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Resumen

La estimación precisa y rápida de deslizamiento cosísmico es esencial para comprender
los terremotos y optimizar los sistemas de alerta temprana. En este trabajo, se
presenta una metodología basada en redes neuronales para estimar distribuciones de
deslizamiento cosísmico, utilizando datos sintéticos de GNSS para un entrenamiento
robusto. Este enfoque se distingue por su alta eficiencia computacional, logrando
estimaciones de la distribución del deslizamiento en solo 0.07 segundos. Validado
con datos reales del terremoto de Illapel de 2015 (Mw 8.3), el modelo demostró una
notable precisión. Además, se analizan diversos hiperparámetros y condiciones de
los datos, evaluando el desempeño del modelo e identificando oportunidades para
optimizar su rendimiento en el futuro.
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Capítulo 1

Introducción

1.1. Introducción

La tectónica de placas, a través de la acumulación y liberación de esfuerzos, es

responsable de los terremotos más poderosos de la Tierra, especialmente en zonas

de subducción. Estas zonas, donde una placa tectónica se desliza por debajo de

otra, tienen el potencial de generar terremotos tsunamigénicos devastadores, como

el terremoto de Sumatra-Andamán de 2004 (Mw 9.1) (e.g., Okal and Stein, 2009;

Lay et al., 2005; Chlieh et al., 2007) y el terremoto de Tohoku de 2011 (Mw 9.0)

(e.g., Fujii et al., 2011; Ozawa et al., 2012; Tajima et al., 2013). En estos márgenes

convergentes, la energía elástica se acumula durante décadas o siglos, siendo liberada

en gran parte durante terremotos en la porción somera de la interfaz de subducción.

Chile es una región altamente activa sísmicamente (e.g., Cisternas et al., 2017), donde

han ocurrido algunos de los terremotos de mayor magnitud registrados, a lo largo de

la zona de subducción donde la placa de Nazca subduce bajo la placa Sudamericana

a una tasa de 66 mm/año (Altamimi et al., 2016). Eventos recientes destacados en

este margen incluyen el terremoto de Valdivia de 1960 (Mw 9.5) (e.g., Barrientos

and Ward, 2007; Fujii and Satake, 2012; Lorenzo-Martín et al., 2006), el terremoto

de Maule de 2010 (Mw 8.8) (e.g., Moreno et al., 2010, 2012; Bedford et al., 2013;

Delouis et al., 2010), el terremoto de Iquique de 2014 (Mw 8.2) (e.g., Duputel et al.,

2015; Jara et al., 2018; Meng et al., 2015) y el terremoto de Illapel de 2015 (Mw 8.3)

(e.g., Melgar et al., 2016; Tilmann et al., 2015; Heidarzadeh et al., 2015).

En las últimas décadas, el uso de estaciones del Sistema Global de Navegación por
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Satélite (GNSS) ha mejorado signi�cativamente la observación de desplazamientos

super�ciales intersísmicos y cosísmicos, avanzando en la comprensión de la dinámica

de los terremotos. A medida que las estaciones GNSS se han vuelto más comunes a

nivel global, ahora ofrecen mediciones de alta resolución de la deformación cortical,

especialmente en zonas de subducción, permitiendo identi�car características y

comportamientos de grandes terremotos de cabalgadura (e.g., Ruegg et al., 2009;

Chen et al., 2015; Luo et al., 2020). La estimación de deslizamiento cosísmico de

los terremotos es esencial para comprender las mecánicas subyacentes, incluyendo

la liberación de energía, la redistribución de esfuerzos y la dinámica de fallas.

Esta comprensión es vital para evaluar el riesgo sísmico, desarrollar estrategias

de mitigación e informar esfuerzos de respuesta rápida (Iinuma et al., 2012).

Los enfoques comunes para estimar deslizamiento cosísmico implican la construcción

de un modelo directo lineal a través de la generación de funciones de Green basadas

en dislocaciones elásticas (e.g., Okada, 1985; Nikkhoo and Walter, 2015). A pesar

de la linealidad del modelo directo, la estimación del deslizamiento cosísmico sigue

siendo un problema inverso complejo y mal condicionado, caracterizado por soluciones

no únicas. Existen dos enfoques extremos para abordar este problema inverso. El

primero, conocido como el enfoque de optimización, se centra en encontrar una

solución que minimice un término de ajuste de datos y un término de regularización,

este último utilizado para de�nir información previa que estabilice la solución (e.g.,

Harris and Segall, 1987; Ortega-Culaciati et al., 2021). El segundo es un enfoque

bayesiano, donde se muestrea un conjunto de modelos a partir de una distribución

de probabilidad posterior del deslizamiento (e.g., Minson et al., 2013; Duputel et al.,

2014).

