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ABSTRACT

SITE-SPECIFIC STRONG MOTION GENERATION AND LATENT SPACE
ANALYSIS AT SEISMIC STATIONS

Cilgin, Bevan Deniz
M.S., Department of Data Informatics
Supervisor: Assoc. Prof. Dr. Erdem Akagiindiiz

Co-Supervisor: Assist. Prof. Dr. Salih Tileylioglu

November 2025, 69 pages

Modeling the strong motion data is crucial for seismic hazard assessment. In our study, we
aim to unveil the nature of strong motion data and soil characteristics using generative AL. We
created a generative model that efficiently extracts underlying physical patterns from historical
events with site-specific properties. To achieve this, we trained a Conditional Convolutional
Variational Autoencoder model on amplitude and phase spectrograms of earthquake wave-
forms to generate strong-motion data that accurately represents the soil characteristics. We
performed training in two steps: unsupervised learning on 31,249 records and fine-tuning (af-
ter minor architectural changes to create a conditional model) on 348 records for five stations.
Ultimately, we compared the relevance of the generated signals by calculating the fundamental
site frequency distributions of both the generated and original samples, linking the simulation
results to a physical property of their sites.

The proposed method employs a data-driven approach using recorded time waveforms and
relies solely on station identifiers for conditional generation, differing from existing methods
in the literature. Moreover, it uses latent space conditioning techniques to make the model
class-aware without requiring a large amount of station-specific data. Unlike traditional
methods, it doesn’t need theoretical assumptions, extensive parameter tuning, or computational
power. We also introduce an evaluation framework to numerically analyze the correctness
of the generated waveforms from simulations by comparing fundamental site frequencies
calculated from HVSR curves, which are calculated using earthquake recordings. Our model
achieves an alignment score of 0.84 with the ideal situation. Generated waveforms accurately
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represent their fundamental site frequency characteristics and differentiate from the frequency
characteristics of other sites.

Keywords: strong motion data generation, variational autoencoder, generative artificial intel-
ligence, conditional model, latent space reshaping



oz

SISMIK ISTASYONLARDA YEREL KUVVETLI YER HAREKETI URETIMI VE
GIiZLi UZAY ANALIZI

Cilgin, Bevan Deniz
Yiiksek Lisans, Elektrik ve Elektronik Miihendisligi Boliimii
Tez Yoneticisi: Dog. Dr. Erdem Akagiindiiz
Ortak Tez Yoneticisi: Dr. Ogr. Uyesi. Salih Tileylioglu

Kasim 2025, 69 sayfa

Sismik tehlike degerlendirmesi icin kuvvetli hareket verilerinin modellenmesi biiyiik 6nem
tagimaktadir. Calismamizda, iiretken yapay zekay1 kullanarak kuvvetli hareket verilerinin do-
gasin1 ve toprak Ozelliklerini ortaya cikarmayi amacliyoruz. Sahaya ozgii 6zelliklere sahip
gecmis olaylardan fiziksel oriintiileri verimli bir sekilde ¢ikaran iiretken bir model olusturduk.
Bunu basarmak igin, zemin 6zelliklerini dogru bir sekilde temsil eden kuvvetli yer hareketi
verileri iiretmek amaciyla deprem dalga formlarinin genlik ve faz spektrogramlarini kullanarak
bir Kosullu Evrisimli Degigken Otomatik Kodlayici (Conditional Convolutional Variational
Autoencoder) modelini egittik. Egitimi iki adimda gerceklestirdik: 31.249 kayit iizerinde go-
zetimsiz 6grenme ve (kosullu bir model olusturmak i¢in yapilan kiiciik mimari degisikliklerin
ardindan) bes istasyon i¢in 348 kayit iizerinde ince ayar. Son olarak, hem iiretilen hem de ori-
jinal 6rneklerin temel saha frekans dagilimlarini hesaplayarak iiretilen sinyallerin gecerliligini
kargilastirdik ve simiilasyon sonuglarini sahalarinin fiziksel bir 6zelligine bagladik.

Onerilen yontem, kaydedilmis zaman dalga formlarin1 kullanan veri odakli bir yaklasim kulla-
nir ve kosullu iiretim i¢in yalnizca istasyon tanimlayicilarina dayanir; bu yoniiyle literatiirdeki
mevcut yontemlerden farklidir. Ayrica, cok miktarda istasyona 6zgii veriye ihtiyac duyma-
dan modeli siniflara duyarli bir hale getirmek i¢in gizli uzay kosullandirma (latent space
conditioning) tekniklerini kullanir. Geleneksel yontemlerin aksine, teorik varsayimlara, kap-
saml1 parametre ayarlamasina veya yiiksek hesaplama giiciline ihtiya¢ duymaz. Ayrica, deprem
kayitlar1 kullanilarak hesaplanan HVSR egrilerinden hesaplanan temel saha frekanslarini kar-
stlagtirarak simiilasyonlardan iretilen dalga formlarinin dogrulugunu sayisal olarak analiz
etmek icin bir degerlendirme cercevesi sunuyoruz. Modelimiz, ideal durumla kargilagtirildi-
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ginda 0.84’liik bir uyum skoru elde etmektedir. Olusturulan dalga formlari, temel saha frekans
ozelliklerini dogru bir sekilde temsil eder ve diger sahalarin frekans 6zelliklerinden ayrisir.

Anahtar Kelimeler: kuvvetli yer hareketi verisi iiretimi, degisken otomatik kodlayici, iiretken
yapay zeka, kosullu model, gizli uzay sekillendirme
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CHAPTER 1

INTRODUCTION

1.1 Problem De nition

Throughout history, earthquakes have caused the deaths of thousands and cost billions of
dollars. The 2023 Turkey-Syria earthquakes caused more than 53,000 deaths and an estimated
cost of $103 billion, and a ected the lives of 13 million people. Though these e ects cannot

be entirely avoided, integrating source characterization, recurrence modeling, ground motion
prediction, and site-speci ¢ analyses within seismic hazard assessment, together with resilient
design, has signi cantly reduced casualties and earthquake-related damages. Earthquakes
happen because of the stress built up by the slow motion of tectonic plates. When the
accumulated stress exceeds the strength of the rocks holding the plates, energy is suddenly
released as seismic waves. Seismic waves travel through deep layers of rock to softer ground
layers before reaching the surface. Local site properties a ect essential characteristics of strong
ground motion, such as amplitude, frequency content, and duration [1]. Strong ground motion
is generally de ned by ground acceleration, and it is collected at seismic stations located in
the free- eld at varying distances from active faults and on di erent soil conditions. They
commonly record ground motion in three orthogonal directions. This process is visualized in
Figure 1.

Source, path, site, and basin e ects are used to explain the complex nature of ground motion
in earthquake engineering. In this study, we focus mainly on site e ects, which are local
conditions that a ect seismic waves. The primary factor governing these e ects s soil sti ness,
which controls how the ground deforms and transmits seismic energy. Soil sti ness-related
parameters include shear-wave velocity, soil layering and thickness, and the site's fundamental
frequency, all of which serve as indicators of sti ness and its variation with depth. While most
properties are obtained from laboratory or in-situ tests on the corresponding soils, parameters
such as the fundamental frequency can also be inferred from seismic recordings acquired
in the region. These parameters play an essential role in the design of resilient structures.
For example, an earthquake engineer must pay attention to the fundamental frequency of the
region because if the incoming seismic wave is predominantly near this frequency, resonance
occurs and the shaking amplitude increases. An earthquake results in motion over a range
of frequencies. A softer soil ampli es low-frequency motion more than a sti er soil, and the
reverse is true for high-frequency motion [1]. Building on these factors, an earthquake engineer
estimates potential shaking at a site using Ground Motion Prediction Equations (GMPES).
GMPEs are built using regression methods that analyze numerous derived parameters from



Figure 1: Traveling and recording of the earthquake waves at the seismic stations.

seismic records, including earthquake magnitude, distance, and site e ects. However, they
have inherent shortcomings, including limited ability to incorporate site-speci ¢ ground-
motion behavior. Moreover, most sites lack a large number of recorded ground motions,
limiting the ability to model the seismic response that might occur in those areas.

