of output
patterns, however, we use the same overlap threshold O, for consistency.

The Algorithm 1 does not require the seed events to be identical in length.
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If seeds are of different lengths, their chains of nearest neighbors will be of
different lengths. When counting support, the algorithm considers O, along
with the length of the longer time series. More precisely, (u,v) = (p,q) if
overlap between p and u, and ¢ and v, both are more than [O;m], where m

is the maximum of the lengths of u, v, p and q.

2.5 Optimizations to SeiSMo

The most time critical part of SeiSMo is searching for the nearest neighbors
in iterative manner. The properties of NNG allow us to develop two opti-

mization techniques to speedup the search process.

Recursive search initialization: The Nearest neighbor search algorithm
[44] uses an initial best-so-far value to begin the search. If no prior knowledge
exists, best-so-far is set to co. Since the distances along a path on NNG are
always non-increasing, we can initialize the search in Line 8, by the last near-
est neighbor distance on the path. More precisely, neighborO f Neighbor <
NN (neighbor Node, d(current Node, neighbor Node)) This helps the early-

abandoning process greatly to stop calculating unpromising distances.

Path pruning: The in-degree of a node on NNG can be zero or more; how-
ever, the out-degree of a node is exactly one. If a nearest neighbor discovered
in Line 8 is a repeated discovery; we can prune the path by breaking the loop
in Line 5. At the implementation level, we keep a hash of all visited nodes on
NNG and check for repeated visit in constant time. This approach ensures
no node is visited more than once. Note that SeiSMo must increase the
support of the sink the path was heading to before pruning any path. This
requires some additional bookkeeping to maintain the support count for each

sink dynamically.
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2.5.1 Complexity of SeiSMo

Time complexity of SeiSMo algorithm is dominated by the iterative nearest
neighbor search. If we use DTW distance, the cost of an NN search is O(nm?)
where n is the length of the time series and m is the length of the motifs.
The number of NN searchers is proportionate to the number of seeds .S and,
lengths of the paths from seed to sink, P. Hence, the total complexity is
O(SPnm?). In most applications, S and P are on the order of tens, while n
is in millions. Hence, the complexity of the algorithm is largely dominated
by the length of the time series.

Our pruning approaches do not reduce the asymptotic complexity of the
algorithm. However, recursive search initialization reduces effective value n
and path pruning reduces effective value of P. The memory requirement
for these optimization techniques is proportional to the number of sinks and
average path size. These quantities are much smaller than the data size (n),

hence, the algorithm is effectively in-situ.

2.6 Experimental Evaluation

All our experiments are reproducible. The code, data, spreadsheet and fig-
ures are available in [5]. We use six datasets for experiments including four

real, one synthetic, and one simulated datasets:

e Synthetic white noise with implanted sinusoids containing 100,000

observations.

e California seismograms from station NC.CCOB between January 8,
2011 (00:00:00) and January 15, 2011 (00:00:00). The dataset contains
12,096,000 observations recorded at the rate of 20 samples per second.

e Oklahoma seismograms from station GS.OK029 between April 1,
2014 (00:00:00) and April 8, 2014 (00:00:00). The dataset contains
12,096,000 observations recorded at the rate of 20 samples per second.
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e Wyoming seismograms from station ZH.RPCE between July 19, 2010
(00:00:00) and July 21, 2010 (00:00:00). The dataset contains 3,456,000

observations recorded at the rate of 20 samples per second.

e LabQuake or Lab() seismic data [62] generated by a frictional exper-
iment in the Pennsylvania State University Rock and Sediment Me-
chanics Laboratory. This dataset is very well labeled and specifically
suited for precision and recall analysis because of the known ground
truth. Also, this data is suited for testing precision and recall on differ-
ent SNR values. The dataset is publicly available in [1]. The dataset

contains 125,000 observations.

e Southern California seismograms from station CI.LDRE between
April 3, 2010 (00:00:00) and April 10, 2010 (00:00:00). The dataset
contains 12,096,000 observations recorded at the rate of 20 samples per

second.

We define Precision and Recall for motif discovery in the following way.
Let us assume the number of occurrences of a motif is N. Let us assume a
motif discovery algorithm finds () occurrences of the motif and, P of them are
from the set of known occurrences. The precision is g and recall is %. SNR
is a measure of signal strength relative to background noise. Our objective
is to empirically evaluate precision and recall of our method using the same
seismogram modified in such a way that each version of seismogram has a
different SNR value.

Precision is our primary metric of comparison because false detection
costs valuable human-hours for further filtering. In contrast, there is no
ground truth about the total number of undetected events in a seismogram.

Therefore, recall calculation is not practical on real world datasets.

2.6.1 Sanity Check

We generate a synthetic dataset by implanting sinusoids of length 200 in a

series of 100K white noise samples. The variances of the sinusoids are 10%
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of the variances of the noise. We use random 40% of the sinusoids as seed
events. We vary the number of implants from 64 to 1024 by iterative dou-
bling, and measure the precision and recall of motif detection. Our precision
is always 100% on synthetic data. This is reassuring, and not surprising,
as motif discovery algorithms are precision-focused by construction. SeiSMo
achieved a recall rate of 35.02% on average, with 3.51% standard deviation.
To improve the recall rate, one may relax the algorithm further by using a
minimum support of one. However, on real datasets, the impact on precision

can be significant.

2.6.2 Comparison

We compare SeiSMo with a naive semi-supervised motif discovery algorithm
based on similarity search within a radius (RS). We set the search radius
equivalent to 80% Pearson’s correlation coefficient [67]. We compare the
methods on two synthetic datasets: Synthetic and LabQuake datasets. Both
of these datasets have manually inserted events enabling us to calculate pre-
cision and recall. The seeds are all of length 400 for this experiment.

Quantitative comparison to similarity search within a radius (RS) is unfair
in the sense that there is a difference in degree of freedom. RS can perform
anywhere between very good to the worst. In contrast, SeiSMo has no
degree of freedom, it is exact and deterministic. The output produced by
SeiSMo are robust and significant. Similarity search within a threshold is
very useful in interactive data mining, however, for the purpose of motif
(i.e. hidden event) discovery SeiSMo off load the human involvement in the
mining process by eliminating the threshold parameter.

On simple sinusoidal synthetic data, both RS and SeiSMo achieve perfect
precision, while RS achieves higher recall for a search threshold of 0.87. Note
that sinusoidal data is the best case for motif discovery. In contrast, on
LabQuake data, SeiSMo performs much better than radial search in precision
and recall. Although simulated, LabQuake events contains similar noise level

as real earthquake signals contain.
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Table 2.1: There is no ground truth for seismic datasets, because the com-
plete set of underground events is generally not know. Hence, we show pre-

cision and recall of different methods on simulated and synthetic datasets

below.
Dataset LabQuake | Synthetic
Length 125K 100K
Number of Seed Events 82 59
Total Number of Events 130 150
SeiSMo - New Detection 33 36
RS - New Detection 0 88
SeiSMo - Precision 96.97% 100%
RS - Precision 0% 100%
SeiSMo - Recall 66.67% 39.56%
RS - Recall 0% 96.70%

2.6.3 Comparison with Existing Technique

Comparison to methods in seismology

Although SeiSMo is more robust that naive radial search, we must compare
SeiSMo with existing earthquake detection algorithms from the seismology
community. Two of our datasets, California and Oklahoma are taken from
existing work on hidden event discovery. We compare to both of them to
check if SeiSMo adds any novel detection. The results are shown in Figure
2.5. All of our novel detections are manually verified.

In California data, we observe that SeiSMo adds few more (18) unique
events to the events detected by existing technique (ConvnetQuake), while
radial search is adding no value. We show the events in the subsequent
sections. However, the fact that SeiSMo is precisely detecting new events in
two independent real datasets from two states is showing the generalizability
of our technique.

In Oklahoma data, we observe an interesting fact that all methods are
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detecting large number of unique events. This suggests that the dataset is
rich in number of events and, the methods are capturing unique aspects of

the events to be able to work collaboratively.

4 3 3
SeiSMo ° SeisMo

Radial \
Radial Search
ConvNetQ Search (5)
(291)
e FAST 2

(87)

6

Figure 2.5: (left) Comparison to ConvNetQuake [42] and similarity search
within a radius (RS) on Oklahoma dataset. (right) Comparison to FAST [68]

and similarity search within a radius (RS) on California dataset.

Comparison to semi-supervised data mining method

Historically, semi-supervised methods have been developed to perform su-
pervised learning in the absence of labeling. SeiSMo focuses on exploiting
labels in performing unsupervised motif discovery. Although this key differ-
ence makes SeiSMo unique, we consider existing semi-supervised learning
algorithm for time series data, DTW-D [13], to detect hidden events.

Our approach is to train a semi-supervised classifier on the seed events
(i.e. control) and on a mix of seed and SeiSMo events (i.e. treatment). In
both of the scenarios, we consider the seismic events as positive instances and
add equal number of non-event segments as negative instances to balance the
datasets. If the SeiSMo events are all detectable by DTW-D classifier, we
expect to see an increase in classifier performance. If the SeiSMo events
contain same amount of confusion as the seed events, the classifier accuracy

should stay the same.
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Figure 2.6: Applying semi-supervised classification (DTW-D) algorithm to

detect new events.

In Figure 2.6, we show the results on two of our datasets: California and
Oklahoma. We see no significant difference between control and treatment on
California dataset, which ideally implies that DTW-D classifier finds SeiSMo
events very similar to the seed events. However, the accuracy of the DTW-D
classifier is at most equal to the default accuracy (50%) on California dataset.
Therefore, no conclusion can be made for this dataset. We see a significant
decrease in accuracy once we add SeiSMo events to the seed events in the
training dataset (Figure 2.6(right)). We conclude that DTW-D failed to
learn about the unique SeiSMo events.

Note that DTW-D is not an event discovery algorithm. Hence, our
demonstration of DTW-D classifier failing in event detection should not un-

dermine its goodness as a classifier.

2.6.4 Efficiency

SeiSMo recursively searches for the nearest neighbors. The number of
searches is generally more than the number of searches in radial search based
methods. In Figure 2.7 (left), we show the execution time in seconds as we
increase the data size upto a million observations. We use the synthetic data
with 14 seeds. The optimization techniques give us roughly 2x speedup.
The growth in execution time is roughly linear, suggesting scalability to even
hundreds of millions of observations.

Unsupervised motif discovery algorithms using recent Matrix Profile tech-
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nique [67] requires an order of magnitude more time to identify the seed motif
and, expand to more occurrences. To find motifs in a 10° long time series,
Matrix Profile runs for a day without any GPU, and for a shorter window
size of 256 (see Table III of [67]); while SeiSMo finishes in 25 seconds.

25 . . . . . . . ; 1400

1200

® o
1=} 1<}
S S

Execution Time is Seconds
(2]
8

Execution Time in Seconds

100 200 300 400 500 600 700 800 900 1000 100 200 300 400 500 600 700 800 900 1000
Length of the time series in thousands Number of Seeds

Figure 2.7: (left) Linear scalability and speedup by Optimization techniques.
(right) Scalability with respect to number of seeds.