Con el avance de la tecnología y la proliferación de grandes volúmenes de datos,

los algoritmos de Machine Learning (ML) han tomado un papel importante en

problemas sismológicos. Avances recientes incluyen: la aplicación de técnicas de Deep

Learning para detectar terremotos de baja frecuencia (Münchmeyer et al., 2024),

eliminar ruido de datos HR-GNSS (Thomas et al., 2023), identi�car automáticamente

eventos de deslizamiento lento (Donoso et al., 2021), analizar tectónica a través del

agrupamiento de velocidades intersísmicas de estaciones GNSS (e.g., Yáñez-Cuadra

et al., 2023) y estimar acoplamiento intersísmico mediante aprendizaje supervisado

(Barra et al., 2024). En este estudio, proponemos un nuevo enfoque para estimar

deslizamiento cosísmico utilizando redes neuronales arti�ciales, donde de�nimos
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información previa del deslizamiento a través de las características del conjunto de

entrenamiento, de manera similar a Barra et al. (2024), para mejorar la estabilidad y

abordar la complejidad del problema inverso mal condicionado. Nuestro modelo se

entrena utilizando un conjunto diverso de escenarios sísmicos sintéticos, diseñados

para re�ejar una amplia gama de comportamientos de deslizamiento en fallas.

Una vez entrenado el modelo, evaluamos su efectividad en un escenario real estimando

el deslizamiento cosísmico del terremoto de Illapel, Chile, ocurrido el 16 de septiembre

de 2015 (Mw 8.3). Este terremoto, ampliamente percibido en la región, afectó

un amplio segmento de la zona de subducción del centro de Chile a las 22:54:31

(UTC). Restringimos la distribución del deslizamiento utilizando desplazamientos

cosísmicos GNSS disponibles en Klein et al. (2017). Además, realizamos un análisis de

sensibilidad sobre diferentes hiperparámetros y condiciones de datos que impactan el

rendimiento de la red neuronal. Este análisis es crucial para demostrar la sensibilidad

de nuestro modelo a distintas con�guraciones y optimizar su desempeño. Para validar

nuestra metodología, la comparamos con la técnica tradicional de inversión por

mínimos cuadrados regularizados, identi�cando y evaluando las diferencias en el

desempeño entre ambos métodos.

1.2. Propósito de la tesis

En este trabajo se propone un modelo basado en redes neuronales para estimar

distribución de deslizamiento cosísmico. El modelo se entrena utilizando datos

sintéticos y se valida posteriormente con datos reales del terremoto de Illapel de

2015. Además, se analiza cómo distintos hiperparámetros y condiciones de los datos

in�uyen en el rendimiento del modelo.

1.2.1. Objetivos de investigación

1.2.1.1. Hipótesis de investigación

Hipótesis principal: El modelo propuesto de redes neuronales puede estimar

correctamente distribución de deslizamiento cosísmico a partir del entrenamiento con

datos sintéticos de estaciones GNSS.

Hipótesis alternativa: El modelo propuesto no logra estimar adecuadamente

distribución de deslizamiento cosísmico, mostrando errores signi�cativos en
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comparación con los métodos tradicionales.

1.2.1.2. Objetivo general

Desarrollar y validar un modelo de red neuronal para estimar distribución del

deslizamiento cosísmico a partir de datos sintéticos, y aplicar dicho modelo a un caso

real utilizando datos del terremoto de Illapel de 2015.

1.2.1.3. Objetivos especí�cos

1. Desarrollar un conjunto de datos sintéticos de deslizamiento cosísmico y

desplazamientos en super�cie utilizando modelos de dislocación elástica.

2. Entrenar un modelo de red neuronal utilizando los datos sintéticos generados

para estimar deslizamiento cosísmico.