Al-based methods also aim to generate high-quality motion data for those regions. While
existing studies utilize conditioning strong motion data on physical parameters such as mag-
nitude, distance, and velocity Bg) using deep generative models [2], there are few -if any-
approaches that have attempted to condition these models only using station-speci c identi ers
such as IDs, especially under the limited number of data per station conditions.

Arti cial intelligence (Al) methods can help to understand the underlying nature directly from
data, as models canidentify linear and nonlinear patterns by analyzing large datasets consisting
of thousands of samples. Moreover, models can be continuously trained with new data, which
increases their prediction accuracy and adaptability. However, adapting these models for
site-speci ¢ generation requires making them class-aware, enabling the di erentiation of data
from individual sites. This poses a signi cant challenge, as most sites have only a limited
number of available records, and traditional conditioning methods often fail to reliably capture
the underlying site-dependent patterns. Thus, the reliability of these site-speci ¢ simulations
is usually low, which is crucial for local hazard reduction strategies. This study hypothesizes
that strong motion waveforms can be e ectively conditioned in a deep generative framework
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using station-speci c identi ers, and their validity and station relevance can be evaluated using
site-frequency analysis.

In this study, we aim to extract features from time waveforms recorded at strong motion stations
while modeling accurate distributions that encode physical characteristics and conditioned
station information. Then, using these distributions, new samples are created, and their
accuracy is veri ed through fundamental site frequency analysis. To achieve that, we condition
a variational autoencoder (VAE) model [3] with station IDs to generate strong motion data and
evaluate it by fundamental site frequencies. To achieve our goal, we employ several methods
to shape the model's sampling space, allowing it to represent the stations individually. We
employ strong-motion recordings from the Disaster and Emergency Management Presidency
of Turkiye (AFAD) database. The dataset has 36,417 strong-motion earthquake recordings
from 2012 to 2016. To address the data scarcity, we initially train an unconditional model
using this dataset, and then ne-tune it using ve selected stations with a total of 348 records.

1.2 Research Questions

The problem introduced in the thesis is generating ground motions that re ect site-speci c
frequency characteristics when only a limited number of records are present for each station.
To achieve this, a deep generative model that is class-aware and has an accurate encoding
mechanism for soil characteristics at each site is needed. The experiments are designed to
achieve the best-performing model that satis es the related aspects of the problem.

Fundamental research questions are structured under three main titles:

Representation: What's the best way to represent the time waveforms to ensure the
model's ability to capture the characteristics? Representations should be insightful
enough to capture the seismic patterns and conditioned station IDs.

Conditioning: How can we condition the model with station IDs? In which parts of
the model can conditioning be used (e.g, encoder, input, latent space, decoder input)?
How does it impact the model's ability to generate realistic and site-speci c data?

Sampling Space SeparationWhat strategies can be used to make the sampling space
of the model distinct enough to be representative for di erent sites while re ecting the
fundamental site frequencies of them?

1.3 Objectives of the Study

Through the study, we wanted to introduce a generative Al framework that focuses on un-
derstanding soil characteristics at speci c locations by generating ground motions that re ect
site-speci ¢ frequency characteristics. From an engineering perspective, this study can enable
the generation of accurate, strong-motion data at stations with data scarcity, which would be
bene cial for improving the structural design of buildings and enhancing hazard mitigation.
To achieve this, we aim to determine the most e ective method for representing earthquake
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data and enhance a VAE model by incorporating training strategies and latent space shaping
to make it class-aware. In this way, we can generate station-speci ¢ earthquake data that have
site-frequency values of the related sites. Moreover, we aim to demonstrate that individual
sites can be e ectively represented by Al models, despite lacking su cient data, by employing

a two-step training strategy that combines unsupervised and supervised learning approaches.

1.4 Contributions of the Study

The primary contribution of this study is to utilize latent space reshaping techniques for the
VAE model, which accommodates class-speci ¢ prior distributions in the latent space. Unlike
existing methods in the literature, which do not consider station-speci c information or rely on

a large amount of data for each station, this study addresses this issue by employing e ective
methods that increase class-awareness without requiring a large amount of station-speci ¢
data. With this, the model can generate unigue and distinct strong motion data that exhibits
the fundamental site frequency values just by using station IDs as conditions.

Several methods exist for understanding strong ground motion through empirical prediction
models, hybrid simulation approaches, and analyses of observed motion characteristics [4] [5]
[6] [7], and they have drawbacks such as parameter dependence, including strong assumptions
and a computationally expensive nature. However, the model learns directly from data without
extensive parameter tuning, complicated ground motion equations, or theoretical assumptions.
Moreover, it is computationally e cient (2 hours of training time for unsupervised learning

and 30 minutes of supervised learning training time on a 2x NVIDIA RTX A4000 GPU).

Finally, this study proposes an evaluation framework to assess the generated waveforms by
comparing them with the site's frequency distribution. This brings a new way of measurement
to link the generated samples to the physical world. With this, numerical interpretation is
enabled for simulation results, which is generally a drawback in most studies.

1.5 Organization of the Thesis

The thesis is organized into six main chaptersChapter 1, we give the challenges in strong
motion data generation, the necessities for an Al model to achieve that, research questions, and
contributions of the studyChapter 2 provides background on fundamental site frequency,

a critical parameter that de nes site-speci ¢ ground motion, and the variational autoencoder
model and layers it comprise€hapter 3 presents the existing literature on generative Al
models in seismology, particularly in the context of strong motion data generation. It also
includes the evaluation techniques used in these works to assess the validity of the generated
samples. Chapter 4 provides detailed information about the training pipeline. It focuses

on the data preprocessing steps to achieve e ective data representation, the architecture of
models and modi cations to make them class-aware, and the training methods for shaping
the latent space and solving data imbalar@€kapter 5 explains the evaluation technique for
evaluating the generated samples in terms of fundamental site frequency values and di erent
experiments with the model for conditioning method, data representation, and e ect of latent
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space conditioningChapter 6 presents the results for di erent experimental settings. For
each setting, it provides the setup and a comparison of the fundamental site frequencies of the
generated waveforms, as well as samples generated using the model. Ultimately, it provides a
discussion of the result€hapter 7 concludes the research ndings and achievements.






CHAPTER 2

BACKGROUND

Inthis section, we begin with an introduction to fundamental site frequency, a critical parameter
de ned by soil sti ness and thickness. Thus, it can be used to understand and characterize
the strong motion at speci ¢ sites, and we evaluated the validity of the time histories we
generated based on this parameter. Then, we continue with an introduction to the convolutional
variational autoencoder used in this study. Starting from a single linear layer to a complete
architecture, all the layers used in this model are investigated.

2.1 Fundamental Site Frequency

The characteristics of the earthquake recordings depend on several factors, including source,
path, and site e ects [1]. Inthis study we focused on site e ects to assess whether the generated
ground motions accurately reproduce site-speci ¢ frequency characteristics, which in uence
the recordings due to the e ects of near-surface earth materials, such as soil/weathered rocks.
One key site e ect is the ampli cation of ground motions through resonance, which occurs
when incoming seismic waves contain energy close to the fundamental site freq@gndty (

is a critical parameter that represents the site response and is directly related to the thickness
of the soil layer and the shear-wave velocityg, and is generally expressed by the formula

= I—B. While soft and thick soil layers have a sm&llvalue, sti and thin soil layers can have

a large 5 value. Thus, ground motion amplitude can be increased at sites through resonance
with low-frequency seismic waves at sites with I&wand with high-frequency seismic waves

at sites with high%. Thus, % re ects the ground's physical properties, especially layer
thickness and soil sti ness, and can be used for determining the class of a soil in earthquake
hazard assessment and engineering structure designs.

In this study, we sought to generate strong-motion data that can be observed at a specic
site and that re ect the soil properties of this region. The fundamental site frequency is an
excellent candidate for evaluating the generated data bedauigenes the soil's resonance
characteristics and how it shapes strong motion. When a site response is investigated, ampli-
cation is observed in a frequency band negr Thus, the strong-motion data generated by a
model must exhibit similar characteristics. If the calculatgdalue for synthetic data does

not match the soil's originak value, it is inconsistent with the site and not physically valid.
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2.1.1 Calculation of the Fundamental Site Frequency

Fundamental site frequency is typically calculated empirically from the horizontal-to-vertical
spectral ratio (HVSR) analysis of ambient recordings [8] as well as earthquake recordings [9].
HVSR curves are calculated for each station using three-channel recordings from di erent
earthquakes: north-south {1C), east-west (21C), and vertical £ 1C) at the stations. First,
preprocessing of the ground motions is carried out according to the [10], which includes
baseline correction, Itering, and tapering. The Fourier Amplitude Spectra are calculated for
each componernt, 11 5°j,j 2! 5°j, andj+ 1 5°j, then the horizontal spectra are combined using
the geometric mean as shown in Equation 1.

