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Abstract

This thesis develops and validates three innovative methodologies for surface wave tomography
using physics-informed neural networks (PINNs): pinnET (PINN-based eikonal tomography),
pinnEAET (PINN-based elliptical-anisotropic eikonal tomography), and pinnTET (PINN-based
teleseismic eikonal tomography). These methods progressively address challenges in seismic to-
mography from isotropic to anisotropic tomography, and ambient noise to teleseismic earthquake
applications. By integrating the eikonal equation as a physical constraint while leveraging neu-
ral networks’ approximation capabilities, PINN-based surface wave tomography demonstrates
several key advantages, including signi cant memory e ciency, physics-guided interpolation
for sparse data regions, simultaneous multi-frequency processing, and exible evaluation at
arbitrary locations. However, challenges remain in computational e ciency and automated

parameter optimization.

When applied to the seismic dense array in northeastern Tibetan Plateau using both ambient
noise (10-40 s periods) and teleseismic data (20-80 s periods), these methods reveal signi cant
lateral heterogeneity in velocity structure and azimuthal anisotropy. Notably, they achieve
comparable resolution quality with only approximately 20% or even less of traditionally required
data. The results indicate prominent low-velocity zones beneath the western Qilian Orogen,
western Qinling Orogen, and Songpan-Ganzi Terrane, contrasting with high-velocity zones in
the Ordos Block and central Qinling Orogen. These ndings provide new insights into the
region’s complex crustal and upper mantle structure while demonstrating the practical utility

of PINN-based approaches in seismic tomography.

Comprehensive uncertainty analysis, checkerboard resolution tests and cross-validation with
traditional approaches con rm the methods’ reliability and resolution capabilities. This work

demonstrates that PINN-based approaches provide valuable alternatives for seismic tomography,



Abstract

particularly in regions with limited data coverage, while establishing a foundation for future

developments in physics-constrained seismic tomography methods.

Vi
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Chapter 1

Introduction

1.1 Seismic tomography

1.1.1 Overview

Seismic tomography has signi cantly advanced our understanding of the Earth's interior by
providing detailed images of subsurface structures. It employs seismic wave data from earth-
guakes, arti cial sources or virtual sources using ambient noise to map variations in the Earth's
seismic properties, such as velocity, anisotropy and attenuation. This process typically involves
solving a complex inversion problem by using observational data including seismic wave travel-
time, amplitude and/or other waveform characteristics. Methodologically, seismic tomography
rst requires establishing a relationship d = g(m) between the seismic datad and the seismic
model m, where g is the forward operator that describes the physics of seismic wave propa-
gation, then predicting the data d from a given model, and nally nding a model m that
best ts the observations (Rawlinson et al. 2010). The concept of seismic tomography dates
back to 1976, when Aki and Lee (1976) pioneered the construction of a 3-D crustal velocity
structure beneath California based on the rst-arrival P wave traveltime information from local
earthquakes. In 1977, Aki et al. (1977) inverted for the 3-D velocity structure of the lithosphere
beneath Norwegian Seismic Array based on the teleseismic P wave traveltime residuals. In the
same year, Dziewonski et al. (1977) constructed a 3-D velocity model of the lower mantle on
a global scale using the P wave traveltime residuals. The pioneering work of these researchers
triggered a wave of interest in using seismic tomography to study the Earth's internal structure,

laying a critical theoretical foundation for future research. Today, the technique remains pivotal
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in seismology, contributing to insights into topics such as plate tectonics, Earth's dynamics and

earthquake generation.