Execution speed grows with number of seed events. Figure 2.7(right)
shows the change in execution time as we implant more events and use more
seeds. Similarity Search within a radius is generally faster, however, the
optimized SeiSMo grows almost linearly with respect to n, without any

sensitive parameter such as the radius.

2.6.5 Parameter Sensitivity

We have one parameter in SeiSMo. The support of the sink, P, is set to
2 for all of the experiments in this paper. However, to develop a reasoning
about this parameter, we perform an experiment by varying the parameter
P, and recording the precision and recall. In the Figure 2.8(right), we show
the result. For both synthetic and LabQuake (LabQ) data, precision is gen-
erally insensitive to increasing support, while recall decreases with increasing

support. This is intuitive because, increasing support restricts SeiSMo to
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detect only patterns with high confidence. Since precision is the key metric

for automated signal detection, we claim insensitivity to the parameter P.
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Figure 2.8: Parameter sensitivity of SeiSMo . (left) Precision and recall graph
of SeiSMo with different noise level. Both precision and recall decreases when
noise level is increased. (right) Precision and recall for varying support count,

p.

To evaluate the effect of noise, we incrementally add noise to LabQuake
data and measure precision and recall. The results are shown in Figure
2.8(left). We see a drop in precision and recall when signal-to-noise-ratio
(SNR), measured in decibel, is decreased. Decibel is a logarithmic scale,

hence, we attribute the drop in precision and recall as slow decay.

2.6.6 Effect of Distance Measure

We find that Euclidean and Dynamic Time Warping distances can produce
unique hidden events from the same data. Hence, we suggest parallel exe-
cution of SeiSMo under all available distance measures and taking a union
of the outputs as final output. We empirically observe, on average in all
our experiments, DTW contributes 60% to the newly detected events, while

Euclidean distance contributes 40%. We hypothesize that more distance
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measures will add more detections at a diminishing rate. We leave it for
future work to validate the hypothesis.

2.6.7 Evaluation
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Figure 2.9: Example of validation using additional channels from the same
and additional station. SeiSMo detects the signal in OK029-HH1. In this
figure, We have other components (HH2, HH3) of OK029 station on first row.
Moreover, we picked another station, OKO027 which is 13 miles apart from
OK029 (exact position is shown in the map). We have shown waveforms
from all three components from OKO027 in the second raw. We observe the

presence of the event in all six waveforms, thus, validating the detection.

It is very important to ensure that the events we detect are not caused
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by any electrical/mechanical malfunction; or by any minor incident (i.e. a
vehicle passing by). We can ensure this by examining the signals from all
three (horizontal North-South, horizontal East-West vertical) components,
and from all of the components in nearby stations. Therefore, once detected,
we evaluate if the detected signal is a real seismic event by visualizing the
other channels/components in the same stations and channels in nearby sta-
tions. If more than one stations record the same event within reasonable
delay, we confirm the signal as a real event. To illustrate, in Figure 2.9, we
show the detected signal in the HH1 channel of OK029 station. We see that
other two channels, HH2 and HHZ, depict strong signals. To further validate,
we probe a nearby station, in this case OK027, to visualize the channels at
the same time window. We see presence of strong signals in all channels of
OKO027, which confirm that the detected signal represents a real event. Note
that the signals in OK027 are consistently ahead of the signals in OK029
for all channels. This further validates that the seismic source is closer to
0OKO029.

The challenges associated with such visual validation technique are ab-
sence of all the channels and absence of a nearby station. If none available,

we pessimistically consider the signal as false detection.

2.7 Natural Seismic Events in California

2.7.1 Northern California Seismic Network

We present a motivating case study to demonstrate the utility of semi-
supervised motif discovery from time series data. Seismic events are ob-
servable in seismographs, especially when the events are of high magnitude.
However, low magnitude events are more frequent than higher ones, and often
escape expert attention. Such events are not found in IRIS-hosted ! catalogs

while they are important for various geo-scientific analysis.

L(Incorporated Research Institutions for Seismology)
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Figure 2.10: Randomly picked results of California dataset. Top row of events
is cataloged. Middle row of events is detected by FAST [68]. And bottom
row of events is detected by SeiSMo .

We apply our SeiSMo algorithm to discover hidden seismic events using
existing cataloged events as labeled data. The Calaveras Fault in central
California is known to have repeating earthquakes [47]. We have collected
seven days (from January 8, 2011 to January 15, 2011) of single channel
(horizontal north-south component) seismic data from a station (NC.CCOB)
in Northern California Seismic Network from Northern California Earthquake
Data Center (NCEDC) [3]. We have collected 24 cataloged events originated
within 100 miles of the station. FAST [68] is a hash based method, which,
in principle, is a radial search technique under a specific distance measure.
We have augmented the catalog events with 87 events detected by FAST to
create the seed set. Seismograms for each event were 20 seconds long which
is good enough to fit a single event and had a sampling rate of 20 per samples
second. We applied a 4- to 10-Hz bandpass filter to remove any unwanted
noise. We have discovered 18 new events that have neither been cataloged
in IRIS nor been detected by FAST. We use only one channel (EHN) of data
for detection. The events we have discovered are all confirmed by manually
checking the other two channels as well as other nearby stations.
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In Figure 2.10, we show some random events for further discussion. All
the events show presence of significant signals. The catalog events are gen-
erally high magnitude events. FAST detects higher magnitude events than
those SeiSMo detects. Northern California is a very active region. Auto-
mated seismic signal discovery is the first step towards data driven under-
standing of seismic activity over time and space. Thus, SeiSMo contributes

significantly towards that objective.

2.7.2 Southern California Seismic Network

Southern California Seismic Network (SCSN) recorded a good number of
seismic activities after a 7.2 magnitude earthquake at Baja California, Mex-
ico in April, 2010. We apply SeiSMo algorithm to discover hidden seismic
events in a dataset collected from Southern California Seismic Network us-
ing existing cataloged events as labeled data. We have collected seven days
(from April 3, 2010 (00:00:00) to April 10, 2010 (00:00:00)) of single channel
(vertical component, BHZ) seismic data from a station (CI.LDRE) in South-
ern California Seismic Network from Southern California Earthquake Data
Center (SCEDC) [4]. Unlike the Northern California experiment in the pre-
vious section, we perform a study on the effect of event magnitudes in the

seed set using this dataset.

Table 2.2: Increasing performance with seed quality.
Maximum Magnitude | 4.10 | 4.20 | 4.40 | 7.20

Minimum Magnitude | 0.30 | 1.66 | 2.50 | 4.10
Number of Detection | 2 17 | 30 | 35

We have collected 60 cataloged events recorded at this station with a
range of magnitudes from 0.3 to 7.2 in Richter scale. We order the events
in increasing order of magnitudes and take sets of 30 consecutive seeds from
the ordered list of events. For each of these sets of seeds, we run SeiSMo to

detect new events and chart the performance in Table 2.2. We see an increase
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in detection performance as the magnitude of the seed events increases. High

magnitude events show better contrast with respect to the baselines around

them compared to low magnitude events. This corroborates to the observa-
tions in Table 2.2.
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Figure 2.11: Results of Oklahoma dataset shows that, SeiSMo detects lower
magnitude events than those in the IRIS catalog.
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2.8 Induced Seismic Events in Oklahoma

Human-induced seismicity includes seismic activities that are not directly ini-
tiated by humans (e.g. nuclear tests), rather are indirect outcome of human
activity. Such as seismic activity because of waste water injection [58] [60].
In ConvNetQuake [42], authors have identified a recent increase in induced
seismicity in Guthrie county of central Oklahoma.

We have applied SeiSMo to a single channel (HH1) dataset from the same
station and for the same time duration of 7 days (April 1, 2014 (00:00:00) to
April 8, 2014 (00:00:00)). We have collected 77 seed seismograms from IRIS
2]; each of the those was 20 seconds long with a sampling rate of 20 samples
per second, just like the previous experiment. Also, we applied a 4- to 10-
Hz bandpass filter to remove any unwanted noise. We run SeiSMo on this
dataset and using these seeds we detect 39 more events. All of these 39 events
are confirmed by manually checking all of the channels and few neighboring
stations. Figure 2.11 shows five random cataloged and newly detected events
on a time line. The cataloged events are higher in magnitude than those
detected by SeiSMo .

2.9 Seismicity Due to Controlled Explosion
in Wyoming

The mining industry in Wyoming uses borehole mining technology [61], which
creates very low energy yet significant seismic footprint in nearby stations
across the Bighorn Mountain [65] [41]. We collected a dataset from the
experiment of [40], which contains 24 active source borehole events that were
labeled by the authors. We used 16 borehole shot events in two consecutive
days among those 24 as seed to explore if there are hidden/unlabeled borehole
events. SeiSMo identified 12 new events that are confirmed to be borehole
shots. Randomly picked SeiSMo detections and seeds are shown in Figure
2.12.
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Consistent with the previous cases, the detected events are significantly
lower in magnitude compared to catalog events. This suggest that SeiSMo

is capable of discovering hidden low-magnitude seismic events.

2.10 Conclusion and Future Work

We propose a semi-supervised motif discovery algorithm to discover motifs
or hidden events in a time series when a small number of arbitrarily similar
events are known apriori. Using six different datasets, We show that our
method is more accurate and robust than a naive similarity search on large
datasets. We apply the algorithm on four seismic datasets and discover novel
seismic events that were unknown to experts. All of our code, data and result
used in this article are available [5] for reproducibility.

SeiSMo is good at spotting unique low magnitude events, which were
not cataloged because analysts were not certain about their origin and char-
acteristics. We plan on analyzing SeiSMo events to produce high quality

information towards a fully automated cataloging system.
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Chapter 3

UNM Seismic Data Repository

3.1 Introduction

A robust and faultless seismic data repository is a must to study historical
seismic activity. While there exist numerous number of seismic networks,
only a handful of them have precise accuracy and follow specific standards.
As a result, analyzing historical seismic data becomes unreliable due to lack
of proper ground truth. Moreover, almost all of the seismic networks have a
local coverage which makes is more difficult to compare and datasets across
regions. In this work, we create a global repository of seismic activity that
are well-curated by domain experts and follow same standards for all regions
globally. The seismic waveforms and labels are collected by International
Data Center (IDC) using 127 seismic arrays over 10 years. We create three
MySQL databases to store the bulletin which allows fast searches for complex

queries. In short, the seismic bulletin contains:

e 650 thousand seismic events
e 13.2 million Seismic arrivals

e Collected from 127 global seismic arrays
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3.2 Repository Description

Our UNM seismic data repository consists of three main storage unites: (i)
MySQL databases, (ii) wfdisk text files and (iii) waveform binary files. At
the center of the repository, we have Data Generator module which combines

all storage units and communicates with the users.

MysQL

server
Wifdisk Row Search AN

DB Query Batch > ||= Widisk
Response —_— Files
Header and File info S—
User Query
~

ITTI

umnweml Generator
Mseed Files

File path, offsets 1010 | waveform

> |0|0 Files

Binary stream

Figure 3.1: A high level workflow of UNM seismic data repository.