. . P- — .
j 8= ] 1'% | 21D (1)

Konno Ohmachi is applied with a smoothing parameter b=40 to horizontal and vertical
spectra. Finally, the HVSR curve is constructed by dividing the horizontal spectra by the
vertical spectra for each frequency:
i PP

HVSR! 5° = iE 2
The peak value in the smoothed HVSR curve is identi ed according to the methodology in
[11], corresponding to the fundamental site frequency vdueFirst, all local maxima are
detected in an HVSR curve, and then one peak is selected based on a threshold. To calculate
the threshold, the geometric mean of the smoother HVSR curve is found and multiplied by
1.5 to consider the peaks 50% above the mean. The frequency value corresponding to the
largest peak above the threshold is returned as the fundamental site frequency value. Given
that seismic waves are signi cantly ampli ed at or near the fundamental site frequency, it
is critical to design structures with natural frequencies that avoid resonance with the site's
predominant frequency. A HVSR curve example is shown in Figure 2. The peak indicates the
fundamental site frequency, which is 1.69 Hz.

2.2 Architectures

In this study, we employed a variational autoencoder (VAE) model to generate new samples.
VAE models have evolved from autoencoder models, which lack generative properties. The
model consists of convolutional layers, linear layers, and deconvolutional layers, which are
explained in detail in this section.

2.2.1 Arti cial Neural Networks - Linear Layers

Arti cial Neural Networks (ANNSs) are biologically inspired computational models. Signals
in the human nervous system are transmitted using special units called neurons. A neuron
transfers the signal to the next when it reaches the necessary activation level.

There are also one or more neurons in an ANN, which are placed in layers. In a fully connected
type of ANN, each neuron in a layer is connected to all the neurons of the previous layer with
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Figure 2: HVSR curve calculated for a record from station 4628

a weight value. When an activation value is calculated for a neuron, the previous activations
of other neurons are multiplied by their associated weights and added to a constant called the
bias. For a single neuron in a linear layer, the calculation is given in Equation 3.

&
Ho=  Fofs, 1o (3

81

An input passes through the network layers, and an output is produced at the end. The
desired output and calculated value are provided as input to a loss function, and a loss value is
calculated accordingly. We want a network that outputs values close to the desired ones. Thus,
we train the network to nd the parameters that result in the minimum loss value. Di erent
types of networks exist, such as feedforward networks, convolutional neural networks, and
transformer networks.

2.2.2 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a type of arti cial neural network that utilizes
convolution operations to extract features from images. The building block for a CNN is the
Iter, or kernel, which is a grid of numbers. A lIter performs a convolution on the input
data while traversing through it. During each convolution operation, numbers in the lter
are multiplied and summed with the input's corresponding local area, whose mathematical
expression is given in Equation 4 whereand are the input data and lter, respectively.

o JN6)
. 18-®m=1. o018 -18, <—9 = 1<-0 (4)



A convolutional layer can have multiple Iter operations. During operations, the content
of each Iter remains the same for the data, a process known as parameter sharing. The
convolution operation is often followed by an activation function, which brings nonlinearity to
the model. The most used activation function for CNNs is the Recti ed Linear Unit (ReLU),
whose formula is given in Equation 5.

5@ = max0-G (5)

Using multiple lters in layers increases channel depth and the number of parameters. Pooling
techniques are used to reduce the computational workload. One of the most popular pooling
techniques is max-pooling. It is a grid-shaped lIter that takes the maximum of a local area.
The mathematical expression for the max-pooling is given below:

. 18-9= max - 18, <-9, = (6)

Deconvolutional layers are utilized to increase the spatial resolution of feature maps. Although
convolutional layers use sliding kernels on inputs to reduce dimensions by aggregating local
information, deconvolutional layers do the reverse by transforming low-dimensional represen-
tations to high-resolution outputs. With this feature, these layers are often used in decoder
parts of models, such as autoencoders, GANs, VAEs, and U-Nets. They upsample each input
element to a larger output according to the learned weights. Compared to xed interpolation,
deconvolutional layers introduce a learnable approach that yields outputs compatible with the
underlying data distribution and of higher quality.

2.2.3 Autoencoders

An autoencoder is a network consisting of an encoder that maps input data to a latent space
representation and a decoder that reconstructs the input from the latent space representation.
A complete structure of an autoencoder is given in Figure 3.

The main goal of an autoencoder is to build the original data from the compressed latent
space representations. Thus, it uses reconstruction loss during training for parameter updates.
Reconstruction loss can be de ned as the di erence between input data and the model's
reconstructions.

According to the input data and task, one can use di erent reconstruction losses:
: i
Continuous data: Mean-Squared Errot a1HB P02
. : i
Binary data: Binary-Cross Entropy 1 g1 MBlogtHP® 11 HPlog'l WY

Distribution: Kullback - Leibler Divergencé&&° = ;%G log g5

The bottleneck is a compressed and representative format of the input data. The latent space
size de nes how much data needs to be compressed. A smaller latent space is suitable for less
training time and avoiding over tting.
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Figure 3: An autoencoder network diagram

The primary issue with autoencoders is the discontinuous nature of the latent space. As a
consequence, generating new samples using interpolation or extrapolation of training data
becomes challenging. Variational Autoencoders were introduced to overcome this issue.

2.2.4 Variational Autoencoders

Similar to an autoencoder, a variational autoencoder (VAE) consists of an encoder and a
decoder network, as shown in Figure 4 [3]. A VAE is enforced to learn the probabilistic
mapping between the observed daBagnd the latent variabled)(during training, which

is given by Equation 7. Then, the obtained latent variables can be used to generate high-
dimensional data such as images, texts, or sounds. How&dr,j @ is intractable due to

the calculation of marginal likelihoo®@, 1@, which requires integration of all possible latent
variables as shown in Equation 8.

?\ 1Gj 1021]°

U@t

1

21@= 2 1gI°?1°3] (8)

(7)

Instead of computing the true posteridrtl j @, the encoder network or inference model is
trained to approximate it:
@@ UG 9

Using the inference model, we can derive the evidence lower bound (ELBO) given by [3]:

|0g 213 = E@' 1j@ »Iog N 1GY, (10)
2\ 1G9
=Egujo 10 o~ 11
atie 109 3555 (11)
_ 2169 @U@
= E@Ille’) log @1| ] @ 2.1 ] e (12)
_ 2, 1G9 @ljc
= E@ 1j@ |Og W s E@ 1je@ |Og m (13)
| {z b {z }
L\ q'@ (ELBO) KL1@ ! j&Pk?\ 1]
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The latter term in Equation 13 is called Kullback-Leibler (KL) divergence betv@géh j G
and?, !l j @, and it is always non-negative. Thus, ELBO (Equation 14), becomes a lower-
bound for the log-likelihood of the data (Equation 16).

L\ q!@=Eguje 10?7,:G-9 log@l | @ (14)
L\q!@=l0g? '@ Dy @ k2 ! jG° (15)
log?\ 1@ (16)

We can rewrite the joint distribution term in Equation 14.

log?\*1G-A=log1?\ 1GjI° ?, 1|0 a7
=log?\ *Gj1°, log?, I° (18)

Consequently, Equation 14 becomes:

L\-q'@=Eguje 10g2,1Gj1°, log?2 11° log@*l | @ (19)
= Egujo #0g?\ 1Gj 1°% Egu e log? 11° log@!l j@ (20)
= Egu e 4092\ 'Gj 1°% Dk @l j @ k? 1O (21)

VAE loss is the negative of ELBO:

Lwae@= L 4@ (22)
= Eguje 007 1G] 19% Dk @ k2 10 23)

The rsttermin the loss is reconstruction loss, which de nes how well the inputs are generated
from sampling the latent space.