According to the type of seismic waves utilized, seismic tomography can be divided into body
wave tomography and surface wave tomography. Body wave tomography focuses on the analysis
of P and S waves in terms of their traveltimes and waveforms as they travel through the Earth's
interior. On the other hand, surface wave tomography speci cally targets the study of Rayleigh
and Love waves, which propagate along the Earth's surface. These surface waves have unique
characteristics that make them particularly useful for imaging the Earth's crust and upper
mantle. One of the key methods employed in surface wave tomography is the use of dispersion
curves. The dispersive character of surface wave refers to the phenomenon where dierent
frequencies of the wave eld travel at di erent velocities, potentially allowing higher vertical
resolution compared to body wave tomography (Romanowicz 2020). By measuring the phase
or group velocities of surface waves across a wide range of periods, researchers can construct
dispersion curves that provide direct information of elastic velocity about the subsurface. In the
1950s and early 1960s, surface waves were used to explore the properties of the Earth's structure,
particularly the crust and upper mantle (Ewing and Press 1954; Press 1956; Dorman et al. 1960;
Kuo et al. 1962), producing layered velocity models along the surface wave propagation path.
Since the 1970s, with the advent of digital recording, the deployment of broadband networks and
the subsequent methodological innovations, surface wave tomography has become a powerful
tool to construct 3-D models of velocity (Woodhouse and Dziewonski 1984; Anderson 1987;
Forsyth et al. 2005; Sabra et al. 2005; Shapiro et al. 2005; Nishida et al. 2009; Kaviani et al.
2020; Liu et al. 2021; Fan et al. 2024), anisotropy (Forsyth 1975; Tanimoto and Anderson 1985;
Montagner and Tanimoto 1990; Montagner and Tanimoto 1991; Gung et al. 2003; Gaherty 2004;
Hao et al. 2021; Magali et al. 2021), and attenuation (Dziewonski and Anderson 1981; Dalton
and Ekstmm 2006; Dalton et al. 2008; Savage et al. 2010; Bao et al. 2016; Meng et al. 2021) in the
crust and upper mantle on global, regional, and local scales. These studies have dramatically
enhanced our understanding of crust-mantle structure, geodynamic processes, seismic source
mechanics, mineral exploration and geohazard assessment. In this thesis, | employ surface
wave tomography approaches to investigate the lithospheric structure and better constrain the

geological implications in the study region.
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1.1.2 Teleseismic surface wave tomography

Surface wave tomography using teleseismic data involves analyzing of surface waves generated
by earthquakes to infer the Earth's structure. At teleseismic distances, surface waves carry the
majority of long period energy (typically with periods exceeding 20 s) that provide constrains on
upper mantle structure. Several tomography methods have been developed to explore the upper
mantle structure based on teleseismic surface wave records. In the 1960s, the single-station
method was introduced to extract and analyze average dispersion curves by directly utilizing
surface wave signals generated by earthquakes (Brune et al. 1960). However, this method is often
a ected by uncertainties in the earthquake's origin time and hypocenter location. Teleseismic
surface waves carry information about both the Earth's structure along the great circle path
from the source to the station and the earthquake source itself, making it one of the long-
standing challenges to separate the two (Romanowicz 2020). To eliminate the in uence of source
information on the results, Sato (1955) proposes the two-station method that uses two stations
located approximately along the same great circle path to extract surface wave dispersion signals.
Romanowicz (1982) uses two events for a single station instead of two stations to obtain seismic
wave velocity from teleseismic records. In traditional surface wave tomography methods (such as
the two-station method), it is commonly assumed that teleseismic surface waves arrive as plane
waves. However, surface waves can deviate from the great circle path when they encounter
heterogeneities during propagation, resulting in non-plane wave energy and systematic bias
in velocity measurement (Friederich et al. 1994; Laske 1995). To handle the non-plane wave
energy, Forsyth et al. (1998) and Forsyth et al. (2005) propose the two-plane-wave tomography
method, which approximates the incident wave eld as the interference of two plane waves.
By simulating the interaction of these two plane waves, this method can more accurately t

propagation characteristics of surface waves in complex geological structures.

Over the past two decades, signi cant improvements have been made in these methods for sur-
face wave tomography. For the two-station method, Meier et al. (2004) apply cross-correlation

functions to waveform of two stations and enhanced the accuracy of fundamental mode dis-
persion measurements through frequency-domain Gaussian ltering. Wu et al. (2009) present
a wavelet transform approach to measure inter-station phase velocity. For two-plane-wave to-

mography method, Yang and Forsyth (2006) utilize the nite-frequency theory to account for

the e ects of heterogeneous structure on the wave eld, providing better resolution of local
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structure. Li and Li (2015) extend the method to Love waves, demonstrating that the joint
analysis of Rayleigh and Love waves enables simultaneous inversion for seismic velocity and
radial anisotropy. These methods have been applied to di erent datasets and earthquakes at
teleseimic distances to study the velocity structure in the crust and upper mantle. For example,
Bourjot and Romanowicz (1992) reveal the crust and lithosphere structure beneath the Tibet
using the two-event method based on Rayleigh wave data at 25 to 106. Curtis and Woodhouse
(1997) present fundamental mode Rayleigh and Love wave phase velocities at periods across 32-
200s beneath the Tibetan Plateau and its surrounding regions through the two-event method.