3. Validar el modelo de red neuronal aplicándolo a datos reales del terremoto de

Illapel, y comparar los resultados con otros estudios del terremoto.
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Capítulo 2

Manuscrito

Application of neural networks for estimating

coseismic slip distribution using synthetic GNSS data

V. Inzunza1, M. Moreno2, V. Yáñez-Cuadra3, F. Ortega-Culaciati4, I. Calisto1, M.

Miller 1

1Departamento de Geofísica, Universidad de Concepción, Chile
2Departamento de Ingeniería Estructural y Geotécnica, Ponti�cia Universidad

Católica de Chile
3TerraSur Geofísica, Concepción, Chile

4Departamento de Geofísica, Facultad de Ciencias Físicas y Matemáticas,

Universidad de Chile

Abstract

Estimating coseismic slip accurately and rapidly is crucial for understanding seismic

events and improving early warning systems. In this study, we introduce a novel

methodology using neural networks to estimate coseismic slip, using synthetic GNSS

data for robust training. This approach showcases remarkable computational e�ciency,

with the model delivering accurate slip distribution predictions in just 0.07 seconds,

without the need for specialized hardware. Validated with real-world data from the

Mw 8.3 Illapel earthquake, the model demonstrated its e�ectiveness. Additionally, our
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exploration of hyperparameters and data conditions not only evaluates the model's

current performance but also identi�es opportunities for future improvements.

2.1. Introduction

Plate tectonics, through the accumulation and release of strain, is responsible for the

most powerful earthquakes on Earth, especially within subduction zones. These zones,

where one tectonic plate slides under another, have the potential to cause devastating

tsunamigenic earthquakes, such as the 2004Mw 9.1 Sumatra-Andaman earthquake

(e.g., Okal and Stein, 2009; Lay et al., 2005; Chlieh et al., 2007) and the 2011Mw

9.0 Tohoku earthquake (e.g., Fujii et al., 2011; Ozawa et al., 2012; Tajima et al.,

2013). In these convergent margins, elastic strain energy builds up over decades or

centuries, with a signi�cant fraction being subsequently released during earthquakes

within the shallow part of the subduction interface. Chile is a highly active seismic

region (e.g., Cisternas et al., 2017), where some of the largest-magnitude earthquakes

ever recorded have occurred along the subduction zone where the Nazca Plate goes

beneath the South American Plate at a rate of 66 mm/year (Altamimi et al., 2016).

Notable recent events at this margin include the 1960Mw 9.5 Valdivia Earthquake

(e.g., Barrientos and Ward, 2007; Fujii and Satake, 2012; Lorenzo-Martín et al., 2006),

the 2010Mw 8.8 Maule Earthquake (e.g., Moreno et al., 2010, 2012; Bedford et al.,

2013; Delouis et al., 2010), the 2014Mw 8.2 Iquique Earthquake (e.g., Duputel et al.,

2015; Jara et al., 2018; Meng et al., 2015) and the 2015Mw 8.3 Illapel Earthquake

(e.g., Melgar et al., 2016; Tilmann et al., 2015; Heidarzadeh et al., 2015).

Within the past few decades, the use of Global Navigation Satellite System (GNSS)

stations has signi�cantly improved the observation of both interseismic and coseismic

surface displacements, advancing our understanding of earthquake dynamics. As

GNSS stations have become more widespread globally, they now provide high-

resolution measurements of crustal deformation, especially in subduction zones,

allowing us to identify the characteristics and behaviors of large megathrust

earthquakes (e.g., Ruegg et al., 2009; Chen et al., 2015; Luo et al., 2020). Estimating

coseismic slip of earthquakes is essential to comprehending the underlying mechanics,

including energy release, stress redistribution, and fault dynamics. This understanding

is vital for seismic risk evaluation, developing mitigation strategies, and informing

rapid response e�orts (Iinuma et al., 2012).
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Common approaches for estimating coseismic slip involve constructing a linear forward

model through the generation of Green's functions based on elastic dislocations (e.g.,

Okada, 1985; Nikkhoo and Walter, 2015). Despite the linearity of the forward

model, estimating coseismic slip remains a complex and ill-posed inverse problem,

characterized by non-unique solutions. There are two end-member approaches to deal

with the inverse problem. The �rst, known as the optimization approach, focuses on

�nding a solution to the inverse problem that minimizes a data mis�t term and a

regularization term, the latter used to de�ne prior information that stabilizes the

solution (e.g., Harris and Segall, 1987; Ortega-Culaciati et al., 2021). The second

is a Bayesian approach, where an ensemble of models is sampled from a posterior

probability distribution of slip (e.g., Minson et al., 2013; Duputel et al., 2014).