The second term is the regularization loss, the KL divergence between the posterior and prior
distributions over the latent variables. Prior distribution is usually standard normal distribution
N10- ° and posterior i@l j @ =N~ 1@-f21@0,

Figure 4: A variational autoencoder network diagram
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2.2.4.1 Reparameterization Trick

A VAE maps input data to a distribution, whereas an autoencoder maps the input to a single
point in the latent space. Thus, continuity of the latent space is ensured, making it suitable for
interpolation and extrapolation. The encoder network maps the input to two vectors: A vector
of means and a vector of standard deviations.

To sample from the latent space, we need to férm vector from projected distributions.
However, sampling from the distributions directly is a non-di erentiable operation, causing a
break in the computational graph. To ensure the backpropagation property, the reparameter-
ization trick is used. A random sample from the normal distribution is taken and multiplied
by the standard deviation vector. Then, it is added to the vector of mean values as shown in
Equation refsample.

=" f Y (24)

13



14



CHAPTER 3

RELATED WORK

Advancements in deep learning have enabled data-driven approaches to be applied in various
scienti ¢ elds that require modeling complex physical processes, including seismology.
Popular models, such as variational autoencoders and generative adversarial networks, enable
learning of the underlying distributions and utilize them to generate realistic synthetic data. In
contrast to traditional methods, these models don't include any strong assumptions, extensive
parameter tuning, or expensive computational costs. For example, existing methods, such as
empirical ground motion models and physics-based simulations, often fall short in capturing
the full complexity of seismic wave elds with high frequencies [12]. In contrast, deep
generative models can extract this complexity directly from data. Existing studies have
employed these approaches to elucidate the underlying mechanisms of seismic events and
generate strong-motion data conditioned on various physical parameters, such as magnitude,
distance, or other site-de ning parameters, thereby addressing data scarcity. Building on
the previous studies presented in this chapter, this thesis places itself at the intersection of
generative Al and seismic hazard assessment by conditioning a generative model with station
IDs to generate strong motion data that accurately re ects site properties.

3.1 Strong Motion Data and Classical Ground Motion Generation

Strong motion data are time-series acceleration data captured during ground shaking caused
by earthquakes. They are collected at nearby stations to the epicenter of the events using
accelerometer-based seismographs. These devices can record high-frequency, high-amplitude
seismic waves that are responsible for damaging structures and provide critical data for as-
sessing seismic hazards and understanding how local site conditions modify ground motions.
While sensitive seismometers can't measure the shaking correctly due to the clip e ect, strong
motion sensors don't experience that and record strong shaking without any distortion, thanks
to their wide dynamic measurement range. These sensors record motion in three channels:
two horizontal (north-south, east-west) and one vertical. Thus, ground motion acceleration
in a speci ¢ direction can be separated, and the numerical analysis becomes more accurate.
Using the generated time-acceleration data, critical parameters such as PGA (Peak Ground
Acceleration), PGV (Peak Ground Velocity), PGD (Peak Ground Displacement), and response
spectrum can be calculated [10]. Internationally, projects such as PEER [13] collect thousands
of records from stations to support earthquake engineering studies. Earthquake engineers use

15



strong-motion recordings to develop ground-motion models and validate the numerical results
of simulation outputs from these models.

Classical methods can be broadly categorized into three types: empirical, semi-empirical,
and physics-based. Ground Motion Prediction Equations (GMPESs) are one of the most
straightforward methods for predicting strong ground motion. GMPEs try to determine
empirical relationships between the observed characteristics of strong-motion data and ground-
motion intensity measures. Rather than predicting the exact waveform, they attempt to assess
the magnitude of ground shaking that would occur during a signi cant event at a speci c site.
Thus, it utilizes parameters that de ne the site conditions in its equations, which are formed
using regression algorithms [4] [5].

Semi-empirical methods utilize theoretical seismology methods and observations from seismic
events. The Empirical Green's Function (EGF) technique [6] predicts a target earthquake at a
speci ¢ site using minor earthquakes that may occur before or after the mainshock. According
to this approach, minor earthquakes can be thought of as "Green Functions”, which are
practically Earth's Crust impulse responses for a speci ¢ source-receiver path. To generate
the target earthquakes, these functions are scaled and convoluted with some appropriate time
delays. Using this method enables the inclusion of complex e ects of the propagation path in
predicting ground motions.

Physics-based numerical simulations also exist, but these methods rely heavily on certain
assumptions. For example, in [14], a physics-based simulator, RSQSim, is mentioned to have
three assumptions: neglecting dynamic stress changes, simplifying the whole rate-and-state
friction law into a three-regime system that consists of stuck, nucleating, or sliding dynamically,
and assuming a constant sliding rate for the slip rate. Moreover, the same paper mentions that
this simulator requires large-scale high-performance computing (HPC) resources.

In general, empirical methods involve making simplifying assumptions that can yield practical
bene ts while analyzing a large number of scenarios to gain insights about parameters, such
as the magnitude of ground shaking. However, they often fail to simulate the variability and
complexity of the strong motion data and require high computational power. The drawbacks
of the mentioned methods highlight the potential of generative models for transforming the
complex nature of seismic waves into valuable insights, as they learn directly from the data
and have a low computational cost.
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3.2 Deep Generative Models for Strong Motion Data

Deep generative models are promising tools for creating synthetic data that learn directly from
existing data. Several model families are widely used in the literature, including Variational
Autoencoders (VAEs), Generative Adversarial Networks (GANs), Diusion Models, and
Normalizing Flows. In this section, a brief overview of their architectures and usability in the
context of seismology and strong-motion data generation is provided.

3.2.1 \Variational Autoencoders

Variational Autoencoders (VAES), introduced by [15], are potent tools for generative modeling.
The goal of training a VAE is to learn complex distributions of input data using a probabilistic
mapping encoder and decoder. The encoder part of a VAE model may consist of convolutional
neural networks [16], fully connected neural networks [17], transformers [18], or recurrent
neural networks [19].

VAE models are excellent tools for data expansion. Seismic datasets often exhibit an im-
balanced nature, resulting in the underrepresentation of certain classes. In the study [20],
researchers rst trained a VAE model using seismic waveforms without any labels to build a
meaningful latent space. Then, using examples from a class only, latent space representations
were obtained, and deep features were tted with a Gaussian Mixture Model (GMM). After
that, samples were drawn from distributions and given as input to the decoder to generate
accurate waveforms belonging to the class. Labeled samples were generated to expand the
existing dataset, which is used for the seismic waveform classi cation task, thereby improving
performance.

In[21], researchers introduced a Conditional Generative Modeling for Ground Motion (CGM-
GM) framework to generate realistic ground motion data for the unobserved locations by using

a dynamic VAE model. This model utilizes amplitude spectrograms as input for a recurrent
neural network (RNN)- based encoder to capture temporal dependencies. Moreover, condi-
tional variables such as earthquake magnitudes and depths, as well as the geospatial coordinates
of sensors and earthquakes, are incorporated into the model to include physical information.
An RNN was also used to integrate these dynamics while designing a sequential prior distribu-
tion. Model evaluation was conducted by comparing several earthquake parameters, including
peak ground velocities (PGVs), P- and S-wave arrival times, and Fourier amplitude spectrum
(FAS) curves, for di erent generation conditions. In the time domain, results showed that the
model can capture waveform shapes, PGVs, and arrival times. Similarly, the FAS values indi-
cate agreement between the observed and generated data for the evaluation in the frequency
domain.

The latent space of a VAE model can help understand the underlying mechanisms of seismic
events by using encoded representations. In [22], a VAE model was used to identify the

rupture characteristics of earthquakes with a magnitude greater than 5.5. To achieve this,
3,675 normalized earthquake source time functions (STFs), which represent the release of
energy during an earthquake, were provided as input to the model, reducing the dimension
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to 2 in the latent space. Using the compressed representations, distributions for the di erent
characteristics can be observed, and the peculiarity of some events can be identi ed.

Overall, VAEs are convenient models for our task because they can be trained with a smaller
amount of data and create a latent space that can be used to easily sample new data, which is
why we utilized a VAE-based method in this study.

3.2.2 Generative Adversarial Networks

One of the fundamental models that comes into mind when the goal is to synthesize data is
Generative Adversarial Networks (GANS), introduced by Goodfellow et al. in 2014 [23]. The
revolutionary game-theoretic setup of GANSs resulted in highly realistic outputs and introduced
a new era in the context of generative Al literature.