Li and Fu (2020) construct long-period phase velocity maps of Rayleigh waves and Love waves
at periods between 20 and 143 in the central and eastern parts of the Tibetan Plateau based
on the two-plane-wave tomography method. These studies have demonstrated the capability
of teleseismic surface wave tomography in resolving deep Earth structure and advancing our

understanding of lithospheric deformation and mantle dynamics.

1.1.3 Ambient noise tomography

Ambient noise tomography involves extracting the Green's function between stations by per-
forming cross-correlations on long-term seismic noise recordings at two stations. The surface
wave dispersion curves obtained by Green's functions can then be further analyzed through
tomography methods to resolve the velocity structure of the Earth's interior. While ambient
noise was previously dismissed as lacking useful structural information, it has been found to
reveal valuable insights into Earth's structure. In the early 2000s, a novel approach was intro-
duced to extract the medium's Green's function between two points through cross-correlation
of waveforms recorded at those points (Lobkis and Weaver 2001; Weaver and Lobkis 2001). In
seismology, Campillo and Paul (2003) compute the cross-correlation functions of seismic coda
data recorded at the Mexican National Seismological Network and successfully extracted the
Green's function of fundamental mode Rayleigh and Love waves. Snieder (2004) also proves
that the Green's function can be found by cross correlating scattered waveforms at two receivers.
Shapiro and Campillo (2004) rst perform cross-correlations on ambient noise data and mea-
sured the group velocity dispersion curves of fundamental mode Rayleigh waves. The proposal
that Green's functions could be extracted from ambient noise through cross-correlation, and
its subsequent con rmation through successful retrieval of surface wave signals, has laid a solid

foundation for ambient noise tomography.
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Compared to traditional tomography based on earthquakes or explosions, ambient noise tomog-
raphy o ers several advantages. Firstly, the Green's function obtained through cross-correlation
re ects the information of the subsurface medium between the two stations, thereby avoiding
errors associated with the earthquake's origin time and hypocenter location. Furthermore, the
horizontal resolution of ambient noise tomography mainly depends on the spacing between sta-
tions and the wavelength of surface waves, rather than the ray distribution between stations
and earthquakes. More importantly, as short-period seismic surface waves attenuate rapidly,
traditional methods often fail to obtain high quality signals of short period surface wave. Due
to these advantages, much research in recent years has focused on ambient noise tomography.
Shapiro et al. (2005) apply this method to the USArray stations in southern California and
successfully extracted high-frequency Rayleigh wave information from 7 to 18 using only a
month of continuous recordings and further analyzed group velocity distribution at 7.5 s and
15sin this region. Yao et al. (2006) and Yao et al. (2008) demonstrate the variation of Rayleigh
wave phase velocity and shear wave velocity beneath southeastern Tibet by combining empiri-
cal Green's function and the two-station method, suggesting a relationship between faults and
crustal structure. Yang et al. (2007) extend the study area to cover the entire European con-
tinent using continuous seismic waveform recordings over 1 year and obtained Rayleigh wave
group velocities from periods of 10 to 5@, revealing high resolution maps of sedimentary basins
and crust. These applications imply that ambient noise tomography has become a popular and

reliable method for visualizing Earth's structure across diverse scales.

Ambient noise tomography provides high resolution of crustal structures by extracting shorter-
period surface waves. This advantage in resolving shallow structures complements teleseismic
surface wave tomography, which primarily constrains deeper structures. The integration of both
methods enables comprehensive imaging across di erent depth ranges from the crust to upper

mantle.