3.2.1 Workflow of Data Generation

In Figure 3.1, we show a workflow diagram of the UNM data repository. The
workflow starts when a user search is fed into the Data Generator module.
Data Generator converts the user search into a database query and fetches
results from the corresponding MySQL database. The response from the
database is a list of arrivals. Since the number of arrivals can be too large to

process in one transaction, the arrivals are fetched in multiple (configurable,
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default 5000) batches. Each arrival information then matched with the cor-
responding row in the wfdisk file. Two types of information are fetched from
the widisk files: (i) Waveform descriptions like station, channel, sampling
rate, start and end time, number of data points, clipping flag; and (ii) File
pointer to waveform like the directory path, file index and byte offsets for
the trace in the waveform file. Using the file pointer, the waveform trace is
fetched from the binary waveform files. Finally, waveform descriptions and
traces are combined together to create the miniseed file which is the output

returned to the user of written in the disk.

3.3 Databases

We have created three databases to store global bulletins:
1. International Data Center (IDCx)
2. Late Event Bulletin (LEB)
3. Selected Event List (SEL3)

Each database consists of six tables. The table schema of identical for
different databases. In this section, we describe the schema of all the tables.
Also, in the figures 3.2, to 3.7 we show a couple of sample rows randomly

picked from each table.

3.3.1 Table: Arrival

1. stz VARCHAR(6). Contains station code. This column value is the
code name of a seismic, hydroacoustic, or infrasonic observatory and
identifies a geographic location recorded in the site table. Generally,

only three to five upper case characters are used.

2. time: FLOAT. Epoch time, given as seconds since midnight, January

1, 1970, and stored in a double-precision floating number. time refers
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Column
sta
time
arid
jdate
Stassid
chanid
chan
iphase

stype

Value 1

ARAK
1232535603.444
48191627
2009021
3746387

=i

721020

P

Value 2

AAK
1232535608.544
48191628
2009021
3746387

=i

71530

tx

Column
deltim
azimuth
delaz
slow
delslo
ema
rect
amp

per

Value 1 | Value2

1.398
208.46
91.53
1.87
2.68
6.42
0.884
1.63
0.67

1.403
193.57
26.47
.29
2.86
21.6
0.867
1.23
0.44

Column
logat
clip
fm

snr
qual
auth
commid

lddate

Value 1

=989

6.38
NULL
=il

2009-01-29
12:09:55

Value 2

=899

6.34
NULL
=il

2009-01-29
12:09:55

Figure 3.2: Snapshot of arrival table with two rows of randomly picked data

entry.

to the table in which it is found; for example, in arrival it is the arrival
time, in origin it is the origin time, in wfdisc it is the start time of
data, and in siteaux it is the start time for which measurements are
valid. Where the date of historical events is known, time is set to the
start time of that date. Where the date of contemporary arrival mea-
surements is known but no time is given, then time is set to the NA
Value. The double-precision floating point number allows 15 decimal
digits. At one milli- second accuracy, this is a range of 3 *104 years.
Where the date is unknown, or prior to February 10, 1653, time is set
to the NA Value.

arid: INT. Arrival identifier. Each arrival is assigned a unique positive

integer identifying it with a unique station, channel and time.

4. jdate: INT. Julian date; date of an arrival, origin, seismic recording,

and so on. The same information is available in epoch time, but the
Julian date format is more con- venient for many types of searches.
Dates B.C. are negative. The year will never equal 0000, and the day
will never equal 000. Where only the year is known, the day of the year
is 001; where only year and month are known, the day of year is the
first day of the month. Only the year is negated for B.C., so 1 January
of 10 B.C. is —-0010001.
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. stassid: INT. Station association identification. The wavetrain from a
single event may be made up of a number of arrivals. A unique stassid
joins those arrivals believed to have come from a common event as
measured at a single station. Stassid is also the key to the stassoc table,
which contains additional signal measure- ments not contained within
the arrival table, such as station magnitude estimates and computed

signal characteristics.

. chanid: INT. Channel recording identifier. The value is a surrogate
key used to uniquely identify a specific recording. Chanid duplicates

the information of the com- pound key station, channel and time.

. chan: VARCHAR(8). Channel identifier. The value is an eight-character
code that specifies a particular channel within a network (station),
which, taken together with station and time, uniquely identifies seismic
timeseries data, including the geographic location, spatial orientation,

sensor, and subsequent data processing.

. iphase: VARCHAR(8). Reported phase. This eight-character column
holds the name initially given to a seismic phase. Standard seismolog-
ical labels for the types of signals (or phases) are used (for example,
P, PKP, PcP, pP). Both upper and lower case letters are available and
should be used when appropriate, for example, pP or PcP.

. stype: VARCHAR(1). Signal type. This single-character flag indicates
the event or signal type. The following definitions hold:

e | = local event

e 1 = regional event

e t = teleseismic event

g = glitch

e = calibration activity
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

delim: FLOAT. Arrival time uncertainty. This column is an estimate

of the standard deviation of an arrival time.

azimuth: FLOAT. Observed azimuth. This value is the estimated
station-to-event azimuth measured clockwise from North. The esti-
mate is made from f-k or polarization analysis. In stassoc, the value

may be an analyst estimate.

delaz. FLOAT. Azimuth uncertainty. This column is an estimate of

the standard deviation of the azimuth of a signal.

slow: FLOAT. Observed slowness of a detected arrival. Units are sec-

onds/kilometer in detection, seconds/degree in arrival and p-arrival.

delslo: FLOAT. Slowness uncertainty. This column is an estimate of

the standard deviation of the slowness of a signal.

ema: FLOAT. Emergence angle. This column is the emergence angle
of an arrival, as observed at a three-component station or array. The

value increases from the vertical direction towards the horizontal.

rect: FLOAT. Signal rectilinearity defined as 1-(I3 + 12)/2 * [1 where
11, 12, and 13 are the three eigenvalues from the decomposition of the
covariance matrix. This column value is the maximum rectilinearity

for all overlapping time windows.
amp: FLOAT. Measured amplitude defined by amplitude type.

per: FLOAT. Measured period at the time of the amplitude measure-

ment.

logat: FLOAT. Log of amplitude divided by period. This measurement
of signal size is often reported instead of the amplitude and period
separately. This column is only filled if the separate measurements are

not available.
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20.

clip: VARCHAR(1). Clipped data flag. The value is a single-character

flag to indicate whether or not the data were clipped.

21. fm: VARCHAR(2). First motion. This is a two-character indication

22.

23.

24.

25.

26.

of first motion. The first char- acter describes first motion seen on
short-period channels and the second holds for long-period instruments.
Compression on a short-period sensor is denoted by c, dilatation by a d;
and compression on a long-period sensor is denoted by u, dilatation by
an r. Empty character positions will be indicated by dots (for example,

“1” for dilatation on a long-period sensor).

snr: FLOAT. Signal-to-noise ratio. This is an estimate of the ratio of
the amplitude of the signal to amplitude of the noise immediately pre-
ceding it. For apma, this value is based on the maximum 3-component
amplitudes. This column is the average signal-to-noise ratio for the

frequency bands that contributed to the final polarization estimates.

qual: VARCHAR(1). Onset quality. This single-character flag is used

to denote the sharpness of the onset of a seismic phase.

auth: VARCHAR(15). Author, the originator of the data. Auth may
also identify an application generating the record, such as an automated

interpretation or signal-processing program.

commid: INT. Comment identifier. The value is a key that points to
free-form comments entered in the remark table. These comments store
additional information about a record in another table. The remark
table can have many records with the same commid and different lineno,
but the same commid will appear in only one other record among the
rest of the tables in the database.

lddate: DATETIME. Load date. The date and time the record was

inserted into the database.
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3.3.2 Table: Assoc

Column
arid
orid
sta
phase
belief
delta

seaz

Value 1
47561181
5131589
ESDC

P

=1
21.085

87.98

Value 2
47561216
5131589
ARCES

P

=i,

32,35

183.99

Column
esaz
timeres
timedef
azres
azdef
slores

slodef

Value 1 | Value2

284.77
0.165
d

3.7

d
-0.74
d

1.76
-0.169
26.47
5.4

d

0.64

d

Column
emares
wgt

vmodel
commid

lddate

Value 1
-999
0.484
IASPEI
=il

2009-01-16
09:19:56

Value 2
-999
0.628
IASPEI
=1

2009-01-16
09:19:56

Figure 3.3: Snapshot of assoc table with two rows of randomly picked data

entry.

1. arid: INT. Arrival identifier. Each arrival is assigned a unique positive

integer identifying it with a unique station, channel and time.

2. orid: INT. Origin identifier that relates a record in these tables to a

record in the origin table.

3. sta: VARCHAR(6). Contains station code. This column value is the
code name of a seismic, hydroacoustic, or infrasonic observatory and
identifies a geographic location recorded in the site table. Generally,

only three to five upper case characters are used.

4. phase: VARCHAR(8). Phase type. The identity of a phase that has

been associated to an arrival. Standard labels for phases are used
(for example, P, PKP, PcP, pP, and so on). Both upper and lower case
letters are available and should be used when appropriate; for example,

pP or PcP.

5. belief: FLOAT. Phase identification confidence level. The value is a
qualitative estimate of the confidence that a seismic phase is correctly
identified.

6. delta: FLOAT. Source-receiver distance. This column is the arc length,

over the earth’s surface, of the path the seismic phase follows from
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10.

11.

12.

source to receiver. The location of the origin is specified in the Origin
record referenced by the column orid. The column arid points to the
record in the Arrival table that identifies the receiver. The value of
the column can exceed 360 degrees. The geographic distance between

source and receiver is delta modulo(180).

seaz: FLOAT. Station-to-event azimuth calculated from the station

and event locations and measured clockwise from north.

esaz: FLOAT. Event-to-station azimuth measured in degrees clockwise
from North.

timeres: FLOAT. Time residual. This column is a travel-time residual
measured in seconds. The residual is found by taking the observed ar-
rival time (saved in the Arrival table) of a seismic phase and subtracting
the expected arrival time. The expected arrival time is calculated by a
formula based on an earth velocity model (column vmodel), an event
location and origin time (saved in table Origin), the distance to the
station (column dist in table assoc), and the particular seismic phase

(column phase in table assoc).

timedef: VARCHAR(1). Time-defining code. This one-character flag
indicates whether or not the time of a phase was used to constrain the
event location. This column is defining (timedef = d) or nondefining
(timedef = n).

azres: FLOAT. Azimuth residual. The value is the difference between
the measured station-to-event azimuth for an arrival and the true az-

imuth. The true azimuth is the bearing to the inferred event origin.

azdef: VARCHAR(1). Azimuth-defining code. The one-character flag
indicates whether or not the azimuth of a phase was used to constrain
the event location solution. This column is defining (azdef = d) if it

was used in the location, nondefining (azdef = n) if it was not.

40



13.

14.

15.

16.

17.

18.

