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I want to thank my wife, Rüya, for supporting me in all cases and believing in me

more than myself. She was patient when I had stolen countless hours from our lives for

academic work. Her existence and support gave me endless motivation and patience

to make things work.

I want to thank my family for understanding my circumstances, their patience,

and the times I stole from them. And my friends for their sympathy and support. Even

when I had temporarily forgotten them due to excessive working hours; they were there

whether I asked for them.



iv

ABSTRACT

AN UNSUPERVISED LEARNING APPROACH TO

SEISMIC WAVEFORM CLASSIFICATION VIA

REPRESENTATION LEARNING

Seismology is an observation-based science and requires well-classified seismic

signals to expand its boundaries. One of the most basic classification problems is to

separate earthquake-based seismic activity from background noise. Machine learning

algorithms are recently introduced as a solution to this problem. Although unsu-

pervised learning-based algorithms have been used for specific cases (certain seismic

events, time intervals, geographical regions, etc.), most proposed algorithms are super-

vised learning-based. Consequently, general-purpose unsupervised learning algorithms

have not been developed yet.

Supervised learning-based models may have biases due to the dataset used in

training, which can lead to poor results for observational purposes. Considering that

the seismic waveforms are labeled in the light of current information, it’s clear that

training the models using these labels could block potential discoveries.

Developing methods with complementary biases is important to fill the blind spots

of supervised learning-based models. Our primary motivation in this thesis is to de-

velop unsupervised learning-based general-purpose detection methods that distinguish

earthquake-based seismic activity from background noise. Based on this motivation,

deep learning-based methods that can classify waveforms using one or more stations

have been developed.
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ÖZET

GÖSTERİM ÖĞRENME YOLUYLA SEİSMİK DALGA

FORMU SINIFLANDIRMASI İÇİN DENETİMSİZ

ÖĞRENME YAKLAŞIMI

Sismoloji, gözlem odaklı bir araştırma alanıdır ve sınırlarını genişletmek için

doğru sınıflandırılmış sismik sinyallere ihtiyaç duyar. En temel sınıflandırma problem-

lerinden biri de önemli sismik aktiviteyi arka plan gürültüsünden ayırmaktır. Yakın za-

manda Makine Öğrenmesi algoritmaları bu problemin çözümü için önerilmiştir. Çeşitli

özel durumlar (belirli seismik olaylar, zaman dilimleri ve coğrafi bölgeler vb.) için

uygulanmış olan denetimsiz öğrenme tabanlı algoritmalar olmakla birlikte, önerilen al-

goritmaların çoğu denetimli öğrenmeye dayalıdır. Sonuç olarak genel amaçlı kullanıma

uygun denetimsiz öğrenme algoritmaları henüz geliştirilmemiştir.

Denetimli öğrenmeye dayalı modeller, eğitimde kullanılan verisetinden kaynaklı

eğilimlere sahip olabilir ve bu da gözlemsel amaçlar için kötü sonuçlara yol açabilir.

Sismik sinyallerin şuanki bilgilerin ışığında etiketlendiğini düşünürsek modellerin bu

etiketlere göre eğitilmesinin potansiyel keşiflerin önüne geçebileceği açıktır.

Tamamlayıcı eğilimlere sahip metotlar geliştirmek denetimli öğrenmeye dayalı

modellerin kör noktalarını doldurmak için önemlidir. Bu tezdeki temel motivasyon-

umuz, arka plan gürültüsü ile deprem kaynaklı sismik aktiviteyi ayırt edebilen dene-

timsiz öğrenme tabanlı ve genel amaçlı kullanıma uygun yöntemler oluşturmaktır. Bu

motivasyon temelinde, bir veya birden fazla istasyon verisi kullanarak sınıflandırma

yapabilen Derin Öğrenme tabanlı yöntemler geliştirilmiştir.
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1. INTRODUCTION

Seismic event classification is one of the problems in seismology with broad ap-

plications. The problem is solved using classical algorithms with tunable parameters

that an analyst adjusts. These algorithms give decent results for high Signal to Noise

Ratio (SNR) signals. However, their performance degrades as the event magnitude

decreases. Recently, various supervised learning-based machine learning methods are

proposed [1–5] which is shown to outperform classical methods. Proposed supervised

learning methods are shown to improve the detection performance towards the lower

magnitudes and SNRs with very good performance metrics [1]. However, performance

measurement of supervised learning-based models can be tricky since it’s dependent

on the specifics of the training and testing datasets. A recently written review reports

significant performance variations of seismic event classification models for a set of

training and testing datasets [6]. This problem is called overfit in the literature and

is related to the models’ lack of generalization abilities. One significant cause of the

overfit is related to labeling specifics of the training set as well as its sample distri-

butions. Although the problem can be fixed to some degree by using bigger datasets

with quality labels, there are limits to this. The major limiting factor is related to the

labeling procedure itself. Since labels are prepared using classical algorithms and hu-

man effort, supervised learning-based models have biases similar to the current classical

approaches. For observational purposes, it’s important to have less or complementary

biased methods.

Unsupervised learning-based methods emerge as a candidate solution to the su-

pervision signal-related bias problem. Varios unsupervised learning-based algorithms

are applied to different problems of seismology due to mentioned considerations [7–16].

Used algorithms involve dimensionality reduction and classification steps. While di-

mensionality reduction phases were carried out by manual feature engineering, Prin-

cipal Component Analysis (PCA), Self Organizing Maps (SOM), deep learning-based

methods, and clustering algorithms often solve the classification problem. Recently, [12]
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used CNN Autoencoder and K-Means clustering to classify local-teleseismic events

while [13] has applied Deep Scattering Network and Gaussian Mixture Clustering ap-

proach to separate seismic events from background noise. However, according to our

knowledge, all applications of unsupervised learning to seismology are case-specific, and

they are not validated to be efficient in cross-domains. Most methods use clustering

algorithms, although they are reported to perform poorly on cross-domain cases [17].

Another frequently used method, Self Organizing Maps, also suffers from the same

problem and is prone to diverge, introducing further challenges for general applica-

tion. Due to the mentioned problems, the demand for general-purpose unsupervised

learning-based detection tools has not been satisfied yet.

In this thesis, we propose solutions to the unsupervised learning-based seismic

event classification problem on a broader scale. The main idea behind these approaches

is to focus on designing models that learn the proper way of representing the waveforms

from the data so that the classification becomes almost trivial. In this context, instead

of using machine learning models at the classification phase, we solve the classification

problem by using simple functions and deep autoencoders to find proper representations

to make this possible. Our approach involves designing the models, finding suitable

representations from the data, and then investigating the obtained representations.

Proposed solutions are grouped as single station and multistation methods. The

classical workflow involves applying single-station detection methods to classify seismic

events at a seismic station level and then fusing this information by using phase asso-

ciation algorithms to obtain a robust classification label. Due to their part in classical

workflow, we aimed to develop reliable single-station detection methods since we be-

lieve successful single-station method has its application area. Multistation methods,

on the other hand, are less popular. However, we can base our detection methods

on first principles, such as earthquake and noise waveforms having different coherency

lengths. This allows us to base our methods on more solid grounds, making multistation

methods appealing.
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We benefit from the Convolutional Neural Network (CNN) Autoencoders in all

proposed models. Additionally, we use Graph Neural Network (GNN) Autoencoders

for multistation methods, which provide a way to fuse information from the different

stations. Autoencoders learn efficient, high-level, and robust representations from the

data, making them suitable for our purposes. Besides, they can be used for denoising

applications. Especially GNN Autoencoders, which are applied to a network of stations,

can eliminate noise signals, favoring the information obtained from other stations. As

well as being used for detection purposes, we also show that the proposed method can

be used for beamforming applications at regional scales. According to our knowledge,

this will also make a novel contribution.
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2. BACKGROUND

2.1. Seismology

2.1.1. Earthquakes

2.1.1.1. Source of the Earthquakes. Occasionally, the dynamics of the earth lead to the

sudden release of seismic energy, and we call this phenomenon an earthquake. Although

deep earthquakes may have different dynamics, the common cause of the energy release

depends on the plates of the crust (tectonic plates) moving with different speeds or

directions, inducing stress along the crust. The places where two or more tectonic

plates meet are called fault zones, and earthquake sources are mostly within these

areas. We can model a typical earthquake as a series of rupture events at the fault

zone.

We can understand the physics of the phenomena if we consider that the forces

giving rise to earthquakes are internal. All forces acting on the fault zones lead to

forming pairs with their sum zero. However, torsion is different than zero, giving rise

to other stresses (compressional and shear stresses) propagating through the earth

medium.

2.1.1.2. Propagation of Seismic Waves. After an earthquake, seismic energy propa-

gates through various layers of the earth according to its radiation pattern and the

structural composition of the propagation medium. To understand the propagation

dynamics, we must solve the seismic wave equation for the homogenous space case,

which is more straightforward. The solution to the seismic wave equation includes two

types of waves with different mechanisms: compression and shear waves. While shear

waves or S waves are composed of pure shearing (density for a position of space doesn’t

change), P waves involve both compression and shearing. P waves are also named pri-

mary waves because they are faster than S waves around a factor of 1.4. When we
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apply boundary conditions the Earth imposes, we see that different solutions also exist.

These solutions are called surface waves, which are Love and Rayleigh waves, and their

polarization discriminates them. Surface waves propagate are the slowest, but their

propagation distance is much higher since they are trapped in the earth’s surface.

Even though the accurate solution to the propagation problem requires detailed

information about the structural composition of the earth and the use of computational

methods, we can get a rough estimate by considering that the earth is spherically

symmetric and propagating waves have short wavelengths compared to changes in

the composition of soil along the propagation direction. Under this assumption, we

can approximate propagating waves to rays as in the optics, which eases to establish

intuition. Besides that, Snell’s law of refraction can also be applied, which gives crucial

insights into the propagation characteristics of the seismic waves when we consider

the earth’s structure. One of the simplest models of the Earth is based on the fact

that pressure increases with depth and, therefore, seismic refractive index. This leads

to seismic waves propagating through curved paths even if the earth is flat, making

the inverse problem difficult. The rather detailed model takes the earth as a stack

of layers with different properties. Seismic wave travel times change discontinuously

with location if seismic waves pass through layers with different properties. These

discontinuities are called seismic discontinuities and are used to define the boundaries

of the layers.

2.1.1.3. Earth’s Internal Structure. Information we currently have about the earth’s

internal structure is partially obtained by studying the propagation of seismic waves.

Earth has three main layers: crust, mantle, and core. The crust is the earth’s outermost

layer and has the lowest thickness. It is composed of rocks with low density. The mantle

is the layer below the crust and has the highest thickness. It is of molten and solid

parts, while the uppermost part is solid. The core is the innermost layer of the earth

and has the highest density. It’s composed of an inner and outer core, while both are

solid.
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2.1.1.4. Instruments. Seismic waves are detected by seismometers capable of measuring

the ground acceleration (ground velocity and displacement are obtained by integrating

the acceleration). Instruments are labeled according to their frequency range, sensi-

tivity, and measurement axis. Below is the list of widely used seismometer codes and

their meanings.

Table 2.1. Seismometer codes.