A GAN consists of two networks: the Generator)(and the Discriminator ().  attempts

to generate data that is as close as possible to the original distribution. It takes a random noise
sampled from the model's latent space to generate a new sample that can be realistic enough
to trick . During training, receives two samples: a real sample taken from the training
dataset and a fake one generated byilt tries to discriminate between the real sample and

the fake sample by assigning a high probability to the rst and a lower one to the second.
Eventually, the training process becomes a min-max game with two di erent networks with
opposite goals. The perfect state is a Nash equilibrium wheessigns 0.5 to the real and
generated sample.

In [24], researchers used a conditional GAN whose architecture was based on pix2pix [25].
In this model, apart from the generator and the discriminator, a classi cation network is also
used to calculate L1 loss between the authentic and generated images. Similarly, researchers
utilized a pre-trained classi cation model to extract features from both the real and generated
waveforms after applying convolutional layers. Then, the L2 norm of the di erence between
these features was calculated and added to the regular GAN loss. The generator part consists
of an encoder and decoder. The encoding output of the real seismic waves was added with
random noise to condition the generator. After training, samples were generated using the
embedding statistics of the real seismic waves. To evaluate the model's performance, the
amplitude spectra for di erent channels were visually compared. Moreover, training datasets
were augmented with synthetic samples to assess the classi cation performance on a xed
test dataset. It was found that accuracy increased from 96.84% to 97.92% when real samples
were mixed with 60% of the synthetic dataset. A higher percentage than 60 resulted in worse
performance.

In [26], researchers developed the Generative Adversarial Neural Operator (GANO) model to
address the data scarcity issue about larger earthquakes. The key contribution of this study
is the use of neural operators that enable training on data with di erent sampling rates. To
generate three-channel strong motion time histories having a frequency range of 0.1-30 Hz,
a conditional model conditioned on variables such as moment magnitueg the closest-
point-on-the-rupture to site distanceap, the time-averaged shear-wave velocity in the top

30 m (tgsg), and the style of faulting or tectonic environmefi () is used. Validation of

the generated samples was done by residual analysis of the observed intensity measures. To
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achieve this, 100 samples were generated by the model using the same conditional variables
(" £, aD%2 *tm0, and &2} as those in the observed ground motion data. The residual value
for each observation was calculated using the mean and standard deviation of the intensity
measure distribution of generated intensity measures. As a result, they concluded that the
variability of the empirical dataset and the synthetic ground-motion dataset is consistent.

Conditional GANs (cGANSs) can be combined with well-known seismology methods to gen-
erate strong motion data. In [27], a pipeline was designed that includes a cGAN network
and physics-based Generalized Inversion Technique (GIT). Their method can be divided into
two separate parts: pretraining and prediction. During pretraining, cGAN, which is adopted
from WaveGAN [28], was conditioned on magnitude {), hypocentral distance (),

and observation station codg)( ) to generate waveforms without any amplitude. On the
other hand, the GIT model was trained to separate the source, path, and site characteristics
from their Fourier amplitude spectrum, thereby obtaining amplitude characteristics. In the
prediction step, cGAN was used to generate waveforms with a realistic temporal structure but
without amplitude. Then, the GIT model provided the amplitude characteristics (mean and
standard deviation of the FAS), and the waveforms were scaled to represent site characteristics
accurately. To validate the obtained results, the generated seismograms were compared against
10,000 seismograms that were not used during training in terms of standard deviation values
of peak ground acceleration (PGASs) and duration, resulting in 0.643 and 0.346, respectively.
These values were comparable to the standard deviations observed in previous studies.

In a similar study [29], a ground motion model (GMM) based on a deep generative model was
proposed for strong-motion records in Japan. They used a cGAN model based on styleGAN2
[30] conditioned on moment magnitude, rupture distance, and detailed site conditions de ned
by the average shear-wave velocity in the top 5,10, and 28®) ¢ 10, and+(20) and the

depth to shear-wave velocities of 1.0 km/s and 1.4 krh{g @nd/ 1.4). During training, the
generator network attempted to synthesize not only accurate labels but also given labels for
conditioning. To evaluate the trained model, it was compared against empirical GMMs and
observed data. To compare with the observed data, the means and standard deviations of the
Fourier amplitude spectra (FAS) were calculated for both the observed and generated strong
motion data. It was concluded that they were consistent. Using the generated data, the 5%
damped spectral accelerations were obtained and compared with those from empirical GMMs.
It was found that the magnitude and distance scaling of the model were consistent with them,
and no signi cant residual bias was observed.

GANSs can create high- delity samples; however, their training is challenging due to instability
during training and mode collapse problems. As a result, models struggle to replicate the
variability in input distributions accurately. Regularization, the correct choice of model
architecture, and the loss function are necessary for generating physically plausible seismic
waveforms.

3.2.3 Diusion Models

Di usion models generate data from random noise by iteratively learning the reverse of a
noise perturbation process. At each step of training, the model learns to build a probabilistic
relationship between noisy data and clean data by removing noise. A stable training process
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and the ability to generate diverse outputs enable Di usion models to achieve state-of-the-art
performance in elds such as image synthesis. However, they require high computational
power due to the numerous re nement steps involved.

In [12], a di usion-based generative model was utilized for seismic wave generation. They
created latent-space representations of seismic waves using an autoencoder, which utilizes their
spectrograms as input. Conditioned on parameters such as earthquake magnitude, recording
distance, site conditions, and faulting type, a di usion model was trained to generate those
latent representations. The model can create 3-channel waveforms up to 50 Hz. Evaluation
of the generated samples was conducted by comparing the median trends and variability of
the synthetic peak amplitudes and spectral accelerations with those of the real recordings.
The results indicate that the model exhibits similar performance to empirical ground motion
models (GMMs) in terms of peak amplitudes.

The high- delity Earthquake Groundmotion Generation System (HEGGS) was introduced
by researchers in [31], which utilizes a conditional latent di usion model conditioned on
earthquake location, depth, magnitude, and recording station location to create high- delity
earthquake waveforms. Generated samples were evaluated by comparing properties such
as accurate P/S phase arrivals, envelope correlation, signal-to-noise ratio, GMPE analysis,
frequency content analysis, and section plot analysis.

3.2.4 Normalizing Flow

A normalizing ow uses invertible transforms to build a complex distribution from a base
distribution (e.g., Gaussian). Using ows results in an explicit probability density function
for the generated samples, which eliminates the need for approximations during inference.
For modeling earthquake waveform distributions, there is a need for multiple transformation
steps, which results in a high-dimensional parameter space. However, normalizing ows are
computationally restrictive due to expensive Jacobian/inversion operations and depth require-
ments, which make them "computationally infeasible” and disadvantageous for sampling
high-dimensional data" [32] [33]. Thus, there are few studies in seismology that utilize nor-
malizing ows at the time of writing for generating strong motion data; however, this is a
promising direction for future studies if the computational cost can be reduced.

3.3 Conditional Generation and Evaluation of Generated Ground Motion Data

Conditioning is necessary for generating strong motion data for a desired scenario. The
models mentioned above required the insertion of some physical context, such as earthquake
source parameters or site information, to generate proper waveforms. For example, earthquake
magnitude, depth, and coordinates were used as conditions for the CGM-GM framework, as
described in [21]. GANs and di usion models also needed to be conditioned on physical
parameters for generating realistic data, ' ap3 *+m0, TH24were used in [26]) £," w2,

and station code were used in [27],, distance, and a vector of site properties were used in
[29] and [12] had earthquake magnitude, recording distance, site conditions, and faulting type
as conditions.
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A few studies used a station-speci c identi er as a condition. [27] utilized the station code and
the HEEGS system, which employs a di usion model that incorporates station coordinates.
However, these models rely on other models, such as GIT in the same study, and additional
parameters, including earthquake location, depth, and magnitude, for the HEGGS system. In
this thesis, we aim to embed station-speci ¢ physical characteristics into a latent space by
conditioning on station IDs only.

Researchers used several techniques for the evaluation, which is critical to ensure the credibility
of the generated samples:

Statistical comparison of the intensity parameters One way to check the validity

of the generated samples is to compare the intensity measures (IMs) of the generated
records with the real ones. For example, [27] investigated the distributions of peak
ground acceleration (PGA) and waveform durations. Similarly, [12] evaluated their
results by comparing the median trends and variability of synthetic peak amplitudes and
spectral accelerations.