1.1.4 Seismic anisotropy

Seismic anisotropy refers to the phenomenon where seismic wave velocity varies with propaga-
tion direction, as caused by the Earth's elastic properties. This characteristic is often a result
of crustal and upper mantle deformation, which can arise from either the Lattice Preferred Ori-
entation (LPO) of anisotropic minerals or the Shaped Preferred Orientation (SPO) of isotropic

materials with distinct shapes (Crampin and Booth 1985; Nicolas and Christensen 1987; Silver
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1996; Montagner and Guillot 2002; Long and Becker 2010). Both LPO and SPO can cause sub-
stantial variations in wave velocities (up to approximately 10%) depending on the polarization
or propagation direction of seismic waves (Becker 2020). These orientation-induced velocity
di erences can exceed those attributed to variations in composition or temperature within the
Earth. A number of measurements have been proposed to reveal seismic anisotropy that can
be categorized into body wave and surface wave methods. Body wave methods include shear
wave splitting, receiver function, and P wave arrival methods (Hess 1964; Silver and Chan
1991; Savage 1999; Park and Levin 2002; Bokelmann 2002). Shear wave splitting, which uti-
lizes both regional S arrivals to constrain crustal stress eld variations and teleseismic arrivals
like SKS or SKKS core phases to study anisotropy in the lithosphere and mantle, o ers good
lateral resolution (< 50 km) but faces fundamental limitations in depth resolution as it cannot
directly constrain the depth of anisotropic layers (Savage 1999). Receiver functions, on the
other hand, o er evidence of crustal anisotropy through split pS conversions. P wave arrival
methods usually contain Pn azimuthal anisotropy and P wave tomography. Hess (1964) rst
uses Pn wave to detect seismic anisotropy in the upper mantle. P wave tomography can also be
used to infer mantle lithospheric anisotropy, though this requires knowledge of isotropic velocity

variations (Becker 2020).

Surface wave methods o er complementary information about seismic anisotropy, particularly
in terms of depth resolution. It is commonly used to study upper mantle anisotropy. Ambient
noise tomography has extended the applications to shorter periods allowing for better resolution
of crustal anisotropy. Furthermore, long-period surface waves and free oscillations of the Earth
provide invaluable insights into deep Earth structure, including inner core anisotropy (Tromp
2001). Surface wave studies can provide constraints on both radial and azimuthal anisotropy,
with the ability to construct 3-D models of anisotropy due to their dispersive character. The
observation that Love waves generally travel faster than Rayleigh waves implies the existence of
radial anisotropy in the upper mantle (Anderson 1965). This discovery led to the development
of transversely isotropic models with vertical symmetry axes, which formed the basis for the
Preliminary Reference Earth Model (PREM) (Dziewonski and Anderson 1981). In addition
to radial anisotropy, surface waves also exhibit azimuthal anisotropy, where wave propagation
velocities vary with azimuth relative to north (Forsyth 1975). The azimuthal variation of the

Rayleigh and Love wave phase velocity is de ned as (Smith and Dahlen 1973):
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c(l; )= Ao(t)+ Ai(!)cog2 )+ Ax(!)sin(2 )+ As(! )cog4 )+ Ayl )sin(4 ); (1.2)

where is the azimuth of the wavenumber,! is the angular frequency, and theA; terms depend
on the anisotropic elastic parameters within the medium. Note that both the phase velocityc
and coe cients A; implicitly depend on the spatial location x = (x;y), as the elastic properties
of the medium vary with position. Romanowicz (2002) reviews the research on azimuthal
anisotropy in the crust and upper mantle using this expression. Based on azimuthal anisotropy
studies, Yuan and Romanowicz (2010) identify two distinct lithospheric layers throughout the
stable North American continent, providing new insights into the formation and stability of
cratons. Beghein et al. (2014) present the Gutenberg (G) discontinuity is primarily associated
with vertical changes in azimuthal anisotropy. These applications have proved that surface
wave azimuthal anisotropy is a promising way to detect layering. While their lateral resolution
is generally lower than that of body wave methods, surface wave studies have been crucial in
developing global and regional models of anisotropy, enabling more powerful petrological and

geodynamic inferences about Earth's interior.