Frequency range code Sensitivity code Direction code

H High frequency

B Broadband

L Low frequency

H High gain

N Strong motion

N North-South horizontal

E East-West horizontal

Z Vertical

Codes are concatenated to form a seismometer label in the order of frequency

range, sensitivity, and direction. For example, a sensitive broadband seismometer

whose accelerometer measures vertical ground motion is labeled as BHZ.

Instruments with different frequency ranges and sensitivities affect the recorded

signal differently. We can eliminate these effects by deconvolving the seismic signal

with the instrument response. However, this is not always possible since the instrument

response is unknown in some cases.

2.1.1.5. Earthquake Magnitude Metrics. There are different ways to represent the

magnitudes of earthquakes. One of the most familiar ones is the Richter scale. It’s

defined as the logarithm of the maximum amplitude of the seismic wave recorded at

a distance of 100 km from the earthquake source. Richter scale is useful to quantify

small earthquakes that can only be detected from a single station. For large earth-

quakes, moment magnitude is used, which is defined as the logarithm of the seismic

moment. Since earthquakes are represented by force pairs, it’s natural to define a mag-

nitude metric based on moments. The seismic moment has a robust physical basis,

and it’s defined as the product of the shear modulus, the average slip, and the fault
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area. Another magnitude metric is based on energy release, called energy magnitude.

It’s defined as the logarithm of the energy released by the earthquake.

There are more subjective measures of earthquake magnitude, such as intensity.

Intensity is a measure of the earthquake’s effects on the surface and is based on the

observations of the people. As a result, it’s not a physical quantity.

2.1.2. Related Problems of Seismology

2.1.2.1. Improving Limit of Detection. For observational seismology, one of the major

problems is discriminating significant seismic activity, especially earthquakes, from

background noise. Since recorded seismic data is immense, it is not possible to manually

evaluate the whole of it with human effort. In this manner, automatic detection of

earthquakes is an active research area with practical applications. Classical algorithms

such as STA/LTA, BR-Picker, and Template matching have been proposed and are

widely used. However, these algorithms’ performance is unsatisfactory for low SNR

levels, which is the case for small earthquakes. Guttenberg-Richter law states that

the number of detectable earthquakes increases exponentially with decreasing limit of

detection as follows

log10N = a− bM , (2.1)

while N is the number of earthquakes with magnitude greater than M , a and b are

constants. In this manner, improving the detection limit has huge benefits in terms of

observational capabilities.

Recently, Machine Learning based methods have been developed that claim to

improve the limit of detection. Most of the developed methods are supervised and

vulnerable to biases in the training set. The potential of supervised learning-based

models for detecting low-magnitude events can be blocked due to dataset labeling either

done by automatic algorithms or by a human expert. We believe that the detection
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limit can be improved by making a reliable unsupervised detection tool for solving

earthquake detection problems on a global scale.

2.1.2.2. Earthquake Prediction. The earthquake prediction problem is one of the most

challenging problems of seismology, which has been tried to be solved over decades.

Although there have been many studies, no reliable method has been proposed yet [18].

One hypothesis supported by experimental results is that large earthquakes are trig-

gered by a series of small earthquakes, which even smaller ones also trigger. The

problem is there is a significant probability that most of these events are too small to

be detected. If the hypothesis is true, improving the detection limit can also improve

earthquake prediction problems.

2.2. Feed Forward Neural Networks

Artificial Neural Networks (ANNs) are computational models inspired by biolog-

ical neural networks. They are the simulations of interconnected units called neurons

whose behavior can be modified with some parameters. Like physical counterparts,

neurons take multiple inputs but give only one output. The procedure conducted

by a neuron is quite simple. Inputs are summed after being multiplied with weights

and passed through a non-linear differentiable function called the activation function.

Adjusting the weights is called training of the network.

In the scope of the thesis, we are interested in a kind of ANN called Feedforward

Neural Network (FNN). The Feedforward Neural Network is a neural network in which

information flows from input to output. It doesn’t have a memory or feedback mech-

anism. This network kind can be modelled as a function y = f(x, θ) while x, y and θ

are the input vector, output vector, and parameter set for adjusting the function.
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2.2.1. Training

Feedforward Neural Networks, at their core, are functions whose parameters can

be adjusted. We call the procedure of adjusting the parameters training. The training

process is formulated as a minimization problem, and the goal is to find the optimal

parameters that minimize a function (loss function) that indicates the solution’s fitness.

The algorithm finding the optimum parameters is called the optimizer. As a result,

using the given data, neural networks are trained by the optimizer to find the parameter

set that minimizes the loss function.

Training is categorized as unsupervised or supervised learning according to the

availability of expected outcomes. In supervised learning, the expected outcome is

known, and the loss function is defined according to the difference between the ex-

pected and the predicted outcome. Prediction is done by feeding the input data to the

network and obtaining the output. The expected outcome is unavailable in unsuper-

vised learning; we only have input. The loss function and the model’s architecture are

chosen to lead the model to recognize patterns in the data.

As a result, it’s more straightforward to train a network with supervised learning

since the expected outcome is known. The problem of finding the expected outcome

is named labeling when the model is a classifier, and it’s not always possible to find

quality labels for the data. Unsupervised learning doesn’t require labels, but it’s more

difficult to train since the model should learn the patterns in the data by itself. In this

manner, the performance of unsupervised learning is highly dependent on the model’s

architecture and the loss function. Finding a good architecture and loss function for

a given problem is more challenging to obtain decent results compared to supervised

learning.
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2.2.2. Architectures

The neural network’s architecture can be defined as the structure determining

which parameters adjust the function f(x, θ) and in which way. In this manner, ar-

chitecture is one of the significant determinants of a network’s behavior, and it should

be chosen carefully considering the specifics of the problem. This part will briefly

introduce some of the most common architectures used in the literature.

2.2.2.1. Multilayer Perceptrons. Multilayer Perceptrons (MLPs) are one of the first

architectures proposed historically and are used in many applications. They are com-

posed of multiple neurons; each neuron in a layer is connected to all neurons in the

previous layer. In Figure 2.1, there is an example of a connections scheme of an MLP

with three input, five hidden, and two output neurons.

Input Layer ∈ ℝ³

Hidden Layer ∈ ℝ⁵

Output Layer ∈ ℝ²

Figure 2.1. Multilayer Perceptron with single hidden layer.

The computation done with neurons in a layer can be expressed as follows

h
(l)
i = η(W

(l)
ij h

(l−1)
j + b

(l)
i ), (2.2)

where h
(l)
i is the output of i-th neuron at l-th layer, W

(l)
ij is the weight of the connection

between i-th neuron at l-th layer and j-th neuron at previous layer, b
(l)
i is the bias term

of i-th neuron at l-th layer and η is the activation function.
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2.2.2.2. Convolutional Neural Networks. Convolutional Neural Networks (CNNs) [19]

are designed to process data with translational invariant properties. In this manner,

they are good candidates for time-series data like seismic signals. CNNs are composed

of convolutional layers that involve convolving the input data with some set of filters

and then passing the output through a pointwise nonlinear function. Convolutional

layers can recognize patterns at their input by convolving the input signals with pre-

defined filters. By repeatedly applying the same procedure, CNNs can learn more

complex higher-level structures.

The advantage of using CNNs for data with translational invariant structure

comes from the property named weight sharing. CNNs can also be considered a kind

of MLP with shared weights. Or in other words, weight matrix W(l) does have repeat-

ing elements for different positions of the input. This property reduces the number of

parameters to be learned and increases the network’s generalization ability. Convolu-

tion is applied to some dimensions of the input tensor and can be multi-dimensional. In

the thesis scope, we use 1D convolutional neural networks whose convolution dimension

is along the time axis.

1D convolution for l-th hidden layer is defined as follows

hl
n,f = η

(∑
i,k

F l
f,i,kh

(l−1)
i+n,k

)
, (2.3)

while hl
n,f is the output of the l-th layer at timestep n and channel f . F l

f,i,k is the

filter tensor at l-th layer. Filter tensor is a 3D tensor with dimensions of the number

of filters, filter length along the convolution axis, and number of input channels. η is a

nonlinear function that acts on each element of the tensor convolution result separately.

Because of this property, it is also called pointwise nonlinearity.

Experiments show that CNNs generalize better with more layers, or in other

words, depth. However, when the depth of the layers is too much, training the net-

work becomes difficult since training algorithms depend on gradients to optimize the

network’s parameters. This problem can be overcome using residual connections [20].
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Residual connections provide an alternative path of information flow that can be seen

as shortcuts. In this manner, the vanishing gradients problem is tackled, and training

deep networks becomes feasible. Although the process is simple, its effect is quite sig-

nificant. Convolutional layers with residual connections are also called residual layers,

and they are used in many applications.

2.2.2.3. Graph Neural Networks. Graph Neural Networks (GNNs) are a kind of neural

network designed to process data with graph structure. Graph structure is formed from

nodes and links between them. Links have different values indicating the strength of

similarity between connected nodes. In this manner, they are good candidates for

graph-structured data like social networks, molecular structures, or sensor networks.

We apply GNNs to the seismic data obtained from multiple stations.

GNNs are suitable structures for fusing information obtained from very different

sources. There are various methods of integrating data, and one of the most efficient

methods is to apply the same principles behind CNNs to graphs. Since CNNs perform

at regularly sampled signals, using the same operation on different parts of the data is

possible. However, GNNs contain data that are sampled irregularly. In other saying,

although the sampled data has translational invariance property, sampling may not

be homogenous. This problem can be solved by defining the convolution operator in

a generalized manner. Since it’s outside the scope of the thesis, we refer the reader

to [21] for more information.

Graph Attention Networks are inspired by the attention mechanism widely used in

sequence-to-sequence models. Sequence-to-sequence models have emerged in the field

of NLP (Natural Language Processing), and early attention application was related to

language translation problems [22]. The attention mechanism is a way of weighting

data elements and fusing them to obtain a new representation. Each element will

be emphasized with its relevance to the other elements, while what’s relevant will

be learned by training the network. Graph Attention Networks are proposed in the

same spirit while the relevance of nodes with other nodes form the basis of attention
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mechanism [23]. Graph Attention Networks learn the relevance of nodes concerning

other nodes and then fuse information according to the learned relevance. As a result,

relevant nodes get emphasized or weighted more, while irrelevant ones get filtered out.

Although different kinds of Graph Attention layers are proposed, the general

structure is formulated as follows

h
(l+1)
i = η

( ∑
j∈N (i)

α
(l)
i,jW

(l)h
(l)
j

)
, (2.4)

where h
(l)
i is the output of i-th node at l-th layer, N (i) is the set of neighbours of

i-th node, α
(l)
i,j is the attention coefficient between i-th and j-th nodes at l-th layer

and W(l) is the weight matrix at l-th layer. η is the nonlinear activation function.

The calculation of attention coefficients is specific to the structure of the attention

mechanism.
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3. SINGLE STATION DETECTION

3.1. Introduction

In this section, we propose methods to solve seismic event/noise classification

problems in a broader scope for single-station. Our approach depends on finding the

proper architectures that map waveform signals to another space (latent space) such

that features of the earthquakes get emphasized while the noise signals are suppressed.

CNN Autoencoders are used to get the mentioned representations since they are ef-

ficient, easier to monitor, and keep the data’s topological properties (the amount of

downsampling and size of filters determine the corruption rate of the topological prop-

erties) due to their local kernels. Proposed methods perform comparably to their

supervised counterparts in the cross domains (which corresponds to the real-world

application) although they are vulnerable to some signals with specific patterns. Find-

ings suggest that the proposed methods have different biases, which also makes them

valuable to be used for complementary detection methods.