19.

slores: FLOAT. Slowness residual. This column gives the difference
between an observed slowness and a theoretical prediction. The pre-
diction is calculated for the related phase and event origin described in

the record.

slodef: VARCHAR(1). Slowness defining code. This one-character flag
indicates whether or not the slowness of a phase was used to constrain
the event location. This column is defining (slodef = d) or nondefining

(slodef = n) for this arrival.

emares: FLOAT. Emergence angle residual. This column is the differ-
ence between an observed emergence angle and the theoretical predic-
tion for the same phase, assuming an event location as specified by the

accompanying orid.

wgt: FLOAT. Location weight. This column gives the final weight
assigned to the allied arrival by the location program. This column is
used primarily for location programs that adaptively weight data by

their residuals.

vmodel: VARCHAR(15). Velocity model. This character string iden-
tifies the velocity model of the earth used to compute the travel times
of seismic phases. A velocity model is required for event location (if

phase is defining) or for computing travel-time residuals.

commid: INT. Comment identifier. The value is a key that points to
free-form comments entered in the remark table. These comments store
additional information about a record in another table. The remark
table can have many records with the same commid and different lineno,
but the same commid will appear in only one other record among the
rest of the tables in the database.

lddate: DATETIME. Load date. The date and time the record was

inserted into the database.
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3.3.3 Table: Event

Column |Value 1 |Value 2 Value 1 (Value 2 Column
evid 2762179 2762180 |prefor 2762179 2762180 |commid NULL NULL
evname - = auth =i =1l lddate 2009-11-20 15:02:37 2009-11-20 15:02:37

Figure 3.4: Snapshot of event table with two rows of randomly picked data

entry.

1. evid: INT. Event identifier. Each event is assigned a unique positive
integer that identifies it in a database. Several records in the origin
table can have the same evid. Analyst have several opinions about the

location of the event.

2. evname: VARCHAR(15). Event name. This is the common name of
the event identified by evid.

3. prefor: INT. Preferred origin. This column holds the origin identifier

(orid) that points to the preferred origin for a seismic event.

4. auth. VARCHAR(15). Author, the originator of the data. Auth may
also identify an application generating the record, such as an automated

interpretation or signal-processing program.

5. commid: INT. Comment identifier. The value is a key that points to
free-form comments entered in the remark table. These comments store
additional information about a record in another table. The remark
table can have many records with the same commid and different lineno,
but the same commid will appear in only one other record among the
rest of the tables in the database.

6. lddate: DATETIME. Load date. The date and time the record was

inserted into the database.
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3.3.4 Table: Origin

Column (Value 1 Value 2 Column Value 1 Value 2 Column Value 1 Value 2
lat 0.369964 52.407644 indef 3 5 ms =58¢ -999
lon 132.37178 34.071173 indp 0 0 msid =1 =1l
depth 0 0 grn 611 724 ml =598 =89¢
time 12587060 12587076 srn 39 49 mlid =1 =1

26. 10587 77026363 letype = = algorithm LocSAT LocSAT
orid 2762179 2762180 depdp =998 =98¢ auth NULL NULL
evid 2762179 2762180 dtype g g commid =1 =1
jdate 2009324 2009324 imb 3.84 =998 lddate 2009-11-20 2009-11-20
nass 4 7 mbid 13939842 -1 1580288 19p4284¢

Figure 3.5: Snapshot of origin table with two rows of randomly picked data

entry.

1.

2.

lat: FLOAT. Geographic latitude. Locations north of the equator have

positive latitudes.

lon: FLOAT. Geographic longitude. Longitudes are measured positive

east of Greenwich meridian.

. depth: FLOAT. Source depth. This column gives the depth (positive

down) of the event origin. Negative depth implies an atmospheric event.

In stassoc, this may be an analyst estimate.

time: FLOAT. Epoch time, given as seconds since midnight, January
1, 1970, and stored in a double-precision floating number. time refers
to the table in which it is found; for example, in arrival it is the arrival
time, in origin it is the origin time, in wfdisc it is the start time of
data, and in siteaux it is the start time for which measurements are
valid. Where the date of historical events is known, time is set to
the start time of that date. Where the date of contemporary arrival
measurements is known but no time is given, then time is set to the NA
Value. The double-precision floating point number allows 15 decimal

digits. At one millisecond accuracy, this is a range of 3 * 104 years.
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Where the date is unknown, or prior to February 10, 1653, time is set
to the NA Value.

orid: INT. Origin identifier that relates a record in these tables to a

record in the origin table.

evtd: INT. Event identifier. Each event is assigned a unique positive
integer that identifies it in a database. Several records in the origin
table can have the same evid. Analyst have several opinions about the
location of the event.

7. jdate: INT. Julian date; date of an arrival, origin, seismic recording,

10.

11.

12.

13.

14.

and so on. The same information is available in epoch time, but the
Julian date format is more con- venient for many types of searches.
Dates B.C. are negative. The year will never equal 0000, and the day
will never equal 000. Where only the year is known, the day of the year
is 001; where only year and month are known, the day of year is the
first day of the month. Only the year is negated for B.C., so 1 January
of 10 B.C. is —-0010001.

nass: INT. Number of associated arrivals. This column gives the num-

ber of arrivals associated with the origin.

ndef: INT. Number of time-defining phases.

ndp: INT. Number of depth phases.

grn: INT. Geographic region number.

srn: INT. Seismic region number.

etype: VARCHAR(8). Event type. Describes the type of event.

depdp: FLOAT. Depth as estimated from depth phases. The value is
a measure of event depth estimated from a depth phase or an average
of several depth phases. Depth is measured positive in a downwards

direction starting from the earth’s surface.
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15.

16.

17.

18.

19.

20.

21.

22.

dtype: VARCHAR(1). Depth determination flag. This single-character
flag indicates the method by which the depth was determined or con-
strained during the location process. The recommended values are f
(free), d (from depth phases), r (restrained by location program) or g
(restrained by geophysicist). In cases r or g, either the auth column

should indicate the agency or person responsible for this action.

mb: FLOAT. Body wave magnitude, mb. This is the body wave mag-
nitude of an event. The identifier mbid that points to magid in the

Netmag table is associated with this column.

mbid: INT. Magnitude identifier for mb. This column stores the magid

for a record in Netmag.

ms: FLOAT. This is the surface wave magnitude for an event. The
identifier msid, which points to magid in the Netmag table, is associ-
ated with this column. The information in that record summarizes the
method of analysis and the data used (see imb, iml, ims, magnitude,

magtype, mb, and ml).

msid: INT. Magnitude identifier for ms. This column stores the magid

for a record in Netmag.

ml: FLOAT. Local magnitude (ML) of an event. The identifier mlid,
which points to magid in the Netmag table, is associated with this

column.

mlid: IN'T. Magnitude identifier for ml. This column stores the magid
for a record in Netmag. Mlid is a foreign key joining origin to netmag,

where table.mlid = table.magid.

algorithm VARCHAR(15). Location algorithm used. This column is a
brief textual description of the algorithm used for computing a seismic

origin.
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23. auth: VARCHAR(15). Author, the originator of the data. Auth may
also identify an application generating the record, such as an automated

interpretation or signal-processing program.

24. commid: INT. Comment identifier. The value is a key that points to
free-form comments entered in the remark table. These comments store
additional information about a record in another table. The remark
table can have many records with the same commid and different lineno,
but the same commid will appear in only one other record among the
rest of the tables in the database.

25. lddate: DATETIME. Load date. The date and time the record was

inserted into the database.

3.3.5 Table: Netmag

Value 1 |Value2
12457161 12457171 |magtype mb

SEISMIC SEISMIC nsta 3 NULL NULL
5099452 5099457 |magnitude 3.88 2009-01-01 2009-01-01
5099452 5099457 |uncertainty 0.66 12:16:53 12:16:53

Figure 3.6: Snapshot of netmag table with two rows of randomly picked data

entry.

1. magid: INT. Network magnitude identifier. This value is assigned to
identify a network magnitude in the netmag table. This column is
required for every network magnitude. Magnitudes given in Origin
must reference a network magnitude with magid = mbid, mlid or msid,

whichever is appropriate .

2. net: VARCHAR(8). Unique network identifier. This character string

is the name of a seismic network. One example is WWSSN.
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10.

11.

. orid: INT. Origin identifier that relates a record in these tables to a

record in the origin table.

evid: INT. Event identifier. Each event is assigned a unique positive
integer that identifies it in a database. Several records in the origin
table can have the same evid. Analyst have several opinions about the

location of the event.
magtype: VARCHAR(6). Magnitude type, for example, mb.

nsta: INT. Number of stations. This column is the number of stations

contributing to the network magnitude estimate.

magnitude: FLOAT. Magnitude. This column gives the magnitude
value of the type indicated in magtype. The value is derived in a variety

of ways, which are not necessarily linked directly to an arrival.

uncertainty: FLOAT. Magnitude uncertainty. This column value is the

standard deviation of the accompanying magnitude measurement.

auth: VARCHAR(15). Author, the originator of the data. Auth may
also identify an application generating the record, such as an automated

interpretation or signal-processing program.

commid: INT. Comment identifier. The value is a key that points to
free-form comments entered in the remark table. These comments store
additional information about a record in another table. The remark
table can have many records with the same commid and different lineno,
but the same commid will appear in only one other record among the
rest of the tables in the database.

lddate: DATETIME. Load date. The date and time the record was

inserted into the database.
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orid 2762179 2762180 syz =il =1 strike 63.44 108.06

sSxx 1592.08 483.423 stx -0.1361 -55.0804 |sdepth -1 =1

syy 920.343 103.245 sty 2.5761 16.8975 stime 1.954 4.413

szz =1 =1 stz =1 =1 conf 0.9 0.9

stt 1.4083 7.1861 sdobs 0.0943 2.0422 commid -1 =1

SXy 447.673 -138.749 smajax 91.3985 49.314 lddate 2009-11-20 2009-11-20
sxz -1 -1 sminax 56.6074 16.333 15802837 Ipgazsad

Figure 3.7: Snapshot of origerr table with two rows of randomly picked data
entry.

3.3.6 Table: OrigErr

1. orid: INT. Origin identifier that relates a record in these tables to a

record in the origin table.

2. szx, syy, szz, stt, sy, swz, syz, stx, sty, stzz FLOAT. Elements of the
covariance matrix for the location identified by orid. The covariance
matrix is symmetric (and positive definite) so that sry = syx, and
so on, (x,y, z, t) refer to latitude, longitude, depth, and origin time,
respectively. These columns (together with sdobs, ndef, and dtype)
provide the information necessary to construct the K-dimensional (K

=2, 3, 4) confidence ellipse or ellipsoids at any confidence limit desired.

3. sdobs: FLOAT. Standard error of one observation. This column is
derived from the discrepancies in the arrival times of the phases used
to locate an event. This column is defined as the square root of the sum
of the squares of the time residuals divided by the number of degrees
of freedom. The latter is the number of defining observations minus
the dimension of the system solved (4 if depth is allowed to be a free

variable, 3 if depth is constrained).

4. smajar: FLOAT. Semi-major axis of error ellipse for a given confidence.
The column value is the length of the semi-major axis of the location
error ellipse. The value is found by projecting the covariance matrix

onto the horizontal plane.
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10.

11.