With the advance of technology and the proliferation of big data, Machine Learning

(ML) algorithms have taken on a signi�cant role in seismological problems. Recent

progress includes the application of deep learning techniques for detecting low-

frequency earthquakes (Münchmeyer et al., 2024) and denoising HR-GNSS data

(Thomas et al., 2023), as well as the automatic identi�cation of slow slip events

(Donoso et al., 2021), tectonic analysis through the clustering of interseismic velocities

from GNSS stations (e.g., Yáñez-Cuadra et al., 2023) and estimation of plate interface

locking using supervised ML (Barra et al., 2024). In this study, we propose a novel

approach to estimate coseismic slip by employing arti�cial neural networks, where

we de�ne prior information on slip through the characteristics of the training set �

in a similar manner as Barra et al. (2024) � to improve stability and deal with the

complexities of the ill-posed inverse problem. Our model is trained using a diverse

set of synthetic earthquake scenarios, designed to re�ect a wide range of fault slip

behaviors.

Once the model is trained, we evaluate its e�ectiveness in a real-world scenario

by estimating the coseismic slip of the September 16, 2015 (Mw8;3) Illapel, Chile,

earthquake. Widely felt across the region, this earthquake shook a broad segment

of the central Chilean subduction zone at 22:54:31 (UTC). We constrained the slip

distribution using GNSS co-seismic displacements available from Klein et al. (2017).

Furthermore, we conduct a sensitivity analysis on di�erent hyperparameters and

data conditions that impact the performance of the neural network. This analysis

is crucial for demonstrating the sensitivity of our model to di�erent settings and

optimizing its con�gurations. To validate our methodology, we compare it with the
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traditional Regularized Least Squares inversion technique to identify and evaluate

the di�erences in performance between these two methods.

2.2. Methods

2.2.1. Synthetic GNSS data

We used the SLAB2.0 geometry de�ned by Hayes et al. (2018) to represent

the subduction megathrust fault interface. This geometry is discretized into a

triangular mesh consisting of 1002 elements across Cartesian coordinates ranging

from approximately 29°S to 33°S along the Chilean coastline, corresponding to the

area impacted by the Illapel earthquake. Green's functions, for modeling the surface

displacements due to subsurface slip, are derived using theTDdispHS triangular

dislocation model by Nikkhoo and Walter (2015).

For the generation of synthetic earthquakes, we adapted the code developed by

Agnew (2013), originally designed to simulate synthetic GNSS time series for slow

slip events, to incorporate a representation of surface displacements associated with

earthquakes slip distributions. For simulating coseismic slip, we employed a linear

forward model to relate coseismic slip on the fault interface, along both the strike

and dip components, to the GNSS surface displacements. The synthetic dataset was

generated at the positions of the 107 continuous GNSS stations provided by Klein

et al. (2017), which include daily and survey data.

Synthetic earthquake slips are modeled as elliptical sources, with randomly generated

characteristics to closely mimic real earthquake behaviors. The ellipse dimensions are

set within speci�c ranges, while slip magnitudes are assigned within prede�ned limits.

Rake angles are based on typical values observed in Chilean seismic subduction

events, and Gaussian noise is added to the calculated surface displacements to re�ect

the standard deviation of the errors reported by GNSS stations. These synthetic

earthquakes, with magnitudes ranging from approximatelyMw 7 to Mw 9, have spatial

extents that fall within the mesh dimensions. The ranges used for the properties of

these synthetic earthquake sources are detailed in Table 2.2.1.

After training our model, we employed Monte Carlo error propagation to estimate

uncertainties arising from measurement errors, which were assumed to follow

independent Gaussian distributions with standard deviations based on actual
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Properties Minimum Maximum
Slip (m) 5 20
Rake (°) 80 100
Length (km) 30 300

Cuadro 2.2.1: Properties of synthetic earthquake slips and ellipses: This table
summarizes the minimum and maximum values for slip magnitude, rake angle, and
length extent.

measurements. To assess these uncertainties, we generated 50,000 data realizations,

a slightly larger number than that used by Barra et al. (2024).

2.2.2. Least Squares Inversion

For the quasi-static slip estimation problem, a linear relationship between observed

data (d) and model parameters (m) is often represented as the forward model:

d = Gm (2.2.1)

where the Green's functionG, de�nes a mapping from model parametersm into

observable datad vector spaces. Thus, allowing us to predict the data for a particular

model m. The inverse problem, deals with the estimation of values ofm, given

experimental observationsd and their relation de�ned by the forward model (e.g.,

Menke, 1989; Tarantola, 2005; Aster et al., 2013).