3.2. Training and Testing Procedures

3.2.1. Datasets and Preprocessing

We have used two different datasets to evaluate the cross-domain performance of

the models. Recently proposed STEAD [24] and INSTANCE [25] datasets are selected

since they have similar properties and are obtained from different regions, making them

suitable for cross-domain evaluation. Besides, waveform characteristics tend to differ

due to the epicenter distance of the waveform examples, which is also a desired property

of cross-domain assessment. Properties of both datasets are in the Table 3.2.1.
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Table 3.1. Properties of the STEAD and INSTANCE datasets.

Dataset STEAD INSTANCE

Channels E, N, Z E, N, Z

Earthquake waveforms 1,050,000 1,159,249

Noise waveforms 100,000 132,330

Sampling Rate 100Hz 100Hz

Time Window 60s 120s

Epicenter Distance < 350km < 600km

Region Global Italy

To make the data compatible with the review article [6] we have selected the model

input time window as 30 seconds. After bandpass filtering (1−20Hz) and normalization

through the timesteps axis (such that the standard deviation of each channel becomes

1), we take the same procedure as the article [6] crop the waveforms so that at least 2/3

of the earthquake waveforms include one phase arrival time. We randomly choose crop

windows without any constraint for the rest of the earthquake waveforms and all noise

waveforms. However, at the testing phase, we select all earthquake waveforms such that

they are ensured to have onset time similarly [6]. To ensure that the cropped waveform

includes the characteristic part of the P or S phase arrival, we used an additional 3

seconds margin. We used the same split ratio for the training part, 0.6. However, due

to the application of 5-fold cross-validation, we have chosen validation (0.2 instead of

0.1) and test splits (0.2 instead of 0.3) differently [26].

3.2.2. Training

We have used Both STEAD and INSTANCE datasets for training and testing

purposes. K-Fold Cross-validation method is used while k = 5 in order to obtain

reliable performance metrics. Models are trained for 20 epochs with a batch size of 256

samples, and the lowest validation error epoch is selected. We used ADAM optimizer

with learning rate 10−4 and ϵ = 10−7 although higher learning rate values were also
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stable. Moment estimating moving average filter coefficients β1 and β2 are chosen as

0.99 and 0.999. At the same time, we kept other settings as default (we didn’t use

additional exponential moving average filtering, weight decay, or gradient clipping).

Training took approximately 7.5 minutes for an epoch for the Autoencoder En-

semble, while it took 1.5 minutes for CNN Autoencoder at NVIDIA GTX3090TI GPU.

It has been observed that a negligible amount of time is spent on data generation since

we have already used preprocessed data.

3.2.2.1. Autoencoder Training. Let x ∈ RN×C , y ∈ RN×C denote the input and output

of the model while N and C denote the number of timesteps and channels of the

waveforms (3000, 3). We train the autoencoder model with the mean squared error

loss function. Before calculating the loss means of each channel are subtracted such

that 1
N

∑
n xnc = 0, 1

N

∑
n ync = 0. Then the reconstruction loss Lrecons is calculated

as follows

Lrecons =

√√√√ 1

NC

N−1∑
n=0

C−1∑
n=0

(xnc − ync)
2. (3.1)

3.2.2.2. Autoencoder Ensemble Training. By jointly training the autoencoder ensem-

ble, we aim to obtain different latent representations of the same input. However, since

there aren’t any constraints on the latent space, these representations can take any form

and be completely different. We use projections for each autoencoder and additional

loss term Lproj to Lrecons to prevent this. By preventing gradient flow through the

projection layer, we ensure that each autoencoder will learn different latent represen-

tations. This method is equivalent to the simultaneous training of projection matrices

and CNN Autoencoders with different loss functions.

Let he ∈ RNL×CL denote projected latent representations of the e-th member of

the ensemble while NL and CL are latent timesteps and channels. Before calculating

the loss, the mean of each channel is subtracted such that
∑

i h
e
nc = 0 and channel-wise
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l2 normalization 1
NL

∑
n h

e
nc

2 = 1 is applied. Projection loss Lproj is then calculated as

follows

Lproj =

√√√√ 1

NLCLE(E − 1)

E−1∑
p=0

E−1∑
q=0,p ̸=q

NL−1∑
i=0

CL−1∑
j=0

(hp
nc − hq

nc)
2, (3.2)

and the optimizer minimizes the total loss

Ltotal = Lrecons + Lproj, (3.3)

while the gradient flow through the input of the projection layer is blocked.

Blocking gradient flow results in CNN Autoencoders’ gradient updates are not

affected from Lproj. Showing a set of all CNN Autoencoder parameters as θ, this

operation is equivalent to setting ∂Lproj/∂θ = 0 before each parameter update of

the training phase. As a result, CNN Autoencoders get trained independently from

themselves.

3.2.3. Testing

Tests have been conducted similarly to the review article [6]. However, we have

used 5-fold cross-validation while the article only focuses cross-validation on different

domains. We discard waveform examples that don’t include onset time by the margin

of 3 seconds, considering their potential to introduce errors in metric calculations.

We have used the same metric for evaluation as the article, which is the Area

Under the Receiver Operating Characteristic curve (ROC-AUC), which is obtained by

plotting the True Positive Rate (TPR) against the False Positive Rate (FPR) at various

threshold settings. TPR and FPR are defined as follows

TPR =
TP

TP + FN

FPR =
FP

FP + TN
,

(3.4)
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where TP , FP , TN , and FN denote the number of true positives, false positives, true

negatives, and false negatives, respectively. The Receiver Operating Characteristic

(ROC) curve is obtained by plotting TPR against FPR at various threshold settings.

3.3. Methods

Although currently applied unsupervised learning methods are well suited for ob-

servational purposes, they are not suited for classification tasks on a broader scale. In

this manner, their strength, lack of supervision-induced bias, is also their weakness.

If we summarize the general structure of the algorithms, we can see that they consist

of dimensionality reduction and classification methods applied successively. The main

obstacle is not the dimensionality reduction step but the classification step, which

runs on lower dimensions. We saw that we could eliminate unsupervised classifica-

tion algorithms running on the latent space using proper classification metrics and

dimensionality reduction methods. In this spirit, we propose three methods with in-

creasing complexity and success. We believe these methods can also find applications

for noise/signal classification tasks in domains other than seismology.

The first method is based on calculating the autocovariance of the latent repre-

sentations by themselves. This operation exploits the CNN Autoncoder’s filtering ca-

pability while measuring the channels’ synchronicity. Although simplistic, this method

could perform well if the training duration is chosen correctly. However, there is a

challenge in selecting the proper training duration.

Another method involves applying random augmentations to raw waveforms and

then taking the cross-covariances of their latent representations. The method has

similar grounds with Self Supervised Learning (SSL) methods [27], which uses aug-

mentations to obtain robust representations or for classification purposes. In our case,

we use time-warping augmentations to measure the representations’ robustness. By

calculating cross-covariances, we form a metric for seismic event classification between

sets of augmented waveform representations.
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The last proposed method uses an ensemble of encoder-decoder structures trained

jointly to obtain multiple representations of the identical waveform. The idea is similar

to the augmentation-based method; however, the procedure affects the training phase

in this scheme. This method includes training multiple CNN Autoencoders and linear

projection matrices simultaneously. While CNN Autoencoders are trained to recon-

struct the input, Projectors are optimized by maximizing cosine similarity between all

possible pairs of projections. The idea is to obtain a set of representations in which

common features are emphasized and represented coherently while uncommon ones get

filtered.

Encoder

Decoder

UpBlock 8 kr 11

UpBlock 4 kr 13

UpBlock 3 kr 15

UpBlock 16 kr 9

Waveform
(3000 x 3)

Reconstructed 
waveform
(3000 x 3)

Latent 
representation

(94 x 64)

DownBlock 8 kr 15

DownBlock 16 kr 13

Padding

DownBlock 64 kr 9

DownBlock 64 kr 7

DownBlock 32 kr 11

ResBlock 64 kr 5

ResBlock 64 kr 5

ResBlock 64 kr 5

ResBlock 64 kr 5

Crop

Figure 3.1. Architecture of the CNN Autoencoder used for representation learning.

3.3.1. Building Blocks

3.3.1.1. CNN Autoencoder. All proposed detection methods are based on Convolu-

tional Neural Network (CNN) Autoencoders. We have used CNN Autoencoders due

to their equivariance property of the convolutional layers. Although the space of la-

tent representations is different from the space of waveforms, equivariance property
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and local filters of the convolutional layers ensure that the topological structure of the

signals is preserved to some level, making the covariance a much more stable measure

of similarity. The other reason is their efficiency and simplicity compared to sequential

architectures such as Recurrent Neural Networks (RNNs).

Used CNN Autoencoders are composed of repeated Downsampling, Residual,

and Upsampling layers. Downsampling layers’ input dimensions are twice their out-

put along the timesteps axis. After repeatedly applying Downsampling layers, lower

dimensional and higher level representation is obtained and fed to the Residual layers.

Besides, since some dimensions are not divisible by two, we use padding layers (Reflect

Padding is used to decrease edge effects). After reducing the dimensionality, we use

Residual layers to get a more abstract and filtered version of the downsampled signal.

Finally, the last the residual layer’s output is connected to the decoder part. The

Decoder comprises Upsampling and Crop layers that retrieve the original waveform

dimensions. While Upsampling layers increase the dimensionality, Crop layers remove

the padding layers’ effects. The architecture of the CNN Autoencoder is shown in

Figure 3.1.

Batch Normalization

Convolution(Strides=2)

ReLU

Input

Output

Padding

Figure 3.2. Downsampling layer structure.

Downsampling layers comprise stacks containing 1D Convolutions (stride=2),

Batch Normalization (BN), and Rectified Linear Unit (ReLU) activation layers. Five

downsampling layers with Convolutional filter sizes 15, 13, 11, 9, 7 and counts 8, 16,

32, 64, 64 are used to reduce the length of input waveforms along the timesteps axis

from 3000 to 94 while increasing the number of channels from 3 to 64.
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Batch Normalization

ReLu

Convolution

ReLU

Batch Normalization
Convolution

ReLU

Sum

Input

Output

Figure 3.3. Residual layer structure.

Residual layers involve two subsequent identical stacks involving 1D Convolution,

Batch Normalization, and ReLU Activation layers. We add skip connections by sum-

ming the convolution layer’s output with the residual layer’s input to be able to train

deeper networks. The output of the residual layers is obtained by passing the sum

through the ReLU activation function. We use five residual layers with 64 filters of 5

timestep lengths.

Batch Normalization
Convolution

Upsampling

ReLU

Padding

Input

Output

Figure 3.4. Upsampling layer structure.

Upsampling layers comprise 1D Upsampling, 1D Convolution, Batch Normaliza-

tion, and ReLU activation layers. Five upsampling layers with Convolutional filter

sizes 7, 9, 11, 13, 15 and counts 64, 64, 32, 16, and 8 are used to increase the length of
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input waveforms along the timesteps axis from 94 to 3000 while increasing the number

of channels from 3 to 64.