Metrics for the frequency-domain and waveform shape Frequency content and
durations of the waveforms are important for earthquake engineers, and they are often
used for the evaluation of generated samples. [29] used means and standard deviations
of the Fourier amplitude spectra (FAS) for the comparison between real and generated
samples. Many studies examine waveforms for correct phase arrivals. Apart from
frequency content analysis, [31] checked P/S phase arrivals, signal-to-noise ratio, and
envelope correction.

Downstream task performance A practical way to check the signals' accuracy is to use
them in a downstream task. [24] used generated waveforms to augment a classi cation
dataset to determine whether the performance improves. If the real data can be replaced
by synthetic data without a loss in accuracy, it is safe to say that synthetic data has the
representative features of real data, which was the case in their study.

To summarize, conditioned models can generate tailored waveforms for speci ¢ scenarios
or sites. However, researchers need to validate that the synthetic data has similar physical
characteristics, such as time-domain envelopes, Fourier amplitude spectra, and duration, to
the real ones. In this study, we validate our generated samples by comparing the distributions
of the fundamental site frequencies associated with the waveforms. Using fundamental site
frequencies directly for validating the generated samples is not common among studies. The
only example we could nd was [34] for simulating ground motions from the Meinong,
Taiwan, earthquake. In this study, stochastic simulation was used to generate time histories,
and Fourier spectra were calculated. The horizontal-to-vertical spectral ratios (HVSR) were
calculated for the related sites, multiplied by the synthetic Fourier spectrum, and used for the
fundamental site frequency correction of the generated waveforms.
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CHAPTER 4

METHODOLOGY

In this section, we rstintroduce the database used in this study and continue with the training
pipeline of the VAE model. The pipeline begins with a preprocessing step applied to time

waveforms to ensure they have a uniform length. Then, the short-time Fourier transform
is utilized to transform them into spectrograms. Finally, spectrograms are normalized and
become ready for training. Finally, we provide details of a two-step training process with

auxiliary techniques that make the latent space of the VAE class-aware.

4.1 Database

The data used in this study were obtained from TADAS (Turkish Accelerometric Database and
Analysis System) [35], which was developed by AFAD (Disaster and Emergency Management
Presidency of Turkey), enabling researchers to analyze strong-motion data recorded in Turkey,
and is the most comprehensive publicly available accelerometric dataset for the region. AFAD
has 1,076 stations nationwide, located in various regions with di ering soil properties, to
ensure coverage of the full range of seismic responses.

When the database was rstintroduced in 2020, it comprised 145,000 acceleration time series,
sampled at 100 Hz, for 8,700 earthquakes, along with associated event and station metadata,
including but not limited to parameters such as magnitude, epicenter coordinates, local site
conditions, and derived parameters such as PGA (Peak Ground Acceleration) or PGV (Peak
Ground Velocity). These parameters are crucial for understanding the impact of the related
events. For this study, a random sample of 36417 records from 2012 to 2016 was selected
from 714 stations for initial training to introduce diversity to the model using these data. When
we look at the descriptive statistics derived from histograms and boxplots in the Figure 5 and
Figure 6, we can get more insights about the data. Magnitudes have a median value of 3.80 and
an interquartile range (IQR) of 0.90, which shows that most of the events fall in the range of
3.4 and 4.3. On the contrary, duration values show great variability, which contains valuable
information about the rupture process. During larger earthquakes, larger sections of a fault
are ruptured and energy is released for longer, which causes longer shakes. Thus, duration
is a strongly correlated parameter with the magnitude of an earthquake and energy release.
Median duration is 80.7 seconds, and IQR is 41.98. While there are very small values like 5.49
seconds, there are extreme and possibly erroneous values such as 1463.33 seconds. Similarly,
Vs30 values, which represent sti ness conditions, have a wide range of values corresponding
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to soft soils (131 m/s) to hard rock (1862 m/s). The median value of 404 m/s and an IQR of
311 m/s show that the dataset comprises a wide variety of site classes. In the second part of
the study, 348 records from ve stations from the initial dataset were selected for ne-tuning

of the generative model to generate site-speci ¢ responses. While selecting these stations,
our criterion was nding stations with di erent soil properties to test the generative model's
ability to generate distinct classes. Thus, we found ve stations with di erent fundamental site
frequencies §). These values are calculated from mHVSR eld experiments in the related
elds. Properties for the ve stations are given in Table 1.

Table 1: Selected Stations for Fine Tuning

Station Id Location ) Number of records Percentage
2020 Tavas / Denizli 2.26 Hz 71 20.4%
4628 Afsin / Kahramanmaras 1.8 Hz 38 10.9%
0205 Kahta / Adiyaman 4.8 Hz 98 28.2%
1716 Ayvacik / Canakkale 6.4 Hz 110 31.6%
3130 Defne / Hatay 12.8 Hz 31 8.9%

Figure 5: Histograms for the used data.
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Figure 6: Boxplots for the used data.

4.2 Data Preprocessing

4.2.1 Appending Signals with Noise

The VAE model in this study utilizes amplitude and phase spectrograms of strong-motion
data as input to create new data. Due to the nature of the VAESs, a xed size is required for
input recordings. For this purpose, we discarded recordings longer than a prede ned length
(12336 123 seconds), and appended others without distorting the noise present in the signal,
resulting in 31249 usable records for this study. The reason for 123 seconds is to produce
80x160-sized spectrograms after the short-time Fourier transform operation, ensuring equality
between input and output dimensions in the VAE model. To append the signals, we created
suitable fractal noises with frequency characteristics similar to the existing noise to append to
the shorter signals according to the method given in study [36].

We extracted 2-second segments from the end of each signal to calculate the average frequency
value for the noise at the end only, also known as the spectral centroid. The frequency ampli-
tude spectrum was calculated using the Fast Fourier Transform (FFT), and only the positive
frequency values were retained. Before calculating the spectral centroid, the magnitudes of
the frequencies, except for DC and Nyquist, were doubled to account for the discarded nega-
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tive frequencies. Then, the spectral centroid value was calculated by averaging the modi ed
magnitude spectrum values as shown in Equation 25.

Spectral Centroict —& (25)
8: J' 150

After normalizing the spectral centroid value with the Nyquist frequency vajije & bandpass
Iter is formed to apply the candidate noises.

Candidate signals were created using the fractional Brownian motion (fBm) process, which
allows correlation and memory between values. The fBm process also takes the Hurst co-
e cient (H) as input. H is an indicator of the persistence of a time series. If a time series
has an H value greater than 0.5, future values tend to follow the current trend, which makes a
time series persistent. After initiating the sequence with zero values, the fBm sequence can
be formed as follows:

N10-1°

1 18 10 18 100 _p:
5 5 5 22

19 =

NI =

where:

1®: value at indexof the fBm sequence,
N1 0-1°: a standard normal random variable,

2 10-1°: the Hurst exponent controlling the smoothness and memory of the process.

Di erent signals were formed using a range of H values between 0.5 and 0.9. These signals
were Itered using the earlier bandpass lter to match the frequency characteristics of the
original signal. Then, signals were modi ed to have the same mean and standard deviation
values as the original signal. Finally, power spectral densities (PSDs) were estimated using
Welsch's method [37], and spectral centroids were calculated. The signal with the closest
spectral centroid to the original centroid was returned for appending to the original signal.
The complete algorithm ow is given in Algorithm 1. An example of a noise append operation

is given in Figure 7b.

(a) Signal before appending with noise (b) Signal after appending noise

Figure 7: E ect of appending noise to the signal
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Algorithm 1 Noise Simulation with Fractional Brownian Motion

Require: Original noiseGC, Size of expected outpeit

Ensure: Simulated noise with most similar spectral characteristics ®
1. Set samplingrateg 100
2: Find the spectral centroid of the extracted sigrake
3: Set bandpass range:

Jow 08 Heet 80— Rgh 12 HEet g2°

4: Initialize minimum di erence: min_di 1

5. for  in »05-09Ystep0:01 do

Generate  with Hurst exponent

Create bandpass lter

Simulate noiseGj,, con# —°

NormalizeGjny, to match mean and std of original data
10: Compute PSDs%gs, %&im

11: Compute spectral centroids:g, sim

12: Computedierence3d | & siml

13:  if 3 Ymin_di then

14: Update best simulated noise and optimal
15: end if

16: end for

17: return Best simulated noise

4.2.2 Creating Spectrograms

After appending signals, spectrograms were created for each seismic record. We transformed
each channel of the recordings into amplitude and phase spectrograms using the short-time
Fourier transform with a segment length of 158 and an overlap length of 80. As a result, we
constructed a 6-channel image for a single record, which includes an 80x160 spectrogram in
each channel.