. sminaz: FLOAT. Semi-minor axis of error ellipse. The column value

is the length of the semi-minor axis of the location error ellipse. The
value is found by projecting the covariance matrix onto the horizontal

plane.

strike: FLOAT. Strike of major axis of error ellipse. This column is the
strike of the semi-major axis of the location error ellipse, measured in

degrees clockwise from the North.

sdepth: FLOAT. Depth error. This is the maximum error of a depth

estimate for a level of confidence.
stime: FLOAT. Origin time error.

conf: FLOAT. Confidence measure for a particular event identification
method.

commid: INT. Comment identifier. The value is a key that points to
free-form comments entered in the remark table. These comments store
additional information about a record in another table. The remark
table can have many records with the same commid and different lineno,
but the same commid will appear in only one other record among the
rest of the tables in the database.

lddate: DATETIME. Load date. The date and time the record was

inserted into the database.

3.4 Widisk Files

The widisk files are text files that contain waveform headers and description

in tabular format. The table has 20 columns, each representing meta infor-

mation of a specific trace of waveform in the waveform file. This table also
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provides a pointer (or index) to raw waveforms stored on disk. In figure 3.8

standard wfdisk column descriptions® are shown.

FIELD STORAGE EXTERNAL CHARACTER

NUMBER COLUMN TYPE FORMAT POSITION DESCRIPTION

1 sta varchar2(6) a6 1-6 station code

2 chan varchar2(8) a8 8-15 channel code

3 time float(53) f17.5 17-33 epoch time of first sample in file
4 wfid number(9) i9 35-43 waveform identifier

5 chanid number(8) i8 45-52 channel identifier

6 jdate number(8) i8 54-61 julian date

7 endtime float(53) f17.5 63-79 time +(nsamp -1 )/samles

8 nsamp number(8) is 81-88 number of samples

9 samprate float(24) f11.7 90-100 sampling rate in samples/sec
10 calib float(24) f16.6 102-117 nominal calibration

11 calper float(24) f16.6 119-134 nominal calibration period
12 instype varchar2(6) a6 136-141 instrument code

13 segtype varchar2(1) al 143-143 indexing method

14 datatype varchar2(2) a2 145-146 numeric storage

15 clip varchar2(1) al 148-148 clipped flag

16 dir varchar2(64) a64 150-213 directory

17 dfile varchar2(32) a32 215-246 data file

18 foff number(10) 110 248-257 byte offset of data seg ment within file
19 commid number(9) i9 259-267 comment identifier

20 Iddate date al9 269-287 load date

Figure 3.8: A wfdisk table [27] that contains meta information of waveforms

stored in a disk.

thttp:/ /nappe.wustl.edu/antelope/css-formats /wfdisc.htm
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3.5 Waveform Files

Waveform files are binary files with an extension *.w. These files contain
multiple traces of seismic waveforms which can be read from the file using
the pointer for the trace in corresponding wfdisk file. For example, let’s
say we are looking for a specific waveform trace. The corresponding wfdisk
file will be the starting point, Rows 16, 17 and 18 contain the information
regarding the directory the waveform file is located, name of the waveform
file and byte offset respectively. Therefore, for a specific trace of waveform,
we need to use the columns 16 and 17 of the corresponding row in the widisk
file to get the appropriate waveform file. We can fetch the waveform by
reading from the start offset that is listed in column 17. The end offset can

be calculated using columns 7 and 8.
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Chapter 4

Seismic Depth Prediction

4.1 Introduction

Accurate depth estimation of seismic events is a critical procedure to discrim-
inate between man-made and natural events. While anthropogenic seismic
sources are overwhelmingly less than 1 km depth, nearly all earthquakes nu-
cleate below a 2 or 3 km depth. Most earthquakes considered shallow occur
between a few and 70 kilometers depth, while deep earthquakes can occur as
deep as 700 kilometers [51]. Distinguishing man-made events from natural
events has several applications in nuclear non-proliferation [14, 49], and se-
curity of underground assets such as optical fiber, among others.
Theoretically, the depth of a seismic event is estimated by inverting the
travel time equations to individual observing stations. However, the correct-
ness of the estimation largely depends on the locations and the number of
observing stations. When stations are far from an event (e.g., more than
100 km), and the number of stations observing the event is small (e.g., three
or less), the uncertainty in the estimated depth grows beyond tolerance. In
contrast, the depth is most accurately estimated when a seismic station is
located exactly above the event’s origin. Unfortunately, no single seismic
network can guarantee global coverage, leading to inaccurate depth estima-

tion for novel seismic hot spots.
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This research considers estimating seismic depth directly from the wave-
forms generated by the events (i.e., time series, or seismograms) employing
modern machine learning (ML) techniques. Such an approach to evaluating
ML methods and potentially replacing physics-based estimation methods is
gaining significant interest among geophysicists [14]. In this paper, we de-
velop the first hierarchical neural network model named Septor (Seismic
depth estimator) aimed to estimate the depth of seismic events from wave-
forms of multiple channels at multiple stations. Besides its novelty in au-
tomated depth estimation, our model can potentially be a support tool to
distinguish seismic events (i.e., man-made vs. natural), and has several ap-
plications in automated seismic monitoring. We train Septor using a set
of 8,359 highly calibrated (by human analysts) events from the Southern
California Earthquake Data Center (SCEDC) spanning over forty years of
monitoring data. We have achieved an impressive root-mean-squared-error
(RMSE) of 2.89 km in predicting the depth (with 70.1% correlation to ac-
tual depth) of these events using only a few close-by stations from the same
network. We have also considered a binary classification problem to distin-
guish shallow from deep events. Our model achieves a 86.5% F1-score in
shallow-deep discrimination, promising a step closer to fully automatic seis-
mic monitoring. Even though the model can learn waveform features from
a specific network of station, we neither expect nor claim the model learn-
ing the underlying travel-time inversion process. In an attempt to evaluate
the generalizability, we perform three experiments on disjoint train-test sets
with no common source and station. The model shows a gradual decrease in
performance as the distances between source-station pairs increase.

Septor architecture is not very deep compared to modern ML models
used in computer vision or speech processing. The reason is the lack of
labeled data to train a deeper network. The calibrated events used to train
Septor were labeled by well-trained analysts working on daily shifts for years.
Hence, we tailored the model to fit our data instead of fitting a model to

tailored data. Our network architecture has two hierarchies, each consisting
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Figure 4.1: CWT images from the 5 closest stations for a deep (top) and a
shallow (bottom) earthquake. For the same earthquake, CWT images are

ordered ascending according to the epicenter to station distance from top to

bottom.

of Convolutional Neural Network (CNN) layers followed by Long-Short Term
Memory (LSTM) layers. Such simple architecture provides a great deal of

efficiency and interpretability for geophysicists. We demonstrate that our
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model conforms to the general scientific understanding of depth estimation
and can be employed in at least two different seismic regions.

Why is depth estimation from waveforms challenging? (i) Physics-
based depth estimation suffers from uncertainty due to noise in the signal
and the lack of nearby stations. For example, in the SCEDC original catalog
[4, 39], the mean quantified uncertainty is 6.89 km. Such uncertain labels in
training data hardly lead to accurate models, making seismologists skeptical
about ML-based systems for depth estimation. However, we consider the
highly calibrated SCEDC catalog [23] for training our model with a very low
uncertainty of 0.357 km (due to high station density in the network). Thus,
the uncertainty in training labels cannot accumulate into the validation error.
(71) Physics-based estimated depth for the same earthquake event can be dif-
ferent in different earthquake catalogs. For example, the root-mean-squared
difference of depths between the SCEDC original catalog and the SCEDC
highly calibrated catalog is 3.81 km for the same set of earthquakes. More-
over, different algorithms may calculate the depth from different reference
points. For example, in Northern California, NCSN uses depth relative to
the geoid (essentially sea level) [10], whereas the double-difference catalog
uses depth from the surface [57]. Therefore, ambiguity among data sources
makes it hard to evaluate learned models on new catalogs. We contribute
experiments to test our model in multiple geographic regions to demonstrate
equivalent performance; (7i7) Only experts in geophysics and seismology can
produce confident labeled information. Unfortunately, it is very difficult (or
even impossible) for a non-expert to spot any pattern in raw waveforms or
other visual data representation. To better illustrate this difficulty, consider
the Continuous Wavelet Transform (CWT) representation of a deep earth-
quake captured by different stations at varying distances illustrated in Figure
4.1 (a) and a shallow earthquake shown in Figure 4.1 (b). Therefore, crowd-
sourced annotations are not feasible for this application, ruling out the option
to train deep models on a large-scale labeled dataset. For this reason, we

propose a model based on a small two-hierarchy network, just enough to
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Figure 4.2: Seismic data processing pipeline. We perform this task of depth
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prediction in the ”Event Characterization” step without the human supervi-

sion.

learn from the set of available well-calibrated events.

The remaining of this chapter is organized as follows. Section 4.2 intro-
duces essential concepts of seismology related to the task of depth prediction.
Section 4.3 discuss related work. We describe Septor in Section 4.4. Data
description and preprocessing are discussed in Section 4.5. The experimental
setup and our evaluations considering regression and classification settings
are presented in Section 4.6 and Section 4.7. The use of Septor at a different
region is discussed in Section 4.8. Finally, our conclusions are presented in
Section 4.9.

4.2 Background

In this section, we discuss the main steps of a typical seismic data process-
ing pipeline illustrated in Figure 4.2. This pipeline refers to the process of
transforming a set if seismic signals into a bulletin of seismic events. (i.e
earthquakes, explosions, etc). The data processing starts when a network of
stations detects a seismic signal that could be from a man-made or a natural
event.

Signal detection: This step consists of monitoring a continuous wave-
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form obtained by seismometers to detect events. Typically, a seismometer
captures ground motion in multiple directions (up-down, north-south, and
east-west) to obtain a three-dimensional ensemble. Any seismic event must
excite at least one dimension or channel (e.g., BHZ, BHN, and BHE) of a
seismometer. When all channels simultaneously show signals, one can be
confident about the arrival of a seismic wave at the station. Once an event
is detected, the remaining steps are executed in sequence.

Phase identification: Any movement of earth materials generates mul-
tiple types of waves and each wave is affected differently by the unique ve-
locity structure along it’s own propagation path. Common phase types are
compressional (P) and shear (S) waves, which travel through the earth; and
surface waves, which travel along the earth’s surface. A phase picker detects
different types of signals and labels them as P, S, or other types of waves, as
illustrated in Figure 4.3. For example, when an earthquake or underground
explosion occurs, seismic waves propagate away from the source. The scat-
tered energy immediately following the P and S waves is called coda. Char-
acteristics of each part of the waveform carry information about the source,
including about its depth. Accurate phase picking is essential to obtain pa-

rameters that can constrain location, depth, and event type.

S wave =——p
———C0da WaVE =———
-~

P wave

Figure 4.3: A 230 second long seismic waveform shows the P wave arrives
first for an earthquake, followed by the S wave. From 30 seconds before the P

arrival time to 200 seconds after is sufficient to capture the entire earthquake.