3.3.1.2. Cross-covariance Layer. The cross-covariance layer is a custom layer that cal-

culates the cross-covariance of two latent representations efficiently by taking advantage

of Fast Fourier Transform (FFT). Cross-covariance is calculated between channels of

the two representations individually and then averaged over all channels.

Let g ∈ RNL×CL , h ∈ RNL×CL represent two latent representations while NL, CL

denoting the number of timesteps and channels of the latent space. We condition repre-

sentations such that the mean of each channel is zero ( 1
NL

∑
n gnc = 0, 1

NL

∑
n hnc = 0).

Representations are not strictly normalized since amplitude information is important

for detection. However, Batch Normalization layers should be applied to both repre-

sentations to obtain proper scale. Due to efficiency considerations, cross-covariances

are calculated by circular convolutions, which is equivalent to calculating covariance

for periodic gnc and hnc (gnc = gn+mNL,c and hnc = gn+mNL,c while n ∈ [0, N − 1],

c ∈ [0, C− 1] and m ∈ Z). Instead of circular convolutions, we can use zero padding as

well. However, results show that it doesn’t improve the performance while increasing

the computational cost.

Denoting the layer output as σn the cross-covariance operation is equivalent to

the following equation

σn =
1

NLCL

NL−1∑
n′=0

CL−1∑
c=0

gn′,chn′+n,c (3.5)

while n ∈ [−NL

2
, NL

2
−1]. We calculate the cross-covariance numerically in the frequency

domain for efficiency considerations. Discrete frequency index k will correspond to the

frequency fk = kfs
NL

where k ∈ [−NL

2
, NL

2
− 1] and fs corresponding to the sampling

frequency which is 100Hz. Cross-covariance can be calculated in the frequency domain
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as follows

gkc = Fkn{gnc}

hkc = Fkn{hnc}

σn =
1

NLCL

F−1
nk {gkch

∗
kc},

(3.6)

where h∗
kc denotes the complex conjugate of hkc. It should be noted that gkc and hkc

are both complex numbers while σn is a real number. It’s worth mentioning that both

FFT and IFFT operations run for each channel separately, equivalent to considering

each channel as a different time series.

3.3.1.3. Maximum Cross-covariance Metric. The filtering property of the Autoencoder

is so effective that even calculating the variance of the representation is enough to dis-

criminate between earthquake and noise signals. Experiments show that the amplitude

of the cross-covariance vector is much higher for earthquake representations than for

noise representations. Therefore, the maximum value of the cross-covariance

M = max
n

cn, (3.7)

while M can be used as a metric for classification.

3.3.1.4. Cross-covariance Weighted Average Metric. The metric is calculated by tak-

ing the weighted average of cross-covariance by using the window function, which has a

maximum around zero lag (τ = 0.0). We have chosen a Gaussian window with ν = 0.0

and σ0 = 5.0 seconds while σ0 is chosen due to empirical factors. Observations show

that the window for choosing σ0 is quite wide. Letting tn = T (n−N/2)
N

as discrete time

while T is the 30 second input time interval, we can express weighted average as follows

M =
1√
2πσ2

0

∑
n

exp

(
− t2n
2σ2

0

)
cn, (3.8)

while M is the classification metric.
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3.3.2. STA/LTA

STA/LTA is a widely used classical method in earthquake detection. It’s based

on the fact that earthquake phase arrivals are seismic waves carrying energy. During

the seismic waves’ arrival, the instantaneous power of the seismic signal increases. We

can take the time average of the seismic wave energy using windows with different sizes

and get their ratio to detect earthquakes.

Selecting two windows is sufficient for detection. If we name the time average of

the seismic power through the shorter window as STA and the longer one as LTA, their

ratio STA
LTA

increases during seismic wave arrival and can be used for detection purposes.

We can calculate the STA/LTA ratio as follows

STA(n) =

NS
2

−1∑
m=−NS

2

C−1∑
c=0

x2
(n+m)c

LTA(n) =

NL
2

−1∑
m=−NL

2

C−1∑
c=0

x2
(n+m)c

STA/LTA(n) =
STA(n)

LTA(n)
,

(3.9)

where NS and NL are the short and long window sizes, we have chosen NS = 350 (3.5

seconds for 100Hz sampling frequency) andNL = 650 (6.5 seconds) for our experiments.

N and C are input timestep and channel counts, while STA(n) and LTA(n) are the

short and long-term averages of the signal’s instantaneous power. A very small constant

value (10−27) is added to the denominator to avoid division by zero.

Since the above method gives a continuous value, we need to threshold it to obtain

a binary classifier. Since we use variable thresholds to obtain ROC curves, it’s more

convenient to convert the output of this method to a classification metric. We take the

maximum of the STA/LTA vector for this purpose. Classification metric is defined as

follows

M = max
n

STA/LTA(n), (3.10)
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while n ∈ [0, N − 1] and STA/LTA(n) is calculated as in Equation 3.9. Parameters

are adjusted by performing a grid search and choosing the best combination. Searched

parameter combinations can be found in Table D.1.

3.3.3. Autocovariance at Latent Space

Our observations show that earthquake representations tend to be composed of

more long-term features, contrary to noise waveforms. We can measure long-term fea-

tures’ magnitude by calculating the latent representation’s autocovariance function.

While for noise signals, we obtain a narrow spike at τ = 0, for earthquake signals, we

obtain a wider and smoother peak. Therefore, any metric measuring the smoothness

and wideness of the autocorrelation function can be used as a classification metric.

Besides this, we have seen that performance increases drastically using Autocovariance

instead of Autocorrelation. This performance boost is related to the filtering prop-

erty of Autoencoder. Noise signals do not lead to significant activations compared to

earthquake signals. As a result, the autocovariance of an earthquake signal is wider,

smoother, and high amplitude.

3.3.4. Augmentation Cross-covariances

Earthquake waveforms are expected to be composed of more robust features such

that small changes in the raw waveform don’t significantly alter their latent represen-

tations. However, a similar kind of property is not expected for noise waveforms. As

a result, the cross-correlation of the latent representations of two augmented wave-

forms is expected to be composed of higher values for earthquake waveforms than

noise waveforms. In addition, we exploit the Autoencoder’s filtering property by using

cross-covariances. Besides, instead of using two augmentations, we use an ensemble

of augmentations, calculate their cross-covariances, and use their mean for classifica-

tion. Our experiments have shown that using an ensemble of augmentations increases

stability and performance.
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Encoder
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metric value
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Figure 3.5. Diagram of the Autocovariance method.

Although different augmentations, such as adding noise or phase warping (adding

random phase at frequency domain), can be used, our experiments have shown that

time-warping augmentation performs well and gives stable results. Time-warping aug-

mentation is accomplished by remapping the time axis of the original waveform by a

monotonically increasing function. We obtain the mapping by choosing random devia-

tions from the actual time and interpolating between them by the BSpline algorithm.

After finding the interpolating function, the results are discretized.
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Figure 3.6. Diagram of Augmentation Cross-covariances method.

3.3.5. Representation Cross-covariances

Another way to classify seismic waveforms is to obtain multiple representations

from the same waveform and then calculate their cross-covariances. This is done by

training an ensemble of Autoencoders. However, since channel encodings can differ

from model to model, we need a different structure to map them to another space. We

use projection matrices to map different representations to a common feature space.
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To train projection matrices accordingly, we put a loss term, the mean distance, over

projected representations.

Waveform

94 x 64

94

Classification
metric value

Encoder 1 Encoder 2 Encoder 3 . . . Encoder N

3000 x 3

Figure 3.7. Diagram of Representation Cross-covariances method.

The method outperforms other methods and is more robust. One main reason is

the additional filtering property induced by projection operations. Intuitively, trying

to find a common feature space filters out less frequent and short-term representations.

Especially, noise signals are filtered since they are poor in terms of repeated patterns

and are encountered less in the training set.
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3.4. Investigating Latent Representations

This part involves investigating latent representations obtained by the models.

We add this part because the behavior of the models can be understood much better

by visual inspection.

3.4.1. Samples for Randomly Parametrized CNN Autoencoders

Our experiments showed that even randomly parametrized models can perform

well, especially in STEAD datasets. To investigate this phenomenon, we visualized

latent space representations obtained by randomly parametrized models. Figures A.1,

A.2, A.3 and A.4 include randomly parametrized models’ latent space representations

for earthquake and noise waveforms. We see that the regions corresponding to seismic

activity get activated at the latent space for randomly parametrized models (Glorot

Uniform initialization is used [28]) as well. One of the possible reasons is that seismic

activity is composed of broadband continuous frequency spectra, which have a higher

possibility of matching with randomly initialized filters. Besides, temporal segments of

seismic activity have higher amplitude than other waveform parts. However, this phe-

nomenon can’t be explained purely by the amplitude magnitude because the randomly

parametrized models’ performance is higher (comparable to supervised counterparts

for cross-domain cases) than the baseline method.

Investigating the figures further, we can see that the autocovariance of the re-

constructed waveform (since we didn’t train the model, it’s not a reconstruction) is

similar to its latent space counterparts, which is interesting. This behavior is related

to the ReLU activation function, which acts as an identity function when its input is

higher than zero. It’s seen that, due to convolutions with random filters, the shape

of the autocovariance has some similarities with the Gaussian function. Interestingly,

we don’t observe this behavior for noise waveforms. Besides, the magnitude of the

autocovariance is much lower for noise waveforms, suggesting that channels are not

synchronized.



30

3.4.2. Samples for Autocovariance Method

Representations obtained by the Autocovariance method can be seen in Fig-

ures A.5, A.6, A.7 and A.8. We can see easily that activations for earthquake signals

are much more regular and organized, while noise signals lack order. Besides, we have

observed that channels act synchronously for earthquake signals while there isn’t such

behavior for noise signals.

Regarding discriminative abilities, we see that the autocovariance of latent space

representation is very different in amplitude and shape for earthquake and noise sig-

nals. However, checking the input and output of the networks (since the waveforms

are normalized, cross-covariance corresponds to cross-correlation), we see that auto-

covariance for the different seismic activity is hard to discriminate. The shape of the

autocovariance for waveforms is much related to their frequency spectrum, which could

be misleading for low-frequency seismic activity. As a result, applying autocovariance-

based classification to raw waveforms gives poor results. But when applied to latent

representations, results are pretty promising.

There are two mechanisms that we consider to be related to performance im-

provement. The first one is the filtering property of the autoencoder, as mentioned

previously. Since it’s possible to encode patterns efficiently, under-complete autoen-

coders tend to selectively represent the patterns they had encountered in their training

set. As a result, noise signals without significant patterns get much less represented

in the latent space compared to earthquake signals. The second mechanism is related

to channels being much more synchronized when seismic activity occurs. As a result,

since we take the mean of the autocovariance of each channel, we obtain higher values

for earthquake signals.
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3.4.3. Samples for Representation Cross-covariances Method

Samples obtained by visualizing latent space projections of different encoders can

be seen in Figure A.9, Figure A.10 and Figure A.12, Figure A.11. We see that behav-

ior is very different from the other models. Since we train projection matrices with

similarity loss, projection heads must filter out uncommon parts of the representations

and emphasize the common parts. Common parts, in most cases, are the long-term

features of the representations. Although representations differ from model to model,

the ReLU activation function gets activated at regions that involve features to be re-

constructed. Consequently, in Figures A.9 and A.10, we see that the areas where there

is a significant seismic activity get coded in a way to have the highest contrast com-

pared to the regions where there isn’t. Another reason for this segmentation behavior

is the channel-wise normalization applied before calculating the cosine similarity be-

tween representations. Normalization forces projection heads to find representations

that emphasize long-term and the most varying features. In this manner, a kind of con-

trastive learning [27] mechanism emerges through the normalization procedure along

the timesteps axis.