We applied several methods to amplitude and phase spectrograms to make them more percep-
tually meaningful, which makes the learning process easier. Amplitude spectrograms were
transformed into a log scale using the formula:

(d8*5-G 20 log;p*(*5-C Y

where:

(15-4s the amplitude spectrogram at frequeriegnd timeC
(g1 5—40s the spectrogram in decibel scale,
log, is the base-10 logarithm,

Yis a small positive constant (.40 19 to avoidlog0®.
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Calculating the phase spectrogram using FFT results in a wrapped phase where all the values
are in the range c andc. Thus, when a value outside this range is encounteréd, is
subtracted until it resides in the range. As a result, discontinuities occur in the resulting
spectrograms.

To deal with discontinuities, we unwrapped the phase spectrograms. Let's say we have wrapped
phase valueg = »qg— q—* * * =04 The computation of unwrapped phases given below:

1. The rst step is calculating di erences between the adjacent phase spectrogram values:
==q=:1 q:_ =0—1—...—#1

2. Each di erence value is brought backtoc— ¢/range by using:
gMd=1 g_ c°modx ¢
3. Corrected phase di erences accumulated using:
61
E=do, g% =l-eee—#

:=0

Data preprocessing operations for the amplitude and phase spectrograms are visualized in
Figure 8.

(a) Amplitude spectrogram (b) Amplitude spectrogram in decibel scale

(c) Wrapped phase spectrogram (d) Unwrapped phase

Figure 8: Comparison of amplitude and phase spectrograms before and after processing
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4.2.3 Normalization

Before inputting the data into the model, both magnitude and phase spectrograms were nor-
malized to ensure a stable training process. The amplitude spectrograms were normalized
such that their values fell within the range [0, 1] using min-max normalization.

We used min-max normalization and standardization (subtracting the mean and dividing by
the standard deviation) for the phase spectrograms. The detailed comparison is given in the
Experiments section.

4.3 Training

We performed training in two stages. In the rst stage, a simple VAE model without condi-
tioning was trained on the entire dataset to gain an understanding of the data. At the second
stage, training was done using a much smaller dataset of 5 selected stations. During this phase,
conditioning based on stations was done to generate station-speci ¢ seismic records at the end.

4.3.1 Simple VAE Training without Conditioning

Using 31,249 records from 714 stations, we trained a VAE model using convolutional layers
in the encoder and transposed convolutional layers in the decoder.

First, six-channel spectrograms were normalized and then passed to the encoder. After passing
through four two-dimensional convolutional layers, the obtained features were attened and
used as input to the two linear layers, which calculate the mean and standard deviations for the
projected latent space distributions.

Using the projected mean and standard deviation values, encoding vegtaesr¢ formed
using the reparameterization trick given in Equation 24.

Formed! values with dimensions of 512 were passed to the decoder, which consists of 4
transposed convolutional layers that try to reconstruct the original data. Number 512 was
selected after experimenting with di erent numbers of dimensions, and it was the smallest
number that could e ectively represent the complex inputs. Di erent activation functions
were used at the decoder's end for various normalization techniques applied to amplitude and
phase spectrograms. The model's diagram is in Figure 9a. The loss value is calculated using
the reconstructed amplitude and phase spectrograms, and the estimated mean and standard
deviations using Equation 23. For reconstruction losses, we used the Mean Squared Error.
Training parameters are given in Table 2.

4.3.2 Conditioned VAE Training on a Custom Dataset

A VAE model architecture that uses station identi ers as input is required to generate station-
speci ¢ earthquakes. An ID (0,1,2..) was assigned to each station as mentioned in section
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Table 2: First Phase's Training Model Hyperparameters

Parameter Value

Batch size 1024

Learning rate 0.0001

Optimizer Adam [38]

Epochs 200

Loss Function !, =100 !9<? , ! 20Ba, 100 ! ,

4.1, and conditions were created using one-hot-encoded vectors of length equal to the number
of classes, which is 5. In this study, we tried two di erent conditioning methods. In the rst
method, we used conditioning only at the decoder. The one-hot-encoded vector is appended
to the encoder output vectbrand passed to the decoder.

For the second method, both the encoder and the decoder were conditioned. While the decoder
conditioning was the same as in the rst method, encoder conditioning was applied after the
convolutional layers. The one-hot encoded vector was appended to the attened output of the
last convolutional layer. The model's diagram is in Figure 9b.

Since we dont change the model's encoding mechanism in both methods, we froze the rst
model's convolutional layers and transferred them to the new model. Other layers were
ne-tuned. Training parameters are given in Table 3.

Table 3: Second Phase Training Model Hyperparameters

Parameter Value

Batch size 16

Learning rate 0.001

Optimizer Adam [38]

Epochs 200

Loss Function ! 4 =10 ! g<o s ! 2 0B4 , 25 1,

4.3.3 Latent Space Conditioning

We also used station labels to condition the latent space. When training the model without

conditioning, we attempted to encode the data into zero-mean and unit-variance distributions.
However, we used class-speci ¢ prior distributions with one-hot encoded mean vectors and

unit variance in this step to enable the model to generate outcomes representative of the
intended station. Conditioning in this step results in a class-aware latent space.

To create one-hot encoded centers, we rst created a one-hot encoded tensor with a length
equal to the number of class€$0C2 B814—=D<14A5 2;0BB4B Then, this tensor was
expanded with repetition to a vector with a shape of

110C2 B814—=D<14A5 2;0BB4B—;0C38€4=B8>==D<14A>5 2;0BB2Bnd nally
reshaped t610C2_B814—;0C438<4=B82=Since we need distinct one-hot centers, a latent
dimension that is divisible by the number of classes, which is 5, is required. Thus, the latent
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(a) VAE model without conditioning (b) VAE model with conditioning

Figure 9: Comparison of VAE architectures: (a) without conditioning and (b) with condition-
ing
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dimension size was 510 for the second training phase. The KL divergence calculation for the
loss was formalized as in Equation 26.

_ _ 10 f2 1°g °,02
KL1@I j °k?H jHo=2 = :
&
1 log— 26
gf% (26)

" @ predicted mean
logf é)' predicted log-variance
" »: prior mean for each class (e.g., one-hot center)

f 2 = 1: prior variance

4.3.4 Further Reshaping of the Latent Space

After training the model, a post-processing step, as described by Mousavi et al. [39], was
employed to enhance the station-speci c earthquake generation process. In the proposed
method, an additional loss term is introduced that penalizes the divergence between the soft
assignments of data points to class clusters and a target distribution derived from these soft
assignments.

First, we used the trained model from the previous step to obtain the encoding vectors for the
data points. Then, we calculated the class cluster centers by taking the mean of the members'
representations. Another training was done using these centers. In each step, encodings were
obtained, and membership probabilities were calculated using the initial cluster centers, as
shown in Equation 27.

_ M klg Tkt

=1 27
9 o'l klg S gk2o 1 (27)

where;:

@g¢ Soft assignment probability of poihgto cluster9.
I Encoding vector of th&th data point.

" o. Center of9th cluster.

Using these soft assignment probabilities, target assignment probabilities that sharpen the
cluster assignments were calculated as shown in Equation 28.
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(28)

Finally, the loss term was calculated by the KL divergence between soft assigntnants
the target distributiofb6using Equation 29.

60 ?89
L, = KL1%k&° = ?gdog @ (29)
8 9 B

This loss term was added with a coe cient to the original VAE loss for balanding-o.=

I, , 100 !,. Training parameters are given in Table 4. To understand the overall e ect

of latent space reshaping techniques, t-SNE is used to visualize the model's latent space.
Before-and-after scenarios from Figures 10 and 11 show that techniques used for reshaping
enabled a latent space in which class clusters are clearly visible.