Phase association: Association of phases across multiple stations is
done by a phase associator. Phase associators aggregate multiple waveforms

generated from the same earthquake and triangulate to compute the epi-
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L and depth of the earthquake. Phase associators work on multiple

center
stations’ data and may generate other meta information such as an initial
location of the earthquake.

Event characterization: Typically, the depth estimate of an event may
be refined in this stage of the pipeline. Depth can be estimated by mini-
mizing the propagation time residuals relative to some prediction across all
the observing stations. However, considering the complexity of the earth’s
structure, depth estimation involves many geophysical priors, including local,
regional, and global velocity models. Misassociated phases are common in
automated associators and at the very least can bias depth estimates (and
even lead to false events being formed), so human supervision of output is
necessary. In this work, we propose to perform the depth estimation after
the initial event formation to refine the initial depth estimate. The goal is to
estimate and exploit the depth of an event automatically without human su-
pervision. After the event characterization step, an event, with its location,
depth, magnitude, etc. are listed in the earthquake catalog.

4.3 Related Works

State-of-the-art seismic event depth prediction techniques require consider-
able manual oversight in data annotation and expertise in data analysis.
Depths are determined using 3D earth models and seismic wave travel-times.
They can be refined by consideration of travel times relative to other seismic
events, providing extremely accurate relative locations, which can in turn
improve absolute locations. The range of uncertainty associated with the
estimated depth though often makes it hard to consider them as “ground
truth”. For these reasons, the number of examples to train and test predict-
ing models is limited to less than one thousand instances in the literature

proposals. Such a reduced number of examples make challenging the use

IThe epicenter is the location of an earthquake on the earth surface. The epicenter

does not provide information about depth.
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of modern machine learning models, such as deep learning based. Besides,
these works consider the information from a single station for prediction, as
discussed follows.

Seismologists have used physics based approaches to identify waveform
features that indicate source depth, and have applied metrics based on those
features to estimate depth. Kafka [29] used the existence of higher frequency
fundamental mode Rayleigh waves, or Rg, as an indication of shallow source
depth, typically less than 3 or 4 km. Rg detectors are useful tools for iden-
tifying shallow seismic sources in some areas, but especially in tectonically
active areas such as southern California, Rg may only propagate 10 km be-
fore it is attenuated to below background levels of the S wave coda 2, which
arrives at the same time. The ratio of the S wave peak amplitude to the
duration of the S wave coda also is affected by and can be used to roughly
estimate the source depth, with longer coda durations occurring for shallow
sources [30]. This may be due to trapping of high frequency shear waves
in shallow low velocity waveguides, where they propagate more slowly, so
extend the wavetrain. Alternately, scattering of Rg at or near the surface
can also extend the wavetrain. Both mechanisms may be important, but
the physical basis of this observation is still not fully settled. The ratio of
P to S wave energy is often also indicative of depth, as S waves are more
likely to be trapped in highly attenuative near surface waveguides than are
P waves, thus increasing the ratio of P to S wave energy for shallow events
relative to deeper ones [22]. While the accuracy and broad applicability of
these methods are limited, we are encouraged that there are such features in
seismic waveforms that ML methods can learn, and optimize the use of to
improve estimations. Further, we expect that other features may exist that
we haven’t discovered using physics-based approaches, but that algorithms
can learn with sufficient training data.

Ochoa et al. [38] proposed to use Support Vector Regression (SVR) for

depth estimation of events collected by a single station at Bogota, Colombia.

2coda wave is the part of the waveform that follows the peak amplitude
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The original catalog has 2,164 events observed between 1998 and 2008. How-
ever, events with a lower magnitude and possibly related to man-made events
were discarded in the experimental evaluation, leaving only 863 events. A
set of 25 features related to the magnitude, epicenter distance, and source
location was extracted from data for training the SVR model.

Recently, Yang et al. [63] compared the performance of conventional
feature-based classification models (e.g., Support Vector Machine, Random
Forest, Naive Bayes, and k-Nearest Neighbors) with a 10 layers convolu-
tional neural network using CWT representation for distinguishing between
deep and shallow seismic events. The comparisons were performed using 444
micro-earthquake events correlated with an underground collapse of a cavern
in South Louisiana. The signals were sampled at 200 Hz by 8 broad-band
three-component monitoring devices, and the hypocentre depths range from
1 km to 2 km for deeper events and depths between 40 m and 400 m for
shallow events.

From machine learning perspective, classification of deep and shallow
earthquakes from waveforms can be described as a Time Series Classification
problem (TSC) [6, 17, 7], in which the goal is to predict a discrete label for
a series from a finite set of categories. In the past decade, TSC problems
have been of great interest among data mining researchers, and have been
applied in many different domains. In seismology, TSC has been used in the
context of phase detection and identification [14, 32, 42]. However, there
is a lack of solutions for depth prediction as a regression of seismic events
using waveforms from multiple stations, as proposed in this paper. Although
hierarchical networks have been used in other domains like text classification
[64], information extraction [21].

Depth estimation from seismic waveform falls under the category of Time
Series Extrinsic Regression (TSER) [53] where a single scalar continuous
value is predicted based on the whole time series. Unlike Time Series Fore-
casting [26], where the prediction mostly depends on recent values, TSER

considers the whole time series equally for prediction. Although TSER has
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been used in a wide range of domains [18, 53], it has not been employed
in seismology. In this paper, we compare our solution with Rocket [18], a
state-of-the-art TSER method.

4.4 Septor: Hierarchical Network

Convolutional Neural Networks (CNN) and Long-Short Term Memory (LSTM)
networks are the building blocks of our model Septor . A CNN is a class of
deep neural networks widely employed on image mining problems. CNNs per-
form convolutions on images with multiple fixed-sized kernels. A convolution
operation can be seen as sliding the kernel over the image and computing the
dot product at each step. Each convolution extracts different higher-order
representations from the feature map. A convolutional layer is usually fol-
lowed by a nonlinear activation function (such as ReLU) and a max-pooling
function.

Long Short-Term Memory (LSTM) networks are an improved variant of
traditional Recurrent Neural Networks (RNNs) [24]. RNNs can model tem-
poral dependencies in the data by feedback connections considering both the
input at the current time step as well as the output of the last time step’s
hidden state. However, vanilla RNNs suffer from the vanishing gradient prob-
lem, which prevents the model from learning long range dependencies. LSTM
tackles this problem by introducing three gating mechanisms to update the
memory cell ¢; and hidden state h; at each step ¢ based on the current time
step input x; and the previous time step’s hidden state output h;_;. The
input gate 1;, forget gate f;, output gate o;, memory cell ¢; and hidden state

h: at step t are computed as follows:
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ir = o(Wi - [hy—1, 4] + bs (4.1)
fe=0(Wy - [hi1, 2] + by (4.2)
o =o(W, - [he—1, 2] + bo (4.3)
¢t = [t ©ci—1 + i © tanh(We - [hi—1, x¢] + be) (4.4)
ht = oy ©® tanh(ct) (4.5)

Here, o is the logistic sigmoid function, tanh is the hyperbolic tangent
function, and ® denotes the element wise multiplication. Each LSTM unit is
composed of a memory cell and three main gates: input, output and forget.
By this architecture, the LSTM manages to create a controlled information
flow by deciding which information it must forget and which information to
remember. To understand the mechanism behind the architecture, we can
view f; as the function that controls to what extent the information from
the old memory cell is going to be thrown away, 7; controls how much new
information is going to be stored in the current memory cell, and o, controls

what to output based on the memory cell ¢;.

4.4.1 Architecture of Septor

Septor consists of two loosely connected hierarchies, as illustrated in Fig-
ure 4.4: (1) waveform aggregator, and (2) station aggregator. Waveform
aggregator (Figure 4.5) is a CNN-LSTM based network and receives 3 di-
mensional linearly spaced Continuous Wavelet Transform (CWT) image for
a single station and outputs a 2D feature array. Multiple output from the
waveform aggregator is fed into the station aggregator (Figure 4.6). Sta-
tion aggregator receives the features from waveform aggregator in a distance
(distance from the epicenter of the earthquake to the station) preserving
ordering. Station aggregator is another CNN-LSTM based network which
finally predicts the depth of the earthquake.

Our waveform aggregator consists of four CNN layers followed by two
LSTM layers followed by three fully connected (FC) layers. Each of the
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Figure 4.4: General view of Septor architecture.

CNN layer is followed by a batch normalization layer and a ReLLU activation
layer. 30% dropout is applied after ReLU activation layers to prevent from
overfitting the model. We used 8, 16, 32 and 64 size kernels of size 3x3 for
the convolution layers. The output from the fourth CNN layer is fed to the
two stacked LSTM layers after a time preserving transformation. Extracted
features from the LSTM layers are then passed through three FCN layers.
After each FCN layer, batch normalization and ReLU activation is applied.
Figure 4.5 contains the major parts of the waveform aggregator.

The station aggregator consists of one CNN layer, one LSTM layer and
a stack of three FCN layers. CNN layer in station aggregator has 16 kernels
of 3x3 size and is followed by a ReLLU activation and a max pooling layer.
Output from the CNN layer is fed into the LSTM layer which has 32 hidden
units. Station aggregator hierarchy ends with FCN layers with 64, 32 and 1
output units. Figure 4.6 contains the details of station aggregator. Both for
waveform aggregator and station aggregator, we define the number of layers

according to preliminary results on training sets.

4.5 Data Description

We carry out our experimental evaluation with a highly calibrated earthquake
catalog from Southern California [23]. This catalog used either single station

locations with a 3D velocity model [31] or a multiple event location method,
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Figure 4.5: Waveform aggregator consists of four CNN and two LSTM layers.

GrowClust [54] for depth calculation, both of which are more accurate than
the baseline Southern California Earthquake Data Center (SCEDC) depth
calculation. The catalog includes uncertainty bounds for the depths. The
reported median vertical uncertainty is 0.4 km, which is considered very
good for many seismic monitoring tasks. Therefore, this dataset is a close-
to-ideal candidate for our experimental evaluation. We collected more than
650,000 multi-channel waveforms that are associated with earthquakes having
magnitude 2.0 and 4.0, recorded by 423 densely located seismic stations in
Southern California region.

We filter out the earthquake events for which we did not find any station
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Figure 4.6: Station aggregator consists of a CNN and an LSTM layers. Three

fully connected layers are used to get the final prediction.

with a distance less than 1.2 times the reported depth. Such close proximity
of an observing station ensures greater accuracy of the depth estimate. After
selecting events measured by at least five stations and containing waveforms
from all three broadband channels (BHZ, BHN, BHE), we build a dataset
with 8,359 earthquake events. In Figure 4.7, we show the SCEDC station
map and depth distribution of our collected earthquakes.

For each of the 3-channels, we collected 230 seconds of waveforms, starting
30 seconds prior to the first P arrival time and ending at 200 seconds after the
P arrival time. This time window is large enough to capture seismic waves
generated by any regional earthquake. Since the waverforms are sampled at
40Hz, the length of each waveform is 9,200 data points. In summary, our

dataset, consists of:
e A total of 8,359 earthquake events;
e Each event is recorded at 40Hz by five observing stations;

e Each station records three broadband waveforms;
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Figure 4.7: (left) Distribution of Broadband stations in Southern California
shows a dense seismic network [46]. (right) Distribution of earthquake depth

(in km.) of our dataset.

e Each waveform contains 9,200 numeric observations.