Among the various inversion techniques that can be applied to estimate a slip

distribution, the Least Squares method is widely utilized due to its simplicity and

ease of uncertainty quanti�cation, as has an analytical solution for the estimated

model and the covariance matrix representing its uncertainties. This method aims

to �nd the model parametersm that minimize the sum of the squared di�erences

between the observed data and their prediction by the forward model (Lawson

and Hanson, 1974). As slip inversion is known to be a highly ill-posed problem, a

regularization term is often added to the objective function of the Least Squares

problem. In most cases, slip inversion relies in solving the Least Squares problem

with Tikhonov Regularization,

m��n
m

kW d (Gm � d)k2
2 + "2kHm k2

2 (2.2.2)

whereW d is a weight matrix such that W >
d W d = C � 1

d , Cd is the covariance matrix
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of the observed datad, H is a regularization operator, and" is a regularization

parameter that needs to be determined using a model class selection technique (e.g.,

Craven and Wahba, 1979; Hansen and O'Leary, 1993). The solution of 2.2.2 can be

written as,

em = ( GT C � 1
d G + "2H > H )

� 1
GT C � 1

d d (2.2.3)

gCm = ( GT C � 1
d G + "2H > H )

� 1
(2.2.4)

where em is the estimated model parameters andgCm the covariance matrix

representing the uncertainties of the estimated model parameters. As a typical

choice (e.g., Lohman, 2004; Delouis et al., 2010; Awaluddin et al., 2012; Tung and

Masterlark, 2016; Yáñez-Cuadra et al., 2023), we useH = r 2, a Laplacian operator,

to de�ne a slip smoothing constraint, aimed to deal with the inherent instability

of the slip inversion. We refer the reader to Ortega-Culaciati et al. (2021) and

references therein, for further details on the Linear Least Squares method and on

the e�ectiveness of the variety of regularization types that can be de�ned to deal

with the inherent instabilities of the quasi-static slip estimation problem.

2.2.3. Arti�cial Neural Networks

Arti�cial Neural Networks (ANN) are a type of Machine Learning (ML) methods

inspired by the human brain structure. ANN mimic the way neurons communicate

with each other, aiming to solve problems in a manner similar to human cognitive

processes.

These networks are structured in layers, each �lled with a number of neurons.

Typically, a neural network includes three interconnected layers: an input layer, one

or more hidden layers, and an output layer. The input layer receives the data, and

the hidden layers process the data through a series of computations, allowing the

network to extract patterns and features from the input. Finally, the output layer

delivers the �nal result, emulating a streamlined �ow of information similar to neural

pathways in the brain (e.g., Wang, 2003; Goodfellow et al., 2016).

During training of the neural network, an optimization algorithm iteratively adjusts

its internal parameters (neurons weights and biases) to minimize a loss function.

Typically, the totality of the training data, splitted into batches, pass multiple

times through the network, with each complete cycle called an epoch. During each
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epoch, the network makes predictions and then adjusts the neuron connection

weights and biases based on the di�erences between predicted and actual outcomes;

this adjustment is accomplished through a method known as backpropagation

(Yegnanarayana, 2009). In the context of our study, we train the model to predict

earthquake slip distributions, using synthetic earthquake scenarios, where surface

crustal displacements at the location of GNSS sites and their causative fault slip

distribution are initially provided. This allows the network to learn the relationship

between the surface crustal displacements and the causative fault slip distribution.

After training, the model can predict fault slip distributions from new displacement

data it has not previously seen.

The architecture of our preferred model is straightforward, consisting of just one

hidden layer with 100 neurons, alongside the input and output layers. The input layer

receives surface crustal dispalcements at the location of GNSS sites, and the output

layer predicts quantities that will be later translated into a fault slip distribution. To

prevent over�tting, a dropout layer with a 35 % rate is implemented between the

hidden layer and the output layer.

We employed dense layers in which each neuron connects to every neuron in both the

previous and subsequent layers. For the activation function in the hidden layer, we

used the GELU (Gaussian Error Linear Unit) function (Hendrycks D., 2016), which

serves as a smoother alternative to ReLU (Krizhevsky et al., 2012). This function

introduces probabilistic elements derived from the Gaussian distribution, making it

particularly e�ective for more complex models where smoother outputs are bene�cial.