1.1.5 Eikonal tomography

Surface wave tomography is typically performed using either 'single-station’ or 'array-based’

methods. The single-station methods focus on measuring the traveltime of surface wave between
seismic sources and receivers and utilize ray theory or nite frequency kernels to evaluate the
wave speeds (Ekstmm et al. 1997; Yoshizawa and Kennett 2002; Yoshizawa and Kennett 2005).
While the array-based methods focus on analyzing the phase di erences from the waveform
recorded across an array of stations to determine the dispersion characteristics, enabling high
resolution regional tomography or imaging of small structures (Friederich 1998; Prindle and

Tanimoto 2006). Compared to single-station methods, array-based methods have the advantage
of enhancing the signal-to-noise ratio (SNR) of coherent signals over incoherent noise (Rost and
Thomas 2009). With the development of dense arrays and seismic instruments, numerous
imaging methods have been developed to improve the spatial resolution of crustal and upper
mantle structure, such as beamforming tomography (Bote et al. 2014; Nakata 2016; Wu et al.

2023), wave gradiometry (Langston 2007; Liang and Langston 2009; De Ridder and Biondi
2015) and eikonal and Helmholtz tomography (Lin et al. 2009; Lin and Ritzwoller 2011; Jin



1.1 Seismic tomography

Figure 1.1: Traveltime surface and velocity relationship. A traveltime surface (or wavefront) is

a surface in space that represents all points that a wave reaches at the same traveltime from a
source. The surface is shaped by the velocity structure of the medium, where regions of lower
velocity result in longer traveltimes (and regions of higher velocity result in shorter traveltimes).
The red star indicates the source. The contours represent wavefronts, which are lines of constant
traveltime. The green arrows indicate the direction of wave propagation, which is perpendicular
to the wavefronts and follows the gradient of the traveltime surface.

and Gaherty 2015), which are widely used in analyzing surface wave signals recorded at large
dense seismic networks. The detailed methods and applications of array seismology are reviewed

in Rost and Thomas (2002) and Schweitzer et al. (2012).

Eikonal tomography is a seismic imaging technique that utilizes the eikonal equation to study the
relationship between seismic wave traveltimes and subsurface velocity structures. In traditional
methods, if the e ects of high frequency components and the directionality of scattering are
neglected, the traveltime of surface waves can be de ned as (Lin et al. 2009):
Z
dx?

(Xr; Xs) = S(X;Xr;xs)@; (1.2)

where (X;;Xs) = (Xr;Xs;!) is the frequency dependent phase traveltime between sourceg
and receiverx, at frequency !, S(X;Xr;Xs) is the nite frequency sensitivity integral kernel,
and x represent an arbitrary point, c¢(x) = c(x;! ) is the frequency dependent phase velocity at
location x and frequency! . Equation 1.2 links the surface wave traveltime to wave speed, but

the traveltime acts as a global constraint.
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In contrast, eikonal tomography utilize the eikonal equation to directly obtain the local phase
velocities from interpolated phase traveltime surfaces (Lin et al. 2009). Figure 1.1 shows the
concept of traveltime surface, which represents the time taken for a seismic wave to propagate
from a source point to every location within a medium. By analyzing the traveltime surface and
its gradient, this method captures variations in wave propagation caused by velocity anomalies.
In regions with constant velocity, the traveltime surface forms concentric circular contours,
with the gradient direction perpendicular to the contours. In low-velocity anomaly regions, the
contours become denser, bend away from the source, and exhibit increased gradient magnitudes,
re ecting slower wave propagation. These changes in the traveltime surface and its gradient
provide direct insights into the bending of seismic ray paths in heterogeneous media, enabling

the reconstruction of subsurface velocity models through the eikonal equation.

The eikonal equation governs wavefront propagation in heterogeneous media and is derived by
applying the high-frequency approximation to the wave equation. For P-waves traveling through

heterogeneous media, the scalar potential obeys the wave equation (Shearer 2019):

2 1 @ _.,.
r o0 @t = O (1.3)

where is the scalar for displacementu (u = r ), (x) is P wave velocity at point x. The

solution to this equation in the high-frequency domain assumes a harmonic form:

(x;t)= A(x)e "It (1.4)

where A(x) represents the amplitude function, (x) is the wavefront arrival time and ! is the
angular frequency (with ! 1 for the high-frequency approximation). Substitution of this
solution (Equation 1.4) into the wave equation (Equation 1.3) and subsequent di erentiation

yields:

1 2
r2A 12Ajr 2 i 2rA rT+IAT?T = A'—z; (1.5)

Separation of the real and imaginary parts in Equation 1.5 produces two equations. The imag-

inary part corresponds to the amplitude transport equation, while the real part yields the
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Helmholtz equation:

. . 1 r 2A(x)