Table 4: Post Training Model Hyperparameters

Parameter Value

Batch size 16
Learning rate 0.0001
Optimizer Adam [38]
Epochs 50

Loss Function ! =1, 100 !>

Figure 10: Model's latent space before reshaping techniques
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Figure 11: Model's latent space after reshaping techniques
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CHAPTER 5

EXPERIMENTS

This section begins with an introduction to the evaluation method used to assess the validity
of generated samples, which is based on the calculation of fundamental site frequency values.
Then, designed experiments are provided that focus on capturing the best method for data
representation, model conditioning, and sampling space representation.

5.1 Evaluation Method

Using the nal model, we generated 50 seismic records for each station. A random vector
sampled from a normal distribution was added to the station-speci c mean vector for a

generation. Then, this vector was appended with a one-hot encoded vector identifying the
seismic station and given as input to the decoder of the nal model.

The decoder's output is a six-channel spectrogram image. To build the HVSR curves and

perform the site-frequency calculation, we needed to convert the spectrograms back to time-
domain signals. First, we denormalized the amplitude and phase spectrograms. Secondly,
we transformed the amplitude spectrograms back from the log scale. Finally, corresponding

amplitude and phase spectrograms were multiplied, and time signals were obtained using the
inverse short-time Fourier transform.

HVSR curves were formed using the time signals, and fundamental site frequency values for
each generated seismic record were calculated.

5.1.1 Forming Fundamental Site Frequency Distributions and Comparison

We compared the site frequencies of the generated signals with the fundamental site frequencies
calculated from real records using the KL Divergence. Thus, we converted frequencies to
probability distributions by forming histograms and normalizing them. For histograms, we
used xed bins spaced evenly on a log scale from 1 to 20. For di erent distribufiearsdé&,

we calculated the divergence using Equation 30 since the KL divergence is not a symmetric
operation.

8E4A64=24 05 KL%k&° 6 05 KL&k%® (30)
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For the identical distributions, we used a di erent method. First, frequencies were shu ed, and
two sets of values were sampled. Distributiétesnd& were calculated using new sets, and the
divergence value was obtained using Equation 30. This operation was performed 10 times, and
the mean value was presented as the nal result for comparing identical distributions. After
all the comparisons, the KL divergence values of the distributions were displayed in a matrix,
where the rows and columns included the generated and real fundamental site frequency
distributions for the stations.

5.1.2 Scoring the Obtained Matrices

To evaluate a result matrix numerically, we needed to create an ideal matrix, as shown in 12,
representing the perfect model's behavior. In such a scenario, we would expect it to generate
samples for the desired station that have the exact fundamental site frequency distribution as the
real distribution, resulting in a minimum KL divergence. Moreover, we would expect it to have

a maximum divergence value when its generated samples are compared to the distributions
of other stations. Thus, we formed a matrix with a minimum KL divergence value (0) when
comparing cases where two distributions are identical or have a pair of generated and real. For
all the other cases, we used a signi cant divergence value (22). For example, if we examine the
rst row of 12, for the real site frequency distribution of station 4628, we observe the desired
divergence values when compared to the distribution values of other stations. When compared
with its own distribution and the generated distributioga] 4628 , gen_ 4628 ), we aim

for a minimum divergence value of 0. Moreover, when compared to other stations with
di erent station codes, we want a maximum divergence, which is determined to be 22. After
that, we used normalized 2D cross-correlation between the ideal matrix and the result matrices
to calculate the score.

5.2 Analyzing Normalization Technique for the Phase Spectrograms

Creating accurate time signals from generated spectrograms emphasizes phase spectrograms,
as they encode temporal structure [40]. Two di erent normalization techniques were ex-
perimented with: Min-max normalization and standard normalization. Since we are using
min-max normalization for magnitude spectrograms, we needed to separate the loss calcula-
tion for the phase spectrograms for the standard normalization case, since it results in larger
loss values after mean squared error. Moreover, no activation function was used.

5.3 Inserting Method for the Station Conditions

After creating the one-hot-encoded vectors for station ID-based conditions, we attempted two
methods for inserting them into the model. First, conditions were concatenated to the related
parts of the encoder and decoder.

For the second method, the encoder part was conditioned as in the rst method, but a condition
was formed and added to the decoder part. To achieve this, one hot-encoded vector was passed
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Figure 12: Matrix for ideal situation, real and gen identi es the original and generated
fundamental site frequency distributions for stations 4628, 2020, 1716, 3130, 0205.

through a linear layer, resulting in a vector of the same length as the latent space dimension,
and then added to the encoding output after the parameterization trick.

5.4 Latent Space with Class-speci c Prior Distributions

We investigated the e ects of latent space conditioning in this study, whose details were given
in Section 4.3.3. Two models were trained using both with and without class-speci ¢ prior
Distributions, along with their corresponding KL Divergence losses.

5.5 Condition Insertion to Di erent Parts of the Model

Condition insertion into the decoder part is necessary to create station-speci ¢ earthquake
data at the end. We investigated the case where station conditions are also used for the encoder
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part before calculating the mean and variance vectors for the latent space. To achieve this, the
attened encoder output is concatenated with the station conditions and passed to the linear
layers, which calculate these vectors.
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CHAPTER 6

RESULTS AND DISCUSSIONS

Using the generated strong motion data and the real data, fundamental site frequencies were
calculated and presented as histograms for the experiments. These experiments analyzed the
insertion method for station conditions, the normalization technique for phase spectrograms,
the insertion of conditions into di erent parts of the model, and the latent space with class-
speci c prior distributions. Then, one-by-one divergence calculations were performed between
stations after obtaining probability distribution functions from histograms. A matrix gave these
values. Moreover, sampled amplitude and phase spectrograms from the latent space of the
nal models were presented, along with the corresponding strong-motion data obtained by
inverse short-time Fourier transform. Finally, the divergence matrices were compared to the
ideal case presenting matrix to evaluate the numerical validity of the generated strong motion
data.

6.1 Method 1 - Analyzing Condition Concatenation

6.1.1 Setup

In this method, the model's encoder and decoder were conditioned with concatenation. Class-
speci ¢ prior distributions for the latent space were ensured, and standard normalization was
used for the phase spectrograms.

6.1.2 Fundamental Site Frequency Distribution Comparison

Obtained histograms and divergence matrix by the model de ned by Method 1 are given in
Figures 13 and 14 respectively. From Figure 13, we can see that for the stations 1716, 2020,
3130, and 4628, the generated dominant fundamental site frequency values match the ones of
the real distributions. However, for station 0205, although there is a clear dominant frequency
at 2.5 Hz, the model was able to produce time waveforms with 2.5 Hz only once. We can say
that for all the stations, the generated range of frequency values was consistent with the real
range of frequency values.
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Station 3130 Station 2020 Station 1716 Station 0205

Station 4628

Fundamental Site Frequency Fundamental Site Frequency
Histogram for Generated Data Histogram for Real Data

Figure 13: Fundamental site frequency histograms for real and generated data.
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Figure 14: Result matrix for Method 1, real and gen identi es the original
and generated fundamental site frequency distributions for stations.

The darker boxes indicate low divergence, hence greater resemblance between the compared
fundamental site frequency distributions. From Figure 14, we can see that real and generated
distributions of stations with ids 4628, 2020, 1716, 3130, and the distribution of the real
samples of 0205 have the top 2 greatest similarity with either their own real or generated
distributions. However, for the case generated distribution for 0205, we have the smallest
divergence value for the generated samples of station 4628, which is not an ideal behaviour.
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6.1.3 Example Sampled Spectrograms Using the Model and Corresponding Strong
Motion Data

Example generated spectrograms and corresponding strong motion data by the model de ned
by Method 1 are given in Figure 15. Spectrograms seen in this gure were created using the
sampling utility of the VAE model with proper station conditions. For example, in the rst

row, we can see the generated amplitude and phase spectrograms for a single channel of the
station 0205, along with the time history obtained by applying the inverse short-time Fourier
transform to these spectrograms.

Sampled Amplitude Sampled Phase Sampled Strong Motion
Spectrogram Spectrogram Data

Station 4628 Station 3130 Station 2020 Station 1716 Station 0205

Figure 15: Example sampling amplitude, phase, and strong motion data across ve stations.
Each row corresponds to a di erent station.
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