GELU is mathematically de�ned as:

GELU(x) = x P (X � x) = x �( x): (2.2.5)

where� ( x) represents the cumulative distribution function of the Gaussian. This

function e�ectively weights the input x by the likelihood of x being less than or

equal to itself under a standard Gaussian distribution. This non-linear activation

helps the function to gradually adjust the outputs. For the output layer, we used the

sigmoid function, a widely used non-linear activation function. The sigmoid function

transforms the values into the range from 0 to 1. It can be de�ned as:

Sigmoid(x) =
1

1 + e� x
: (2.2.6)
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The model was implemented and trained using theTensorFlow library (Abadi

et al., 2015), a widely used framework for building and training machine learning

models. The training process consisted of 10 epochs with 300,000 synthetic cases. We

partitioned the dataset into two main subsets: 80 % for training and 20 % for testing.

Furthermore, from the training subset, 10 % was allocated for validation.

Before training, the data were normalized using min-max scaling to ensure that all

values fell within the 0 to 1 range, thereby optimizing the e�ciency of the learning

process. After training, the neural network's output was rescaled using the same

parameters that were applied during the initial scaling process. To evaluate the

model's e�ectiveness, we used the Root Mean Squared Error (RMSE) and the Mean

Absolute Error (MAE) as performance metrics, de�ned as follows:

RMSE =

vu
u
t 1

n

nX

i =1

(yi � ŷi )
2; (2.2.7)

MAE =
1
n

nX

i =1

jyi � ŷi j ; (2.2.8)

whereyi and ŷi represent the actual and predicted slip values, respectively, andn is

the total number of samples. The Mean Squared Error (MSE), de�ned as

MSE =
1
n

nX

i =1

(yi � ŷi )
2 ; (2.2.9)

served as the loss function, measuring the di�erences between the slip predicted by

the network and the actual values of slip in the training set. We used theAdam

(Kingma and Ba, 2014) optimizer to �nd the optimal weights and biases of the neural

network model.

2.3. Results

2.3.1. Synthetic case

Initially, we tested our model on the synthetic cases we developed. The model

demonstrates the capability to capture the coseismic slip, aligning closely with the
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anticipated magnitudes, with minor discrepancies in the slip distribution (as shown

in Fig. 2.3.1). The predicted slip tends to be smaller and more concentrated in the

center. This pattern, which appears consistently across all synthetic cases, indicates

a slight underestimation in the slip distribution. The mean RMSE for the GNSS

displacements of the synthetic cases is 0.13 m, while the mean MAE is 0.06 m.

Figura 2.3.1: Example of a synthetic case: (a) Slip distribution with displacement
vectors shown in yellow for a synthetic scenario; magnitude and RMSE details
displayed in the bottom right; (b) Model prediction for the synthetic case; (c)
Residuals and slip di�erences for the presented synthetic case.

2.3.2. Illapel case

Using our preferred model to estimate the coseismic slip of the Illapel earthquake

(Figure 2), we found that the main event's slip distribution spans from 30.3°S to 31.9°S

in latitude and from 72.6°W to 71.1°W in longitude. The peak coseismic slip reached

9 meters, with an along-strike rupture length of approximately 177 km (Figure 2.3.2).

The slip distribution yields a geodetic seismic moment ofM o = 3;35 � 1021 Nm,

equivalent to anMw = 8;32 earthquake.

Regarding the GNSS displacement vectors in the horizontal components, they are

generally well-recovered from the original data but are slightly more oriented towards

the south and larger than expected. Similarly, the vertical components are accurately

captured but also appear slightly larger than anticipated, as shown in Figure S1.

Despite these discrepancies, the overall recovery of the displacement vectors is notably

accurate in both components. For the horizontal components, the average residual is

3.5 cm, while for the vertical components, it is 1.6 cm, which we consider acceptable
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given the maximum displacement values of approximately 2 meters.

Figura 2.3.2: Estimated coseismic slip distribution for the Illapel earthquake using
our preferred model, showing displacement vectors. Predicted vectors are in red,
observed vectors are in black, and 95 % con�dence intervals are included as red
ellipses to illustrate the uncertainties in the model's predictions.
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2.3.3. Analysis of impact of hyperparameters and data

conditions

In this section, we demonstrate the impact of both model hyperparameters and

experimental conditions on the estimation of coseismic slip for the Illapel case. To

ensure a consistent comparison, we maintained the same data volume and architecture

across all models, modifying only the necessary parameters or conditions. Speci�cally,

we explored the in�uence of the choice of activation function for the hidden layer, the

dropout rate, and the number of training epochs. Concurrently, we examined various

experimental conditions critical to our study. We utilized a subset of only 13 GNSS

stations, as described by Shrivastava et al. (2016), to understand the impact of the

number of GNSS stations on the model's performance. We also varied the volume of

synthetic cases used for training. Additionally, to assess the model's robustness, we

introduced noise to the GNSS training data. Although such noise is not considered

as a hyperparameter, its incorporation is crucial in de�ning the training environment

and data characteristics that in�uence model training and performance. The results

of this analysis are presented in Fig. 2.3.3 and additionally in Figures S2 to S9.