2 _ :
ro (x)j°= 2%) + A2 (1.6)
At high frequencies ( 1) or when the spatial variation of the amplitude is small com-

pared to the traveltime gradients, the second term on the right side becomes negligible. This

simpli cation leads to the eikonal equation (Aki and Richards 2002; Shearer 2019):

ir ()j?= (1.7)

1 .
2(x)’
While this equation is derived speci cally for P-waves, the same mathematical form applies

to other wave types. For surface wave propagating in a heterogeneous medium, the eikonal

equation can be written in this form (Wielandt 1993; Lin et al. 2009):

A\

&) =r (Xi;X); (1.8)
whereK; is the unit wave number vector for traveltime surfacei at location x, ¢i(x) = ¢(x;! ) is
the wave speeds for traveltime surface at location x and frequency! ,r (xi;X)=r (Xi;X;!)
denotes the gradient of traveltime surfacei at location x and frequency! . The process of
eikonal tomography involves two main steps: wavefront or phase front tracking and gradient
computation based on the eikonal equation at each spatial node. By compiling and averag-
ing the local phase speeds and wave path directions from the traveltime surfaces centered on
each station (or earthquake), a comprehensive phase velocity distribution map is constructed.
Eikonal tomography avoids explicit regularization by replacing traditional ad hoc smoothing
parameters with implicit regularization through phase-front tracking (Lin et al. 2009). Travel-
time data are interpolated using minimum-curvature surface tting (Smith and Wessel 1990),
which naturally smooths gradients while preserving structural trends, and statistical averaging

over multiple paths further stabilizes results.

Based on a high frequency analysis when entering an elliptical de nition ot into the Helmholtz

equation, De Ridder et al. (2015) proposed an elliptical-anisotropic eikonal equation:
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2 32 3
M11 Mlzgg@ .

M2y M2 @

1= @ @ 3 (1.9)
where represents the traveltime eld, and its spatial derivatives @ and @ describe the com-
ponents of the slowness (the reciprocal of velocity) vector. The matrix elements are expressed

as:

M= Mu(x;!) = (& 2)sin?( )+ & (1.10)
Mi2= Mp1= Mpo(x;! )= (¢ cd)sin( )cod ); (1.11)
Moo= Max(x;! )= (& c2)cos’( )+ ¢ (1.12)

wherec: = ¢ (x;!) and ¢s = cs(x;! ) are the fast and slow velocities, respectively, and =
(x;!) is the szimuth of the fast direction. In this way, the eigenvalues and eigenvectors of the
gMn Mlzg

M21 M2
explicit spatial regularization during inversion (De Ridder et al. 2015).

matrix M = indicate the fast and slow velocities and directions, which enables

Eikonal tomography complements traditional surface wave tomography by avoiding the forward
and inversion processes, accounting for bent rays and directly measuring azimuth-dependent
phase velocities at each point without making ad hoc assumptions. Eikonal tomography has
been applied to both regional and continental scale arrays and has become a promising method
to investigate the crust and mantle structure (De Ridder 2011; Qiu et al. 2019; Tong 2021; Hao
et al. 2021; Liu and Tong 2021, Kastle et al. 2022).

1.2 Physics informed machine learning

1.2.1 Machine learning for seismology

Seismology relies on observations to study the internal structures and properties of Earth and

other planets. Through analysis of these observations, seismologists can investigate natural
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phenomena such as faults and volcanoes, as well as the impact of human activities. With
the dramatic increase in observational data (e.g. volume) and advancements in computational
power, machine learning (ML) has emerged as a vital tool in seismological research, primarily
leveraging supervised and unsupervised learning techniques. The detailed ML applications in
seismology have been discussed in multiple review papers (Bergen et al. 2019; Kong et al. 2019;
Yu and Ma 2021; Mousavi and Beroza 2022; Li et al. 2023; Zhao et al. 2024). In the following,

| summarize main points relevant for my work.