4.5.1 Number of Observing Stations

To build our dataset, we select from the highly calibrated catalog events that
were measured by at least five observing stations close to the epicenter. Al-
though a higher number of stations can provide more information for each
event, only a reduced number of events could be measured by many close
stations due to the geographic limit in station coverage. In practice, the
number of available events decreases if we consider increasingly more observ-
ing stations, as shown in Figure 4.8. We consider five stations as a reasonable
number to balance this trade-off between the number of available events and

stations.

4.5.2 Waveform Preprocessing

Following conventional seismic signal preprocessing techniques, we remove

from the waveforms any instrument response associated with the station. Be-
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Figure 4.8: Number of available earthquake events declines for increasing

number of observing stations.

sides, we convert the horizontal, vertical north-south, and vertical east-west
components (Z, N, E) to horizontal, radial, and tangential components (Z,
R, T). We pass the waveforms through a 0.4Hz to 10Hz bandpass filter, de-
trend each sample, and remove the mean. We max-normalize the data across
each channel, thus retaining the relative amplitudes among components of a
station. Afterward, we use the 64-scale CW'T to obtain a spectral-temporal
representation, as previously illustrated in Figure 4.1. Each RGB linearly
spaced CW'T image has 64x920x3 dimensions, where the vertical, radial
and tangential components are represented by red, green, and blue colors,

respectively.

4.6 Experimental Setup

In this work, depth prediction is a regression task from three dimensional
spectral-temporal images. Several existing methods can be used to produce
depth estimates. We compare the results of SeiSMo against two classic ML-
based models: CNN, LSTM; and two state-of-the-art algorithms for time
series regression: Rocket [18] and XGBoost [12]. The algorithms are briefly
described below.

CNN based models have been widely used in image classification, time se-
ries classification and seismic data classification [19]. We use linearly-spaced

CWT images of waveforms as input to simple four layer CNN network to
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Figure 4.9: (a) 3-channel raw waveform collected from station CI.PLM (b)
vertical, tangential and radial components generated from the raw waveforms

(c) linearly spaced CWT image from the ZRT channels

train towards actual depths.
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LSTM based models can capture long-term temporal dependencies, hence,
it is very effective for time series classification and regression [24]. We flatten
the CWT images to feed into a two layer LSTM network and train towards
actual depth.

XGBoost (Extreme Gradient Boosting) is a decision-tree based ensemble
algorithm that uses boosting technique to sequentially add new trees to the
classification or regression model [12].

Rocket (Random Convolutional KErnel Transform) is originally a clas-
sifier for time series that transforms the data using a large number of random
convolutional kernels that can capture basic patterns or shapes from the se-
ries. Recently, Rocket was adapted for extrinsic regression and achieves the
highest overall accuracy in a comprehensive experimental evaluation [53].

Rocket and XGBoost were trained using the vertical component (Z-axis)
of the waveforms in case of single-channel resolution; by concatenating the
three components (Z, R, T) waveforms into a single vector in the case of
multi-channel resolution; and by concatenating the three-channel waveforms
from five stations for multi-station resolution. For Rocket, the number of
kernels was set to 10,000.

We consider Root-Mean-Square Error (RMSE) as a loss function and
Stochastic Gradient Descent (SGD) as the optimizer to train our model.
The learning rate is set to 0.01 with a 10% decay per epoch. Both dropout
ratio and recurrent dropout ratio for LSTM were set to 0.3 for all models.
These values were set based on preliminary evaluations on training sets. In
all experiments, we consider a split of 80/10/10 for training, validation, and
testing after random shuffling. The results are the average of five separate
training sets using five-fold cross-validation of 300 epochs each.

In addition to RMSE to measure the predictions’ error, we calculate Pear-
son’s correlation coefficient to qualitatively show the relationship between
the predicted and actual depth. Note that, Pearson’s correlation has no unit
while RMSE is measured in km. The two metrics complement each other to

demonstrate the robustness of performance evaluation.
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Pearson’s correlation coefficient (p) is defined according to Equation 4.6,
in which z; is the predicted depth and y; is the actual depth (1 < i <
number of test events). Whereas, J and T are the average of predicted

depth and average of actual depth respectively.

_ S@m-DH-7)
V(@i —T)2S(yi — 7)?

To demonstrate the performance of SeiSMo as a binary classifier, we

(4.6)

modify the output layer of the station aggregator and use a softmax activation
function. We use Adam optimizer instead of SGD and binary cross-entropy
as loss function. In the evaluation, we consider accuracy, precision, recall,
and Fl-score as measures. Our primary evaluation metric is accuracy and
we also calculate precision, recall and F1-score.

Precision, recall, accuracy and F1 score is computed using true posi-
tive(TP), true negative(TN), false positive(FP) and false negative(FN) clas-

sification results of our binary classifier:

TP
sion = ——— 4.
precision = o5 (4.7)
TP
S 4.
recall TPLEN (4.8)
B TP+ FP (49
ey = rp Y FP+TN + FN ‘
. STON.. ll
F1 — score = 2, L CCoomTecd (4.10)

precision + recall
We train Septor using a GPU server with four Nvidia RTX2080 GPUs
(total of 4GB GPU memory), 256 GB of RAM and 32-core CPU. Septor
has 8.2 million trainable parameters and for 300 epochs, the server takes
1 hour and 48 minutes to train. All of our experiments are reproducible.
The source code of data preprocessing and model training, waveforms and
meta-data, figures, and additional results can be found in our supporting
website [50].
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4.7 Empirical Evaluation

4.7.1 Regression Performance

Prior works in seismology consider that the difference between local (M)
and coda (M¢) magnitude correlates with the depths of seismic events [25].
However, we discover that such physics driven method struggle to find any
correlation between depth and M, — M¢ for our dataset (see Figure 4.10).
This conflicting discovery motivated us to develop a data-driven method for

depth estimation.
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Figure 4.10: Actual depth and M; — M¢ values does not show any linear

correlation as advocated by literature.

In Table 4.1, we compare the performance of Septor with different rival
methods and data resolution. The RMSE of Septor for depth prediction is
2.89 km, which is lower than one standard deviation (3.71 km) of depth values
in the test data. Furthermore, we achieve an impressive 70.1% Pearson’s

correlation coefficient.
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Table 4.1: Performance comparison of Septor with baseline multiple
methods.

Model Data resolution RMSE (km) Corr. (%)

CNN Multi-channel 3.26 56.0
LSTM Multi-channel 3.38 52.0
XGBoost  Single-channel 3.53 37.0
XGBoost  Multi-channel 3.58 36.0
XGBoost  Multi-station 3.39 44.3
Rocket Single-channel 3.11 46.2
Rocket Multi-channel 3.12 46.0
Rocket Multi-station 3.51 36.5
Septor Multi-station 2.89 70.1

Scatter Plot of SCEDC Test Dataset

Num of train event: 7524
VRN Num of test event: 835
Correlation: 70.1%

- .
15 | RMSE: 2.89 l‘.-1- +

10 - St % +¢:'ltr %

Predicted Depth (km)

10 15
Actual Depth (km)

Figure 4.11: Scatter plot shows 70.1% correlation between actual vs. pre-
dicted depth on SCEDC dataset. The blue straight line represents y = x.

To confirm the statistical significance of our predictions, we run a t-
test where we represent predicted depth with variable X, true depth with
variable with Y, and our null hypothesis Hy is: there is no significant linear

correlation between X and Y. From the test, we found a p-value lower than
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the threshold value (o = 0.05). Therefore, we reject the null hypothesis Hy
and conclude that the correlation between X and Y is statistically significant
and did not occur by chance. Our model, Septor , significantly outperforms
all other data-driven methods in terms of RMSE and Pearson’s Correlation.
In Figure 4.11, the scatter plot shows the dots representing the predictions

close to the expected y = z line.

Sensitivity to the magnitudes of earthquakes

The observed noise in seismic signals depends on the earthquake’s magni-
tude. Given that all other factors are the same, high magnitude earthquakes
produce better signals than low magnitude ones. For this reason, we evalu-
ate whether our model is sensitive to different magnitudes range, which could
potentially decrease its utility.

We evaluated our model considering depth values in two distinct magni-
tude ranges: from 2 to 3 and from 3 to 4. The results are shown in Table
4.2. For both ranges, Pearson’s correlation coefficients are more than 86%
with negligible (<< 0.05) p-value. We achieve an RMSE of 2.216 km for
magnitude range 2-3 and 2.217 km for magnitude 3-4, where the standard
deviation is 3.831 km and 3.712 km, respectively. The relationship between
actual and predicted depths is shown in Figure 4.12. We conclude that the

model is invariant to magnitude ranges.

Table 4.2: Performance evaluation on earthquakes of two magnitude ranges.
RMSE and standard deviation are in km.

Magnitude Test event Std Dev. RMSE Corr. (%)
2-3 3.831 2.216 86.5
3-4 3.712 2.217 88.2
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(a) Trained on Magnitude 2-3 Events (b) Trained on Magnitude 3-4 Events
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Figure 4.12: Scatter plots of predicted and actual depths for two magnitude
ranges.

Sensitivity to origin location

Earth’s non-uniformity is the greatest challenge to generalizable model de-
velopment for seismic monitoring applications. Southern California has nu-
merous dramatic lateral variations in seismic velocity structure, for example,
with rapid transitions from the San Jacinto mountains with their deep crustal
roots, to the Salton Trough, with its very thin crust, thick sediments, and
high heat flow, and from areas where the crust is being sheared, to areas
where it is under compression. Because of such geographic structural vari-
ability we evaluate our model on smaller sets of sub-regional events. As a
simple test we divide our dataset into north and south sub-regions of South-
ern California and train and test using these smaller subsets. This is intended
to test the performance of our model with earthquakes generated and cap-
tured within regions with at least somewhat less variation in earth structure.
In Table 4.3, we show the performances on North and South datasets. RMSE
values are lower than those obtained using the full dataset, and the correla-
tion coefficients are higher for both sub-regions (Figure 4.13). This indicates
that geographic restrictions help the model to perform better.
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Table 4.3: Performance evaluation after splitting the dataset into two

geographic locations. RMSE and standard deviation are in km.

Location Test event Std Dev. RMSE Corr. (%)
North 3.065 1.907 85.4
South 3.804 2.264 85.9
(a) Trained on North Sub-region Events (b) Trained on South Sub-region Events
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Figure 4.13: The model performs better for both North (left) and South
(right) splitted dataset than whole dataset.