We see that segmentation behavior is specific to earthquake waveform representa-

tions, and noise waveform representations are not composed of regular segments. They

are not segmented or segmented irregularly as seen in Figures A.9 and A.10.

3.5. Results

We evaluate the proposed methods’ performances using the same metric as the

review article [6]. ROC-AUC is a reasonable metric since the class imbalance problem

does not affect it unless the bias is severe. Besides, it’s not threshold-dependent,

making it a more objective evaluation metric than threshold-dependent metrics such

as accuracy. We have evaluated model performances at different domains concerning

training duration and SNR level. This section includes results and analysis related to

the models’ performances.
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3.5.1. Effect of Training Duration on Performance

Evaluation is done for the whole model evolution during training to obtain a

more detailed view. Since the training is done unsupervised, validation loss doesn’t

correspond to how well the models perform, making it harder to choose the best training

duration. This factor could mislead model performance measurement dependent on the

training duration. We evaluated the models’ performance for each epoch to analyze

the training behavior.

0.90

0.92

0.94

0.96

0.98

1.00

RO
C-

AU
C

Training: INSTANCE, Testing: INSTANCE

0.90

0.92

0.94

0.96

0.98

1.00
Training: INSTANCE, Testing: STEAD

0.0 2.5 5.0 7.5 10.0 12.5 15.0
Epoch

0.90

0.92

0.94

0.96

0.98

1.00

RO
C-

AU
C

Training: STEAD, Testing: INSTANCE

0.0 2.5 5.0 7.5 10.0 12.5 15.0
Epoch

0.90

0.92

0.94

0.96

0.98

1.00
Training: STEAD, Testing: STEAD

Method
Autocovariance
Augmentation Cross-covariances
Representation Cross-covariances
STA-LTA

Figure 3.8. ROC-AUC scores concerning training duration.

Figure 3.8 shows that the Representation Cross-covariances method has better

stability over training than other methods. It’s also better for a small margin and

deviates less from split to split. Augmentation Cross-covariances also give decent per-

formance over training, suggesting that ensemble methods could have stability and per-
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formance advantages. The Autocovariance method is the most sensitive to training du-

ration among all. Augmentation Cross-covariances and Autocovariance methods have

close performances at their best versions, while the Representation Cross-covariances

method is better by a small margin for all domains.
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Figure 3.9. ROC-AUC scores concerning training duration for low SNR case.

Additionally, we see an unexpected result for the Autocovariance and Augmen-

tation Cross-covariance methods. Randomly parametrized CNN Autoencoder (CNN

Autoencoder at the initial stage of training) performs better than its trained versions for

STEAD dataset tests. Besides, the STA/LTA method performs better at the STEAD

dataset. We have observed that the models fail due to specific noise waveforms intro-

duced into the STEAD dataset. Noise waveforms involving transient signals tend to

be classified as earthquake waveforms, especially for trained models. Our experiments

show that this problem may be solved by introducing augmentations such as phase
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warping at model input. However, due to the scope of the thesis, we didn’t include

this method in the evaluation. Problematic samples can be seen in the appendix at

Figures A.13 and A.14.

The training behavior of the models is similar for low SNR cases, as seen in

Figure 3.9. However, the margin between the STA/LTA method has been increased

for INSTANCE dataset in favor of the proposed methods.

3.5.2. Relationship Between Validation Loss and Performance

We have visualized the relationship between the model performances and vali-

dation loss on the same plot for each method to investigate the relation between the

model performances and validation loss. The Autocovariance method is the most sen-

sitive to training duration, and validation loss doesn’t indicate when to stop training,

as seen in Figure C.1. Although the method has advantage of being simple; we must

show special care to determine the training duration.

Validation loss is not a good indicator for the Augmentation Cross-covariances

method either. However, as seen in Figure C.2, performance is much less sensitive

to training duration. Besides, training on the STEAD dataset is much more stable.

This behavior can be explained by the cleaner waveforms (higher SNR) provided by

the STEAD dataset compared to the INSTANCE dataset. By increasing the training

duration, we could force the model to represent noise waveforms and earthquake wave-

forms, degrading its filtering ability. Our experiments suggest that we can eliminate

the overfitting problem by adding noise to the input signal. However, to preserve the

essence of the method, we excluded this method from the scope of the thesis.

Finally, possibly due to similarity loss between different projections, we see

that validation loss is related to performance for the Representation Cross-covariances

method as seen in Figure C.3. Besides, the model is more stable concerning training

duration. Validation loss increases after a while, which we consider related to models’
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learning to represent waveforms on a finer scale, making minimizing similarity loss

harder for projection heads. Additionally, the model’s performance is much more sta-

ble with training duration. However, in this case, experiments show that adding white

noise to the input in the training phase doesn’t improve the results. The reason may

be related to the model’s learning contrasts between different timesteps, which could

be lost by noise addition.
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Figure 3.10. ROC curves.

3.5.3. Performance Metrics and Comparison with the State of the Art

The proposed methods have close detection characteristics, although ensemble-

based methods have steeper ROC curves. Steeper ROC curves suggest that classifiers

can be used effectively for applications requiring low false positive rates. The Rep-

resentation Cross-covariances method has the steepest ROC curve among all due to
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additional filtering mechanisms related to projection heads. Decreasing the SNR level

degrades model performances in similar ways.

We see that the Representation Cross-covariances method has better classifica-

tion performances for all cases, which is followed by Augmentation Cross-covariances

method. In addition, performance changes concerning the training set are minimal

for ensemble-based methods. This result shows that bias due to the training set is

insignificant, and the research aim has been satisfied.
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Figure 3.11. ROC curves for low SNR case.

Results are also similar for low SNR (SNR value lower than 15 dB) cases. Un-

fortunately, we can’t compare the results with the State-of-the-Art supervised models

at low SNR cases since [6] involves whole dataset evaluations only. Compared with

the STA/LTA, we see that STA/LTA performs well in the STEAD dataset, while the

proposed methods are better in the INSTANCE dataset. Poor performance in the
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STEAD dataset is due to the model’s vulnerability to signals with high gradients and

gaps.

Table 3.2. Method performances for different training (rows) and testing (columns)

datasets for low SNR test sets.

INSTANCE (Testing) STEAD (Testing)

INSTANCE

(Training)

Autocovariance 0.910± 0.020

Augmentation 0.920± 0.010

Cross-covariance

Representation 0.930± 0.002

Cross-covariance

STA/LTA 0.913± 0.001

Autocovariance 0.873± 0.032

Augmentation 0.915± 0.015

Cross-covariance

Representation 0.918± 0.007

Cross-covariance

STA/LTA 0.935± 0.001

STEAD

(Training)

Autocovariance 0.923± 0.004

Augmentation 0.922± 0.005

Cross-covariance

Representation 0.928± 0.003

Cross-covariance

STA/LTA 0.913± 0.001

Autocovariance 0.919± 0.010

Augmentation 0.926± 0.005

Cross-covariance

Representation 0.934± 0.003

Cross-covariance

STA/LTA 0.935± 0.002

The ROC-AUC score dependence over training sets is minor for normal SNR

levels for the proposed methods. Especially the Representation Cross-covariances

method’s ROC-AUC score change minimally concerning the training set (0.001 for

INSTANCE, 0.003 for STEAD dataset tests). This deviation is very close to the un-

certainty level. EQTransformer’s [1] ROC-AUC score over the training set changes

0.009 for INSTANCE dataset and 0.010 for STEAD dataset tests, while Phasenet’s [4]

changes 0.023 for INSTANCE and 0.006 for STEAD datasets. Besides, we see that

scores are much more balanced. The deviation between test sets is less than 0.01,

while it’s much more significant (EQTransformer’s and Phasenet’s ROC-AUC scores

change up to 0.043 and 0.059, respectively) for supervised counterparts.
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Table 3.3. Method ROC-AUC scores for different training (rows) and testing

(columns) datasets. Phasenet and EQTransformer performances are taken from [6].

INSTANCE (Testing) STEAD (Testing)

INSTANCE

(Training)

Autocovariance 0.964± 0.011

Augmentation 0.970± 0.007

Cross-covariance

Representation 0.976± 0.001

Cross-covariance

STA/LTA 0.969± 0.001

Phasenet 0.964

EQTransformer 0.957

Autocovariance 0.964± 0.012

Augmentation 0.974± 0.009

Cross-covariance

Representation 0.983± 0.002

Cross-covariance

STA/LTA 0.987± 0.001

Phasenet 0.994

EQTransformer 0.990

STEAD

(Training)

Autocovariance 0.973± 0.002

Augmentation 0.973± 0.001

Cross-covariance

Representation 0.975± 0.001

Cross-covariance

STA/LTA 0.969± 0.001

Phasenet 0.941

EQTransformer 0.966

Autocovariance 0.979± 0.002

Augmentation 0.981± 0.001

Cross-covariance

Representation 0.986± 0.001

Cross-covariance

STA/LTA 0.987± 0.001

Phasenet 1.000

EQTransformer 1.000

3.6. Discussion and Future Work

Our experiments show that the proposed methods have comparable performance

to the supervised learning models proposed in the literature. Besides, the proposed

methods give similar performances for different training and testing sets, suggesting

that they don’t have strong biases. Hence, they can be used as general-purpose de-

tection tools reliably besides being used for complementary purposes since they have

different detection mechanisms. Although we have applied them for seismic waveform

classification, they can be applied to other multidimensional time series data for dis-

criminating background noise from patterns.
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In addition to obtaining a general-purpose classifier driven by representation

learning, we also show that the common practice of using a trainable classifier after

dimensionality reduction may not be the only approach to take. By carefully choos-

ing architecture and loss function, we see that representation learning can take the

significant workload of classification such that the classifier can be exchanged by a

function (classification metric) as simple as the variance. By eliminating the need to

use a trainable classifier, we can obtain methods that don’t have the vulnerabilities

of standard unsupervised learning classification algorithms. For some reason, research

primarily focuses on extracting features manually while leaving the classification task

to the unsupervised classifier. However, we have seen that representation learning-

based algorithms such as CNN Autoencoders successfully extract the essence of data.

Going through the other direction, extracting useful features by learning representa-

tion and engineering the classifier may improve performance. We believe that there

are opportunities to boost the performances of classical algorithms by running them

on high-level representations that are noise-free and robust, thanks to the tools offered

by representation learning. In this aspect, we believe our approach may open a new

path for developing methods for seismic classification.

Although progress is accomplished, proposed methods have vulnerabilities to cer-

tain noise types, which has room for improvement. This can be achieved by using noise

augmentation techniques when training the networks. Noise augmentation methods

can also be done using generative models or adversarial attacks in the training phase.

Another issue to be improved is that models tend to neglect local events while they are

very efficient at detecting regional or teleseismic events. This is contrary to the super-

vised learning-based counterparts, which are observed to be better at detecting local

events. This leads to better performance metrics for the INSTANCE dataset (above

STA/LTA and supervised counterparts) and poorer performance (comparable or lower

than STA/LTA and lower than supervised counterparts) at the STEAD dataset.