With respect to activation functions, Mish demonstrated the second-best performance

after GELU (Figure 2.3.3a.), followed by SELU, while ReLU and Swish exhibited the

poorest performance. This trend is re�ected in both the metric values and residual

analysis ash showed in Figures S2 and S3. Although most activation functions tend

to overestimate slip, the GELU function used in the preferred model is capable of

accurately recovering it. This can be attributed to GELU's smooth probabilistic

curve, which preserves gradient information better than other activation functions.

The dropout rate plays a crucial role in enhancing the model's ability to generalize

by mitigating over�tting. Intermediate dropout rates between 30 and 50 % perform

better, as evidenced in Figures S4 and S5. In contrast, lower dropout rates, such

as 10 to 20 %, lead to higher RMSE and MAE values, and higher residuals (Figure

2.3.3b.). Conversely, higher dropout rates help to smooth the results but can mask

�ner details in the data. A dropout rate of 35 % is considered to be the most e�ective

in this case, achieving the best balance.

Changing the number of training epochs did not result in signi�cant changes in RMSE,

MAE, or residuals (Figures 2.3.3c, S6, and S7). The lack of a clear pattern suggests

that increasing the number of epochs does not lead to better model performance.
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This analysis identi�es the activation function as the most critical hyperparameter

for our model, followed by the dropout rate and the number of training epochs.

In terms of data conditions, the reduction in the number of GNSS stations negatively

impacted the model's performance, leading to higher RMSE and MAE values. Despite

this, the model was still able to reasonably estimate the slip's magnitude and

distribution, although with larger uncertainties due to the sparsely-distributed

stations (Figure 2.3.3d). As expected, the use of more synthetic cases resulted

in better performance (Figures S8 and S9), indicating that at least 200,000 synthetic

cases for training are needed for robust results (Figure 2.3.3e). Introducing noise

con�rmed the model's robustness, as it still accurately estimated coseismic slip and

magnitude as shown in Figure 2.3.3f.

2.4. Discussion

The preferred neural network model, tested on the Illapel earthquake, is consistent

with the slip distribution estimated in other studies. Our model's maximum slip (9

m) is consistent with the estimates from Melgar et al. (2016), Klein et al. (2017),

Zhang et al. (2017) (10 m) and Shrivastava et al. (2016) (8 m), Williamson et al.

(2017) (11 m) and Carrasco et al. (2019) (9 m). The along-strike length of the slip

(177 km) is similar to other studies: Zhang et al. (2017) (170km); Klein et al. (2017),

Melgar et al. (2016), Shrivastava et al. (2016) (200 km), Williamson et al. (2017)

(125 km) and Carrasco et al. (2019) (180 km). Furthermore, the seismic moment

in our model (3;66� 1021 Nm, i.e. Mw 8.32) is consistent with the USGS W-phase

model of3;19� 1021 Nm, i.e. Mw 8.27.

Comparing our preferred model with an inversion using the Regularized Least Squares

(RLS) method, we observed that our model exhibits higher residuals. Speci�cally, the

root mean square (RMS) of the GNSS data residuals for our model is 6 cm, compared

to 2.2 cm for the RLS inversion model. As illustrated in Fig. 3.1.1, the RLS inversion

model consistently shows lower residuals across the study area. This discrepancy

is particularly noticeable in the southern zone, where our model's residuals are

signi�cantly higher, as seen in Figure 3.1.1a and Figure 3.1.1b. The GNSS data

residual graph (Figure 3.1.1c and Figure 3.1.1d) indicates that residuals from our

model are more dispersed and include more extreme values, although their values are

generally distributed around 0 cm. The vertical components exhibit lower residuals
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Figura 2.3.3: Impact of di�erent hyperparameters and experimental conditions on
coseismic slip estimation for the Illapel case. Each panel displays the predicted and
observed displacement vectors, with predictions in red and observations in black.
The panels also include 95 % con�dence ellipses illustrating the uncertainty in the
predictions. Sub�gures show the e�ects of: (a) Mish activation function in the hidden
layer, (b) 20 % dropout rate, (c) 50 training epochs, (d) using 13 only GNSS stations,
(e) training with 200,000 synthetic cases, (f) introducing noise into the training data.

compared to the horizontal components, as detailed in Figure S10.