Effects of different data pre-processing choices

In this experiment, we evaluate the effects of our choices in the preprocessing
pipeline. First, we use spectrograms instead of linearly-spaced CWTs, since
this data representation is widely employed in seismology. For the same
SCEDC dataset, we observe a 5% decline in Pearson’s Correlation coefficient
when using spectrograms. Second, we use horizontal east-west, horizontal
north-south components (Z, N, E channels) instead of rotating into radial and
transverse components (Z, R, T channels). In this case, we observe Pearson’s
Correlation coefficient declines around 4% for the same set of earthquakes.
Both results are shown in Figure 4.14. This empirical evaluation confirms
that our choices work better than the alternatives.
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(a) Trained on Spectrograms (b) Trained on ZNE Components
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Figure 4.14: (a) Using spectrograms instead of CWTs results in a 5% per-
formance decrease. (b) Using ZNE components of seismograms instead of
rotating into ZRT components results in a 4% performance decrease.

Sensitivity to distance between stations and epicenters.

20 km circle

Epicenter
A ﬁs p
\ A Stations

40 km circle

Figure 4.15: Example of the selection of earthquakes based on distance ra-
dius.

The performance of depth prediction depends on the distance between the
source event and observing stations. Information regarding depth in a wave-

form may vary with distance from the epicenter to the station. In this section,
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we demonstrate the performance of our model based on stations that fall into
a fixed distance range. For example, if the distance range is 20-40 km, all
the five stations for each earthquake are between 20 km and 40 km from the
epicenter. This example is illustrated in Figure 4.15, in which we draw a
doughnut shape around each earthquake epicenter with an inner circle of 20
km and an outer circle of 40 km. Then, we use the stations that fall within
the doughnut-shaped region. Since Septor works after the Phase Associa-
tion step, we have the epicenter distance information beforehand. Table 4.4
shows the performance in different distance ranges. Performance improves
with distance up to the 40 to 60 km range, likely because the different seis-
mic phases have a great deal of overlap at short distances. Performance then
generally decreases with distance, possibly due to decreased signal-to-noise

ratios and the accumulation of propagation effects on the waveforms.

Table 4.4: Performance evaluation after separating stations for train and
test dataset. RMSE and standard deviation are in km.

Distance band (km) Test event Std Dev. RMSE Corr. (%)
0-20 4.258 4.766 30.3
20 - 40 3.977 4.506 14.1
40 - 60 3.889 3.665 38.8
60 - 80 4.014 4.600 36.1
80 - 100 3.882 4.088 8.5
100 - 120 3.803 5.969 18.1

4.7.2 Classification Performance

In this section, we evaluate the performance of our network to classify deep
and shallow earthquakes. Natural earthquakes can originate anywhere from
the surface up to 700 km deep into the earth. United States Geological Sur-
vey (USGS) [55] defines three categories of earthquakes depending on depth:
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Table 4.5: Performance of Septor as a binary classifier for a subset of training

data based on source to origin distance. The results are shown in percentage

(%).

Distance (km) Accuracy Precision Recall Fl-score

0-20 88.4 91.8 89.3 90.5
20-40 75.1 85.2 89.6 87.3
40-60 74.1 92.0 74.4 82.3
60-80 73.1 84.4 92.6 88.3
80-100 70.6 91.0 88.6 89.8
100-120 73.7 89.3 93.3 91.3
>120 67.8 67.1 68.9 68.0
Full dataset 73.0 78.2 75.5 86.5

(i) Shallow earthquakes originate between 0 to 70 km; (i7) Earthquakes that
occur between 70 and 300 km are intermediate; (7ii) Deep earthquakes origi-
nate deeper than 300 km into the ground. However, the cutoft depth to sep-
arate shallow and deep earthquakes can vary depending on the application.
For most seismic monitoring purposes, it is sufficient to find out whether the
earthquake occurred on the earth’s surface or not. Therefore, an earthquake
with a depth of 10 km can be labeled as a deep earthquake as man-made
earthquakes (i.e., mining blasts, borehole shots, or nuclear explosions) can
never originate 10 km below the surface.

In our experiments, we divide our full dataset into two balanced subsets of
shallow and deep earthquake events considering the median depth (8.73 km)
as the cutoff depth for shallow and deep earthquakes. We consider accuracy
as a performance measure. The results are shown in the last row of Table

4.5. The confusion matrix is shown in Figure 4.16 (left).
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Sensitivity to distance between station and epicenter

In this section, we demonstrate the performance of our binary classifier based
on stations that fall into a fixed distance range.

Based on our full dataset, we take seven different subsets depending on
distance ranges. In Table 4.5, we show detailed results of our binary classi-
fier for various distance ranges. Our results in Figure 4.16 (right) show that
the accuracy for both deep and shallow earthquakes drop as the distance
increases. Although the accuracy graph is not monotonic, we expect a mono-
tonic decrease in the accuracy with increasing distance for larger datasets.

We leave it for our future work.
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Figure 4.16: (left) Confusion matrix for binary classification for deep and
shallow earthquakes. (right) Accuracy of the binary classifier drops with the

source to origin distance of training data.
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4.8 Case Study: Novel Geographical region

mm Cluster 0
mm Cluster 1
mmm Cluster 2
mmm Cluster 3
B Cluster 4
mmm Cluster 5

Cluster 6
mm Cluster7

Cluster 8
Cluster 9

| |
121W 119W 117W 115W 113W

Figure 4.17: Locations of ten clusters found by DBSCAN based on epicenters
of the events.

The ultimate goal of an ML-based depth estimator is to perform at a new
location with a new set of stations. We ask if Septor can generalize to a novel
geographical region without seeing any training instance from that region.
We perform three different tests to evaluate generalizability of Septor.

No common source or station between train and test set

To simulate novel source-station scenarios, we sample the events and and
stations in our dataset uniformly to create a test set, and use the remaining
events and stations for training.

In Figure 4.18(a) we show the scatter plot results for separated stations.
The results show a clear decrease in correlation to 44.8% from 70.1%, while

the RMSE increases to 3.53 km. Although we create disjoint training and test
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sets with no common station and event source, the overall dataset is limited

within the Southern California region, resulting a positive correlation.

Spatial separation between train and test sets

We cluster the events from SCEDC using the DBSCAN algorithm [48]. First,
the earthquake events are clustered into ten regions based on epicenter (i.e.,
latitude and longitude), and then we perform a leave-one-out test. The
clusters are shown in Figure 4.17 on the Southern California map.

In our test, we take each of these ten clusters in turn for testing, and use
the remaining clusters for training; excluding the clusters adjacent to the test
cluster. For example, if we take cluster 2 (green dots in Figure 4.17) as our
test cluster, we train on clusters 0, 1, 3, 4, 5, 7, and 9. We exclude clusters 6
and 8 from this experiment as they are adjacent to our test cluster (2). The
combined result for all test clusters are shown in Figure 4.18(b). RMSE of

actual and predicted depth increases to 4.836 after spatial separation.
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Figure 4.18: (a) Scatter plot for the model trained and tested on Southern
California data after uniformly separating the stations in training and testing
datasets. (b) Scatter plot of ten test cluster combined after spatial separation.
(c) Scatter plot for the model trained on Southern California dataset and

tested on Northern California dataset. In each sub-figures,the blue straight
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Test set from completely new region

We collected 1,777 natural earthquake events, each with seismograms from
the five closest stations from the Northern California (NCEDC) seismic data
center. We perform similar preprocessing to the seismograms and test our
original model trained using the events from the SCEDC. The results are
shown in Figure 4.18 (c¢). The model underperforms on this test dataset
achieving a RMSE of 3.602 km with Pearson’s Correlation coefficient of
15.3%. This is not surprising since Southern California and Northern Cal-
ifornia have different earth structures. Due to geographical dissimilarity,
SCEDC and NCEDC seismograms generate different feature spaces, leading

to poor model transferability across regions.

4.9 Conclusion and Future Work

We present a two-level neural network model (Septor) to predict the depth
of a seismic event using the waveforms recorded at multiple nearby stations.
Septor achieves an impressive RMSE of 2.89 km, suitable for discriminating
man-made events from most earthquakes. We demonstrate Septor ’s effec-
tiveness in predicting depths of low magnitude earthquakes, which will enable
fine-grained monitoring of underground events. When working in a classifi-
cation scenario, our model can identify deep and shallow seismic events with
86.5% F1l-score. For our future work, we wish to evaluate Septor with larger

datasets.
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Chapter 5

Conclusion and Future Work

The main goal of this dissertation is to automate the seismic data process-
ing pipeline by analyzing spatio-temporal features in seismic waveforms and
introducing state-of-the-art data mining and machine learning techniques.
From seismic event detection to event association, each step of the seismic
data processing pipeline is heavily dependent on expert analysts. In this
thesis, we discuss the limitations of such legacy pipeline We also discuss the
challenges to solve these problems. The primary challenge to devise a data-
driven solution is the inadequate and inaccurate ground truth. To solve the
shortcomings of existing solutions and automate the process, we leveraged
state-of-the-art data mining, machine learning, and digital signal processing
techniques.

In Chapter 2, we proposed and implemented a semi-supervised time series
motif discovery system (SeiSMo) for seismic signal detection. SeiSMo creates
a nearest neighbor graph using cataloged seismic events to discover novel
seismic activity from static seismic sensor data. SeiSMo is good at spotting
unique low magnitude events, which were not cataloged because analysts
were not certain about their origin and characteristics. SeiSMo was able
to discover hundreds of novel seismic events in six real-world and curated

datasets.
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We demonstrate a comprehensive seismic data repository in Chapter 3.
The repository contains 10-year-long catalog and waveform data that was
captured and curated by Air Force Technical Applications Center (AFTAC).
The repository can yield complex query results and corresponding waveforms
within seconds. We have used this repository for multiple research projects
(i.e. seismic phase identifications, seismic aftershock detection). The reposi-
tory is also facilitating with data sources for multiple Department of Defense
(DoD) research projects.

A seismic depth prediction system (Septor) from raw waveforms is illus-
trated in Chapter 4. Septor is a two-hierarchy not-so-deep neural network
that can be trained using continuous wavelet transform images from seis-
mic waveforms. We demonstrate Septor ’s effectiveness in predicting depths
of low magnitude earthquakes, which will enable fine-grained monitoring of
underground events. We also show that Septor can be converted into a
classifier to separate deep and shallow earthquakes. We describe and dis-
cuss experimental findings under various conditional settings differentiating
shallow-deep, large-small, and mountain-valley earthquakes.

From the research work presented here, there are many possible directions

one can follow. We briefly describe a few of them in this section:

1. Analyze detected events to get better insight: Analyzing novel
events detected by SeiSMo can lead to producing a high-quality seis-
mic catalog. Which in turn would help us better understand earth’s

structure near faults, volcanoes, etc.

2. Integrate SeiSMo for streams of seismic sensor data: For real-
time detection, SeiSMo can be integrated with seismic data streams.

This would lead us to fully automated earthquake detection.

3. Explore transferability across regions for depth prediction: In
our experiments on Septor , we describe the results by training and

testing on earthquakes generated from the same geographical region.
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However, it would be interesting to see the results across regions for

train and test datasets.

. Explore possibilities of other research projects using the IMS
data repository: As the UNM data repository is being used by mul-
tiple academic research groups and by the MINEM consortium, we
believe the data repository would open up possibilities for other re-

search projects that requires precisely annotated seismic sensor data.
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