Another improvement issue is making the models capable of detecting phase ar-

rival times. Although proposed methods form candidate solutions to general-purpose
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unsupervised classification problems, they can’t detect phase arrival times or, in other

words, can not be used for phase picking. Future work includes developing unsuper-

vised methods such that seismic phase picking is also possible. Representation Cross-

covariances method seems to provide segmented representations, which can be a good

starting point for phase picking.
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4. MULTI STATION DETECTION

4.1. Introduction

In the previous chapter, we focused on performing unsupervised learning-based

classification on a single station. However, generic seismic workflow involves the usage

of multiple stations, even if the first step is applying single-station detection methods.

We can exploit the additional information provided by the similarities of the wave-

forms received from different stations. Cross-correlation-based earthquake detection

algorithms are motivated by the same idea [29–35]. However, they are hindered by the

fact that the cross-correlation function is not robust to the nonlinearities, dispersion,

and frequency-dependent losses introduced by the propagation medium, which limits

their application area to seismic arrays since the stations are very close. In this sec-

tion, we want to show that if we apply similar algorithms on the latent space instead of

raw waveforms, we can eliminate the limits of the classical cross-correlation methods.

Cross-correlation at latent space can be used in regional seismic networks with inter-

station distances of hundreds of kilometers, while classical cross-correlation is limited

to a few kilometers. Besides, we can solve beamforming problems by using a Graph

Autoencoder.

All methods proposed in this section work on graph structures, and they per-

form station-level waveform classification. Graphs are mathematical structures that

represent pairwise relations between objects called nodes, and they are convenient to

represent the network of stations. In our case, each node corresponds to a station

connected to other stations with edges. Edge weights are calculated using intersection

distances. Although we could use trainable edge weights, it would be inconvenient for

the portability of the method to different domains. We propose three methods with

increasing complexity and performance.
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The first method takes cross-covariances of representations at each node with

its neighbors in addition to autocovariance. CNN Autoencoder for obtaining latent

representations are shared for each station. Covariances are then converted to scalars

by classification metrics. We take their weighted average since each node has multiple

cross-covariances and an autocovariance. At the same time, we take the weights from

the adjacency matrix (the diagonal of the matrix is composed of ones).

The second method uses a Graph Neural Network (GNN) Autoencoder topology

to solve the detection problem. The proposed GNN Autoencoder uses a novel Graph

Attention algorithm, which aligns and sums each node’s neighbor node feature vectors.

While aligning the neighbor feature vectors, the model learns better ways to detect sim-

ilarities other than translating and calculating the cosine similarity (cross-covariance).

After alignment, the weighted average of the cosine similarity of the center node with

its neighbors becomes the detection metric due to ease of calculation.

GNN Autoencoder-based method can be used for beamforming purposes as a

side benefit. Beamforming is a technique that enhances the SNR of a signal by fusing

information from multiple sensors by aligning and summing them. Classically, align-

ment is done by using translation operators, which is only effective for dense seismic

arrays. Since the proposed GNN Autoencoder aligns the signals at latent space with

a learnable operator, it’s much more robust to the effects introduced by the propaga-

tion medium, making its usage possible for sparse seismic networks. According to our

knowledge, this would be a novel contribution as well.

4.2. Training and Testing Procedures

Dataset preparation is more challenging when it comes to multistation detection.

STEAD dataset, having too few events and a short time window, was not convenient.

Due to this, we have used INSTANCE dataset for training and testing purposes. Each

event has been detected at some stations, which is appropriate to be represented as a
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graph. We have used a dynamic graph structure since the stations picking the events

change. Details of forming the graph structure can be found in section 4.2.2.1.

Since traces in the INSTANCE dataset have different start times, we needed

to find a time window for each event and crop the waveforms accordingly. We have

selected the start of the time window randomly within the minimum possible interval,

encapsulating all start times of the related event.

One major problem was formulating classification problems in the graph language.

The most convenient way to achieve that was to make the classification on the node level

based manner. However, all nodes naturally correspond to earthquake waveforms since

graph structures are formed using the dataset’s event information. We added randomly

selected noise waveforms to each event in order to train and test the developed methods.

Besides, the adjacency matrix is updated accordingly.

We used ADAM optimizer with the same hyperparameters as in section 3.2.2.

The batch size is selected as 256 as in the last section. We have trained the GNN

Autoencoder model for 40 epochs, while CNN Autoencoder is trained for 20 epochs.

The training, validation, and test splits are chosen as 0.6, 0.2, and 0.2. Training took

approximately 6.5 minutes for an epoch for the GNN Autoencoder while it had taken

1.5min for CNN Autoencoder at NVIDIA GTX3090TI GPU. Due to time constraints,

we postponed the application of K-Fold validation methods.

4.2.1. CNN Autoencoder

CNN Autoencoder is trained similarly to section 3.2.2.1.

4.2.2. GNN Autoencoder

4.2.2.1. Adjacency Matrix. INSTANCE dataset contains a variable number of wave-

forms recorded at different stations for each event. Representing this with graph for-
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malism requires using different graphs for each event. For efficiency considerations, we

embed multiple graph structures in a batch-level adjacency matrix, which has a block

diagonal form. Each matrix at the diagonal corresponds to a network of stations that

recorded the event’s seismic signals.

Elements of the batch-level adjacency matrix aij are calculated by using the

distance between stations of waveforms by the following formula

aij =

exp(−dij/d0) ,Waveforms of the same event

0 ,Waveforms of the different events

, (4.1)

while d0 is a hyperparameter that controls the strength of the relation between nodes,

which is set to 50 kilometers in our experiments. As shown in Equation 4.1, loops

are allowed in the graph structure since we also want to use the information from the

same station. During training, the dropout method is applied to the adjacency matrix

to force the network to use information from adjacent nodes. For each batch, ran-

domly chosen elements of the adjacency matrix (with 0.5 probability for each element)

are masked (made zero). If all elements of the same row become zero, the element

corresponding to the same station is set to one.

4.2.2.2. Loss Function. The loss function used for training is a form of reconstruction

loss. Before calculating the loss, the means of each channel are subtracted such that

1
N

∑
n xinc = 0, 1

N

∑
n yinc = 0 while xi ∈ RNxC , yi ∈ RNxC denote the input and

output of the model for the i-th node while N and C denote the number of timesteps

and channels of the waveforms (3000, 3). The reconstruction loss Lrecons is calculated

as follows

Lrecons =

√√√√ 1

V NC

V−1∑
v=0

N−1∑
n=0

C−1∑
c=0

(xvnc − yvnc)
2, (4.2)

while V is the number of nodes, N is the number of timesteps, and C is the number

of channels.
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4.3. Building Blocks

4.3.1. CNN Autoencoder

CNN Autoencoders are used to map the waveform data to a latent space. We

used the same CNN Encoder and Decoder architectures as in section 3.1 to investigate

the effect of introducing multiple stations for detection.

4.3.2. Cross-covariance of Node Feature Vectors

Classification is done for each node of the graph. We use the neighbors of each

node as well as itself for classification. Showing the node to be classified as i and its

neighbors as j ∈ Ni, we can express the cross-covariance of the node i with node j as

follows

σijd =
C−1∑
c=0

N−1∑
n=0

hinchj(n+d)c, (4.3)

where hinc is the feature vector of the node i at n-th timestep and c-th channel. σijd is

the cross-covariance between node i and node j for d ∈ [−N
2
, N

2
] differential timesteps.

Applying it in the frequency domain can also make this operation lighter. Frequency

domain implementation is given in the following equation

Hvkc =Fkn{hvnc}

σijd =F−1
dk {

∑
c

HikcH
∗
jkc},

(4.4)

while k is the discrete frequency index, c is the channel index, and the Hvkc is the

frequency domain representation of node v’s feature vector.

4.3.3. Graph Attention with Translation Alignment

According to the origin and characteristics of earthquakes, different stations can

be similar, which can not be encoded by a static adjacency matrix. As a result,

the behavior of the neural network should be changed based on input data. Graph
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Attention provides a way to achieve this by exploiting the similarities between nodes

and weighting the information according to this. According to our knowledge, currently

studied Graph Attention architectures assume that encoded representations can be

summed directly without losing expressional power. Or they are concatenated and

passed through various layers, increasing the problem’s dimensionality proportional

to the number of neighbors. Our observations show that although the waveform is

encoded, its topological structure and, hence, the alignment matters. Consequently,

adding various feature vectors without aligning them leads to poorer representations.

We propose a Graph Attention layer that efficiently solves the alignment problem.

As well as weighting the neighbors as in the proposed mechanisms, we also weight

different alignments while fusing feature vectors from the neighbors for each node. The

alignment problem is solved with translations done efficiently in the frequency domain.

In our method, we first subtract the mean of each channel from the feature

vectors. Then, we project feature vectors to fusion and attention spaces by pointwise

linear maps (for each timestep acting in the same manner) as given below

h(A)
vnc = W

(A)
cc′ hvnc′

h(F )
vnc = W

(F )
cc′ hvnc′ ,

(4.5)

while W
(A)
cc′ and W

(F )
cc′ are the projection matrices for attention and fusion spaces and

c, c′ ∈ [0, C − 1]. h
(A)
vnc and h

(F )
vnc are the attention and fusion space projections of the

latent representation of the v-th node.

After mapping the feature vectors, we perform a fusing algorithm consisting of

two phases. The first phase involves calculating shift attention weights for different

delays for each neighbor. Shift attention weights αijd are calculated for different delays

for the center node i and neighbor node j where t1 and d are the unit translation

operator and d ∈ [−N
2
, N

2
− 1] is the amount of shift. Defining dot product for feature

vectors a and b as a · b =
∑

n,c ancbnc, we can express the shift attention weights as
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follows

ĥ(A)
v =

h
(A)
v√

h
(A)
v · h(A)

v

αijd =
exp(ĥ

(A)
i · (td1ĥ

(A)
j ))∑

e exp(ĥ
(A)
i · (te1ĥ

(A)
j ))

,

(4.6)

while n, c are the timestep and channel indices. ĥ
(A)
v is the normalized attention space

projection of latent representation at node v.

After calculating the shift attention weights for different delays, we can align the

feature vector of the node j for both attention and fusion spaces. While we normal-

ize the feature vectors for calculating the shift attention weights, we don’t normalize

them for the fusion step to preserve the information about the magnitude of the fea-

ture vectors. We take the weighted average of translated versions of neighbor latent

representations as given below

g
(A)
j =

∑
d

αijdt
d
1ĥ

(A)
j

g
(F )
j =

∑
d

αijdt
d
1h

(F )
j ,

(4.7)

while g
(A)
j and g

(F )
j represent aligned latent space projections of the j-th neighbor for

attention and fusion spaces.