Furthermore, a signi�cant observation from our model is the estimation of substantial

slip close to the trench, contrasting with the inversion model's slip, which is positioned

further away from the trench. This �nding aligns with the slip patterns noted by

Carrasco et al. (2019) and Caballero et al. (2023), where the slip is also estimated
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Figura 2.4.1: (a) Preferred model slip distribution with residuals highlighted in
green, (b) Slip distribution from Regularized Least Squares inversion, (c) Comparison
of East-West (E-W) component residuals for the preferred model (in blue) and classic
inversion (in orange), (d) Comparison of North-South (N-S) component residuals
across both models.



2.5. Conclusions 19

near the trench and is consistent with the tsunami observations of (Lay et al., 2016),

underscoring a possible area-speci�c frictional behavior at the subduction megathrust

that our model captures more e�ectively, even though is constrained only by onland

GNSS observations.

2.5. Conclusions

In this study, we developed a novel neural network model that rapidly and accurately

estimates coseismic slip. The model demonstrated high accuracy in predicting both the

magnitude and spatial distribution of slip for synthetic cases, and was subsequently

validated with the Mw 8.3 Illapel earthquake, achieving a GNSS displacement RMSE

of 0.07 m and showing consistency with previously published solutions. This capability

is essential for improving early warning systems and advancing real-time seismic

hazard assessments.

A standout feature of our approach is its computational e�ciency: once trained, the

model generates slip estimations in just 0.07 seconds on a conventional computer

without requiring iterative model tuning, signi�cantly simplifying the estimation

process. These computations were performed on a standard personal computer

equipped with an AMD Ryzen 5 5600G processor and 16 GB of RAM, without the

use of a dedicated GPU. This speed, combined with minimal hardware requirements,

highlights the potential of neural networks to help with quick earthquake response

and risk mitigation.

Performance analysis showed that the East-West component of slip had the highest

residuals and variability, indicating more potential errors in this direction. The

North-South component followed, while the vertical component showed the lowest

variability, likely due to its smaller magnitude, making it easier for the neural network

to learn. These patterns suggest speci�c areas where the model could be further

improved.

Moreover, expanding the training dataset with more synthetic cases could potentially

re�ne the model's predictive accuracy. Incorporating more realistic synthetic scenarios,

particularly ellipses that closely resemble real cases, into the training process may

lead to better outcomes and a more reliable model. Overall, while the model performs

well, these improvements could help achieve even more precise results.
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Capítulo 3

Conclusiones

3.1. Discusión General y Conclusión

El modelo de red neuronal preferido, aplicado al terremoto de Illapel, es consistente

con la distribución de deslizamiento estimada en otros estudios. La magnitud máxima

del deslizamiento estimada por nuestro modelo (9 m) coincide con los valores

reportados por Melgar et al. (2016), Klein et al. (2017), Zhang et al. (2017) (10 m),

Shrivastava et al. (2016) (8 m), Williamson et al. (2017) (11 m) y Carrasco et al.

(2019) (9 m). La longitud a lo largo del rumbo estimada (177 km) también es similar

a la reportada en otros estudios: Zhang et al. (2017) (170 km); Klein et al. (2017),

Melgar et al. (2016), Shrivastava et al. (2016) (200 km), Williamson et al. (2017)

(125 km) y Carrasco et al. (2019) (180 km). Además, el momento sísmico estimado

por nuestro modelo (3;66� 1021 Nm, equivalente aMw 8.32) es consistente con el

modelo W-phase de USGS, que reporta3;19� 1021 Nm, equivalente aMw 8.27.

Al comparar nuestro modelo con una inversión basada en el método de mínimos

cuadrados regularizados (RLS), se observó que nuestro modelo presenta residuales

mayores. En particular, la raíz del promedio cuadrático (RMS) de los residuales de

datos GNSS para nuestro modelo es de 6 cm, en comparación con 2.2 cm para el

modelo RLS. Como se ilustra en la Fig. 3.1.1, el modelo RLS muestra consistentemente

residuales más bajos en toda el área de estudio. Esta discrepancia es especialmente

notable en la zona sur, donde los residuales de nuestro modelo son signi�cativamente

mayores, como se observa en las Figuras 3.1.1a y 3.1.1b. El grá�co de residuales de

datos GNSS (Figuras 3.1.1c y 3.1.1d) indica que los residuales de nuestro modelo
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