We can reduce the calculational complexity by performing the operations at the

frequency domain, which transforms the alignment process to multiplying with a ten-

sor. Translation operator t1 can be represented by multiplication with a diagonal

matrix in the frequency domain if we circularly translate vectors. Taking powers of a

diagonal matrix is drastically easier, and the amount of required memory for the back-

propagation algorithm reduces significantly. When converted to the frequency domain,

shift attention weights αijd are given as

αijd =
exp(Ĥ

(A)
i · (td1Ĥ

(A)
j ))∑

e exp(Ĥ
(A)
i · (te1Ĥ

(A)
j ))

=
exp(

∑
k,cℜ

[
Ĥ

(A)
ikc (Λ

d
kĤ

(A)
jkc )

∗])∑
e exp(

∑
k,cℜ

[
Ĥ

(A)
ikc (Λ

e
kĤ

(A)
jkc )

∗
]
)
, (4.8)
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while Ĥ
(A)
i = Fknĥ

(A)
k is the frequency domain representation of the feature vector at

node v, and Λk = exp(i2πfs
k
N
) expresses a tensor that has eigenvalues of the circu-

lant translation operator. k, fs, and ℜ denote the discrete frequency index, sampling

frequency, and the operator taking the real part of a complex number.

After calculating the shift attention coefficients, we can calculate the aligned

feature vectors by the following equation in the frequency domain

G
(A)
j =

∑
d

αijd(Λ
d
k)Ĥ

(A)
jkc = Ĥ

(A)
jkc

∑
d

αijd(Λ
d
k)

G
(F )
j =

∑
d

αijd(Λ
d
k)H

(F )
jkc = H

(F )
jkc

∑
d

αijd(Λ
d
k),

(4.9)

while G
(A)
j is the aligned feature vector of the node j at the attention space and

G
(F )
j is the aligned feature vector of the node j at the fusion space in the frequency

domain. We see in Equation 4.9 that
∑

d αijdΛ
d
k factor gets seperated. This improves

the performance significantly, and it’s one of the main reasons for performing the

operations in the frequency domain.

Assigning a symbol Lijkc to
∑

d αijdΛ
d
k for later uses is beneficial. We also name

it alignment tensor, the Fourier domain representation of alignment operator Lij. Ab-

stract alignment operator Lij is considered to align the neighbor nodes to the center

node such that their cosine similarity is high at the attention space. We added a

channel index to its representation for convenience, although it acts similarly for all

channels.

As a result, the weighted average of all possible translations with shift attention

coefficients can be deduced to element-wise multiplication when performed on the fre-

quency domain. After obtaining aligned versions of the feature vectors, we calculate

the neighbor attention weights by the following equation

κij =
exp(Ĝ

(A)
i · (aijLijĜ

(A)
j ))∑

j exp(Ĝ
(A)
i · (aijLijĜ

(A)
j ))

=
exp(

∑
k,c Ĝ

(A)
ikc (aijLijkcĜ

(A)
jkc)

∗)∑
j exp(

∑
k,c Ĝ

(A)
ikc (aijLijkcĜ

(A)
jkc)

∗)
, (4.10)
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while κij is the attention weight of node j. aij is the element of the adjacency matrix

denoting the strength of the relation between node i and node j. Dot product is

defined as a · b =
∑

k,c akcb
∗
kc for tensors a and b in this case since we are working in the

frequency domain. After calculating the attention weights, we can calculate the layer

output by the following equation

oi = F−1{
∑
j

κijG
(F )
j }, (4.11)

while oi is the layer output for the i-th node.

Operation given in Equation 4.11 has the same order of complexity as the pro-

posed attention mechanisms in the literature. Besides, loss of information due to

compression is eliminated. Another option would be to apply a pairwise attention

mechanism followed by position embedding. However, it would require too much com-

putational power, and it’s considered unnecessary considering the propagation behavior

of seismic waves.

4.3.4. Graph Attention with Trainable Alignment

The alignment operation is done with the shift operator in section 4.3.3. However,

the propagation of seismic waveforms is not limited to mere translation, even though

feature vectors are higher-level structures. We propose using a learnable operator to

encompass a wider set of transformations. This operator will form a generator for the

possible set of transformations as in the translation case. hk denoting feature vector

at k-th node we define the generator r as follows

r1hv = t1(hv + f ∗ hv), (4.12)

while t1 is the translation operator, which translates the vector by a timestep. f is the

learnable convolution kernel that is defined for each channel, while ∗ is the channel-wise

circular convolution operator. Calculating attention coefficients can be done similarly

by exchanging the translation operator with the learnable operator r1. Since the Fourier

Transform can diagonalize the circular convolution operator, all operations can be
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done much more efficiently in the frequency domain, as in section 4.3.3. However,

we have different alignment operators for each channel in this case. We denote the

representation of the operator r1 at Fourier basis as Λkc instead of Λk due to this. Λkc

can be calculated by the following equation

Fkc = Fkn{fnc}

Λkc = exp(i2πfs
k

N
)(1 + Fkc),

(4.13)

while Fkc is the learnable filter kernel in the frequency domain, and fs is the sampling

frequency in Hz.

As a result, we can express the attention coefficients as follows

αijd =
exp(Ĥ

(A)
i · (rd1Ĥ

(A)
j ))∑

e exp(Ĥ
(A)
i · (re1Ĥ

(A)
j ))

=
exp(

∑
k,cℜ

[
Ĥ

(A)
ikc (Λ

d
kcĤ

(A)
jkc )

∗])∑
e exp(

∑
k,cℜ

[
Ĥ

(A)
ikc (Λ

e
kcĤ

(A)
jkc )

∗
]
)
. (4.14)

Rest is also similar to the section 4.3.3. We just need to switch Λw with Λwc, which

leads to the following results

G
(A)
j =

∑
d

αijd(Λ
d
kc)Ĥ

(A)
jkc = Ĥ

(A)
jkc

∑
d

αijd(Λ
d
kc)

G
(F )
j =

∑
d

αijd(Λ
d
kc)H

(F )
jkc = H

(F )
jkc

∑
d

αijd(Λ
d
kc),

(4.15)

while G
(A)
j and G

(F )
j are the aligned neighbor representations at the frequency domain.

The alignment tensor is defined in a similar manner Lijkc =
∑

d αijd(Λ
d
kc). As

a result, we can express neighbor weights κij and the layer output oi as given in the

Equations 4.10 and 4.11 respectively.

4.3.5. Multi-Head Graph Attention

We can independently apply the graph attention mechanism to multiple attention

heads and then merge their results. This provides the flexibility to handle features with

different propagation characteristics by different attention heads.
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By labeling attention projector W (Ah), fusion projectors W (Fh) and the convo-

lutional kernel fh specific to each head, we can obtain the outputs for all heads by

applying the same procedure. We can express the output for each head h ∈ [0, H − 1]

while H denotes the number of heads as follows

ohi = F−1{
∑
j

κh
ijG

(Fh)
j }, (4.16)

while ohi is the output of h-th attention head at i-th node.

94 x 64

Encoder Encoder Encoder . . . Encoder

3000 x 3

#Neighbors x 94

#Neighbors

Classification
metric value
for Node 1

Classification
metric value
for Node 2

Classification
metric value 
for Node 3

. . .
Classification
metric value 
for Node N

Figure 4.1. Network Cross-covariance of representations.

After calculating the outputs for each head separately, we concatenated them.

Then linear transformation W (O) : RC·H → RO is applied to the concatenated vector

pointwise to obtain layer output

oinc = W
(O)
cd ·

[
o1i ⊕ o2i ⊕ ...⊕ oHi

]
idn

, (4.17)
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while O denotes the number of output channels. oinc is the output tensor for the i-th

node having the same dimensionality as the layer input (n ∈ [0, N − 1], c ∈ [0, C − 1]).

4.4. Methods

4.4.1. Detection with Network Cross-covariance of Representations

The Autocovariance method at section 3.3.3 can be applied to graph structure

easily. In this case, we may exploit the similarities between feature vectors of different

stations by taking cross-covariance between them and using it for waveform classifica-

tion. Since we expect that features of noise waveforms have less coherence length, this

could be a good discriminator between earthquake and noise waveforms.

Given the adjacency matrix aij, we can calculate a metric Mi that can be used

for detecting earthquakes for each node i as follows

Mi =
∑
j

aijm(σijn), (4.18)

while m is a function that is applied to the cross-covariance of the node i with node

j. The function m can be chosen as in the single station case simply by taking the

maximum along the timesteps axis as in Equation 3.7 or taking the weighted average

as in Equation 3.8. However, the peak of the Gaussian shouldn’t be selected as τ = 0 in

this case. Instead, it should be selected as the timestep of maximum cross-covariance.

This is because we expect the earthquake to be detected at different times in different

stations. As a result, we can define the function M as follows

mij = argmax
m

σijm

Mi =
1√
2πσ0

∑
j,n

aijσijn exp

(
− (n−mij)

2

2fsσ2
0

)
,

(4.19)

where fs is the sampling frequency, and σ0 is the standard deviation of the Gaussian.

For empirical reasons, we have seen that it’s decent to choose σ0 as 5.0 seconds, al-

though its optimal value depends on the distance between stations. However, it should
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be mentioned that even the maximum value of the Cross-covariance also gives a de-

cent performance, so the performance is not related significantly to the value of this

parameter. The parameter value can be selected within the range of 1.0-10.0 seconds.

4.4.2. Detection and Beamforming with Graph Attention Autoencoder

4.4.2.1. Working Principle. In section 4.4.1, we have used cross-covariances of a cen-

ter node between its neighbors as a classification metric. As mentioned, the cross-

covariance operation involves calculating the covariance between two representations

under different delays. However, we took cross-covariance due to the requirement that

we didn’t know the translation required to align two waveforms and merely taking

covariance would fail.

94 x 64

Encoder Encoder Encoder . . . Encoder

3000 x 3

Decoder Decoder Decoder . . . Decoder

94 x 64

3000 x 3

Figure 4.2. Graph Attention Autoencoder architecture.

Introducing Graph Attention with the alignment capability solves this problem.

Our experiments have shown that trainable alignment gives better results, which are
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described in section 4.3.4. To train the alignment operator in an unsupervised man-

ner, we propose using a Graph Autoencoder architecture composed of CNN Encoder,

CNN Decoder, and Graph Attention structures. The model encodes waveforms using

CNN Encoders and fuses the information from different nodes with Graph Attention

layers. Then, the CNN Decoder reconstructs the original waveform by using the fused

representations. After obtaining the aligned neighbor representations, we measure the

cosine similarity of the neighbor representations with the center node representation.

We get the final detection metric by taking the weighted average of these similarities

using the adjacency matrix. The procedure can be expressed as follows

Mi = F−1{
∑
h

∑
j

H
(Fh)
i κh

ijG
(Fh)
j }, (4.20)

while Mi is the detection metric, H(Fh) and G(Fh) are the representation projections

(to the fusion space) of the center node and aligned neighbor nodes at Fourier domains

for each head. κh
ij is the j-th neighbor weight to i-th center node which is specific to

attention head h.

4.4.2.2. Architecture. While keeping the encoder and decoder parts similar to the other

models, we have introduced two Graph Attention layers with four attention heads. The

trainable part of the alignment operator comprises five convolutional filters for each

projection channel (projection dimension is chosen as 32). Dropout is applied to the

adjacency matrix with the rate of 0.5 in order to force the model to use information

from adjacent nodes. The model’s architecture is shown in Figure 4.2.

4.5. Results

4.5.1. Beamforming Results

After training for 40 epochs, we fed the test waveforms to the model and observed

the outputs of various layers. Interestingly, latent space samples are seen to encode

a sort of arrival time, which can be seen in Figure B.1 and Figure B.2. We consider
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that the alignment process applied by Graph Attention forces the network to represent

arrival times. Besides, it’s observed that reconstructions are highly accurate when we

don’t apply dropout during testing time, as seen in Figure B.1 and Figure B.2. However,

applying dropout leads to a significant improvement in the denoising capabilities of the

model, as seen in Figure B.3 and Figure B.4.

When we don’t apply dropout, since the model is trained to reconstruct the

original waveform, it tries to replicate the original waveform even if it’s pure noise,

which is seen in Figure B.5 and Figure B.6. For denoising purposes, either the dropout

method or augmentation techniques (such as injecting noise into the input) should be

used.

Figure 4.3. Network Cross-covariance performance over training duration.

4.5.2. Detection Results

4.5.2.1. Network Cross-covariance of Representations. When investigating the ROC-

AUC score during the course of training, we see that the method works decently only

at some point. Except that, performance is very poor. Although the same issue is

also encountered with single-station methods, it’s not so severe. We consider that the

problem is increased noise and CODA content of the waveforms due to the cropping

procedure. This is considered to be related to the cropping procedure applied when

preprocessing the dataset. Since we are cropping 30.0s time windows out of 120.0s
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intervals, most of the waveform samples miss the crucial parts and comprise noise and

CODA waves. This affects the method on two levels. One is the reduced filtering

capability of the CNN Autoencoder, and the other is the degraded cross-covariance

performance.

Figure 4.4. GNN Autoencoder Detector performance concerning training duration.

4.5.2.2. Detection with Graph Attention Autoencoder. The use of GNN Autoencoder

improved the detection performance significantly compared to merely using cross-

covariance. This is related to the selective behavior of the attention mechanism that

forced the CNN Encoder to learn the features related to phase arrivals, forming a nat-

urally emerging supervision signal. Figures B.3, B.4, B.1 and B.2 show the effect of the

attention mechanism over the latent representation obtained from the CNN Encoder.

The latent space samples show that the attention layers emphasize the parts of the

latent representation related to phase arrivals even more. Besides, its performance is

much more stable during training. Figure 4.4 shows the ROC-AUC score regarding

training duration.

It’s seen that even for single station detection, performance is higher than the

previously proposed methods by the ROC-AUC score of around 0.004. Performance

increases with the use of more neighbors.
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4.6. Discussion and Future Work

We observed that the multistation cross-covariance method doesn’t improve the

performance significantly compared to the best single-station method. We consider

that the result is related to choosing a global time window for all stations. This leads

to a training set in which most cropped waveforms contain Coda waves or noise signals

but not phase arrivals. Our result for the no-neighbor case shows that the result is

worse than the single stations, suggesting that the CNN Autoencoder learns to replicate

noise signals that significantly degrade selective behavior. Using more neighbors makes

the performance less dependent on the training duration, but similar behavior is also

observed in classical phase association algorithms.

On the other hand, the GNN Autoencoder method gives better results than

the single station methods, even when no neighbors are involved during the detection

phase. The result is related to Attention Mechanism’s selective behavior on some

features that can be used for alignment. Latent space samples show that phase arrivals

are significantly related to emphasized parts of latent representation obtained on the

output of Graph Attention Layers. This opens a new way to train the network with

a dataset while there are very few earthquakes. Or a continuous stream of waveform.

We believe that this could provide improvement for low SNR signal detection.

Other possible applications involve Machine Learning based beamforming mecha-

nisms. To achieve this, we need to train the GNN Autoencoder as a denoising Autoen-

coder. This consists of injecting random noise signals into the stations and expecting

the model to give the original waveforms. Besides, some gaps can be introduced to

waveform samples, another widely encountered corruption in seismic signal recordings.

We didn’t inject noise or gaps at the current state, but some waveform samples show

that denoising properties show themselves even in this case. We will soon train the

network this way and obtain accurate performance metrics for SNR improvement.
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Due to time constraints and the variety of proposed methods, we couldn’t thor-

oughly evaluate the multistation methods’ performance. However, when we compare

the performance of the multistation methods tested in the no-neighbor case, we see

that multistation training improves the performance in the GNN Autoencoder case.

Future work involves forming accurate baselines and comparing the performance of the

models with conventional algorithms. Besides, the method of introducing noisy nodes

to graph structure may have some flaws. The most convenient way would be to create

a dataset for this purpose and check if the obtained results are compatible with the

current case.
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5. CONCLUSION

We believe the thesis has achieved its primary goal of developing reliable unsu-

pervised methods for classification tasks. Although possible application areas have not

been discovered yet, we consider that the proposed classification algorithms apply to

different noise/signal classification tasks. In addition to that, we have developed a new

method for sensor networks to improve the SNR ratio for challenging configurations.

In order to achieve that, we have proposed a novel Graph Attention structure that may

contribute to Machine Learning research.

Although we have obtained promising results, we believe we may improve the

limitations of the proposed methods further. Additionally, more comprehensive bench-

marking procedures should be used to evaluate multistation methods. Future work will

focus on improving the limitations of the proposed methods and testing them in more

challenging settings.
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APPENDIX A: SAMPLES FOR SINGLE STATION

METHODS

This appendix involves visualizations of latent space representations of the wave-

form samples as well as model inputs and outputs for the single station methods.

A.1. Randomly Parametrized Model

There, we have the samples, which are obtained by using an untrained CNN

Autoencoder model.

Figure A.1. Earthquake sample 1 (a) three-channel waveform, (b) latent space

representation, (c) waveform Autocovariance, (d) latent space Autocovariance.
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Figure A.2. Earthquake sample 2 (a) three-channel waveform, (b) latent space

representation, (c) waveform Autocovariance, (d) latent space Autocovariance.
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Figure A.3. Noise sample 1 (a) three-channel waveform, (b) latent space

representation, (c) waveform Autocovariance, (d) latent space Autocovariance.
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Figure A.4. Noise sample 2 (a) three-channel waveform, (b) latent space

representation, (c) waveform Autocovariance, (d) latent space Autocovariance.
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A.2. Autocovariance Method

There, we have the samples, which are obtained by using a trained CNN Autoen-

coder model.

Figure A.5. Earthquake sample 1 (a) three-channel waveform, (b) latent space

representation, (c) waveform Autocovariance, (d) latent space Autocovariance.
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Figure A.6. Earthquake sample 2 (a) three-channel waveform, (b) latent space

representation, (c) waveform Autocovariance, (d) latent space Autocovariance.
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Figure A.7. Noise sample 1 (a) three-channel waveform, (b) latent space

representation, (c) waveform Autocovariance, (d) latent space Autocovariance.
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Figure A.8. Noise sample 2 (a) three-channel waveform, (b) latent space

representation, (c) waveform Autocovariance, (d) latent space Autocovariance.
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A.3. Representation Cross-covariances Method

There, we have the samples obtained using an ensemble of CNN Autoencoders

and projectors for each.

Figure A.9. Earthquake sample 1 (a) three-channel waveform, (b) latent space

representations for ensemble members, (c) mean latent space Cross-covariance.
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Figure A.10. Earthquake sample 2 (a) three-channel waveform, (b) latent space

representations for ensemble members, (c) mean latent space Cross-covariance.
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Figure A.11. Noise sample 1 (a) three-channel waveform, (b) latent space

representations for ensemble members, (c) mean latent space Cross-covariance.
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Figure A.12. Noise sample 2 (a) three-channel waveform, (b) latent space

representations for ensemble members, (c) mean latent space Cross-covariance.
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Figure A.13. Noise sample 3 (a) three-channel waveform, (b) latent space

representations for ensemble members, (c) mean latent space Cross-covariance.
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Figure A.14. Noise sample 4 (a) three-channel waveform, (b) latent space

representations for ensemble members, (c) mean latent space Cross-covariance.
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APPENDIX B: SAMPLES FOR MULTI STATION

METHODS

This appendix includes visualizations of the latent space representations of the

waveform samples and model input and output for the GNN Autoencoder model.

Figure B.1. Earthquake sample 1 (a) three-channel waveform, (b) latent space

representations for CNN Autoencoder, first and second attention layers from left to

right, (c) three-channel waveform reconstruction.
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Figure B.2. Earthquake sample 2 (a) three-channel waveform, (b) latent space

representations for CNN Autoencoder, first and second attention layers from left to

right, (c) three-channel waveform reconstruction.
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Figure B.3. GNN Autoencoder earthquake sample 3 (at masked mode) (a)

three-channel waveform, (b) latent space representations for CNN Autoencoder, first

and second attention layers from left to right, (c) three-channel waveform

reconstruction.
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Figure B.4. GNN Autoencoder earthquake sample 4 (at masked mode) (a)

three-channel waveform, (b) latent space representations for CNN Autoencoder, first

and second attention layers from left to right, (c) three-channel waveform

reconstruction.
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Figure B.5. GNN Autoencoder noise sample 1 (a) three-channel waveform, (b) latent

space representations for CNN Autoencoder, first and second attention layers from

left to right, (c) three-channel waveform reconstruction.
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Figure B.6. GNN Autoencoder noise sample 2 (a) three-channel waveform, (b) latent

space representations for CNN Autoencoder, first and second attention layers from

left to right, (c) three-channel waveform reconstruction.
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APPENDIX C: ROC-AUC AND VALIDATION LOSS

RELATION

This appendix involves the ROC-AUC score and validation loss relation for single-

station methods.
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Figure C.1. Autocovariance ROC-AUC and validation loss vs. training duration.
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Figure C.2. Augmentation Cross-covariances ROC-AUC score and validation loss vs.

training duration.
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Figure C.3. Representation Cross-covariances ROC-AUC score and validation loss vs.

training duration.
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APPENDIX D: STA/LTA PARAMETER ADJUSTMENT

This appendix includes the STA/LTA methods searched parameters and corre-

sponding performances.

Table D.1. STA/LTA adjustment parameters and results.

Short term window Long term window INSTANCE AUC STEAD AUC

1.000 2.000 0.945± 0.001 0.978± 0.001

1.000 4.000 0.953± 0.001 0.983± 0.001

1.500 3.000 0.957± 0.001 0.985± 0.001

1.500 6.000 0.957± 0.001 0.982± 0.001

2.000 4.000 0.962± 0.001 0.986± 0.001

2.000 6.000 0.965± 0.001 0.976± 0.001

2.000 8.000 0.961± 0.001 0.880± 0.001

2.500 4.000 0.963± 0.001 0.982± 0.001

2.500 5.000 0.966± 0.001 0.985± 0.001

2.500 7.500 0.966± 0.001 0.936± 0.001

3.000 4.500 0.965± 0.001 0.982± 0.001

3.000 6.000 0.968± 0.001 0.987± 0.001

3.000 7.500 0.968± 0.001 0.956± 0.001

3.500 5.000 0.966± 0.001 0.983± 0.001

3.500 6.500 0.969± 0.001 0.987± 0.001

3.500 8.000 0.968± 0.001 0.954± 0.001

4.000 5.000 0.966± 0.001 0.980± 0.001

4.000 6.500 0.969± 0.001 0.986± 0.001

4.000 8.000 0.969± 0.001 0.974± 0.001

4.500 6.000 0.968± 0.001 0.983± 0.001

4.500 7.000 0.970± 0.001 0.986± 0.001

4.500 8.000 0.970± 0.001 0.985± 0.001