Supervised learning is a type of machine learning where a model is trained on a labeled dataset,
meaning that each training example includes both input features and the correct output (la-
bel). The main task of supervised learning is to learn a mapping function from input features
to output labels, so that the model can predict the correct new output. Supervised learning
tasks encompass classi cation and regression, with commonly used algorithms in seismology
including logistic regression (LR), support vector machines (SVM), random forests (RF), and
neural network (NN). LR is a statistical model used for binary classi cation that provides good
interpretability and computational e ciency but may struggle with non-linear relationships
commonly encountered in seismic problem. SVM uses kernels functions to separate data classes
by maximizing margins that excels in handling high-dimensional data, though kernel selection
can be challenging. RF is an ensemble of decision trees for classi cation or regression that is
robust to noise and outliers and handles both numerical and categorical features well, but re-
quires signi cant memory for large datasets. NN is a computational model inspired by biological
neurons that o ers exible architecture for complex patterns and can automatically learn fea-
tures, but it has a complex training process and needs careful parameter tuning. These distinct
characteristics are suitable for di erent seismic tasks. For example, Xu et al. (2012) compare
bivariate statistics (BS), LR, arti cial neural networks (ANNSs), and three kinds of SVM models

for susceptibility mapping of earthquake-triggered landslides in a tributary watershed of the Fu
River a ected by the 2008 Wenchuan earthquake, nding that LR models provided the highest
success and prediction rates. Hibert et al. (2017) validate the performance of the RF algorithm
in classifying seismic signals recorded at Piton de la Fournaise volcano, distinguishing rockfalls
and volcano-tectonic earthquakes with sensitivity exceeding 99% when su cient training sam-
ples are available and remaining above 90% even with limited samples. Paitz et al. (2018) use
ANN to identify seismic time series suitable for noise tomography, achieving better performance

compared to manually classi cation with errors below 20%. The high accuracy achieved across
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these studies demonstrates the potential of supervised learning in automating, modeling and

inversion, which signi cantly improves traditional seismological analysis tasks.

Unsupervised learning, on the other hand, involves training a model on a dataset that con-
tains only input features and no labels. The main task of unsupervised learning is to discover
hidden patterns or data groupings within the dataset, without any external guidance on what
those patterns should be. Unsupervised learning tasks contain clustering and dimensionality
reduction, with commonly used algorithms in seismology including k-means, self-organizing
map (SOM), principal component analysis (PCA) and dictionary learning. k-means is a simple
and e cient clustering algorithm that partitions data into k clusters but requires pre-speci ed
cluster numbers and is sensitive to initial values. SOM is a NN-based algorithm with topological
preservation and adaptive learning capabilities though it needs careful parameter tuning and
can be computationally intensive. PCA projects data onto lower-dimensional orthogonal axes
that o ers linear dimensionality reduction and noise Itering while maintaining computational

e ciency, but may miss important non-linear relationships and requires an understanding of
the data for result interpretation. Dictionary learning represents data sparsely via learned basis
functions that enables adaptive sparse representation of signals and e ective noise suppression,
though it demands signi cant computational resources and careful dictionary design. In seismic
applications, Galvis et al. (2017) employ k-means to detect and classify surface waves in seismic
data acquired in Colombia, presenting well-di erentiated zones that improves seismic interpre-
tation. Roden et al. (2015) utilize PCA to determine the most signi cant seismic attributes,
which are then used as inputs for SOM training, revealing previous unidenti ed geological fea-
tures. Nazari Siahsar et al. (2017) propose a data-driven 3-D dictionary learning algorithm
with multitasking strategy for seismic data processing, achieving e cient and e ective random
noise attenuation of synthetic and real 3-D data when compared to several established ltering
methods. These studies highlight how unsupervised learning can reveal hidden patterns and
structures in seismic data that might be missed by traditional analysis methods, particularly

valuable when dealing with the growing volume of observational data.

NNs are computational models inspired by the human brain's neural structure. A standard
NN consists of interconnected nodes (neurons) organized in layers: an input layer, one or more
hidden layers, and an output layer (Figure 1.2). Each connection between neurons carries a

weight that is adjusted during training to optimize the network's performance. These weights
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Figure 1.2: Basic structure diagram of neuraIPnetworks (modied from Bishop (1994)).
X1;X2; 1 Xp are inputs, wi; wo; i Wy are weights,  represents the weighted sum of inputs,
represents non-linear activation function andz is output.

are typically updated using automatic di erentiation, a computational technique that e ciently
calculates derivatives by tracking operations during forward computation, enabling the network
to learn from its errors. In a feedforward NN, information ows unidirectionally from input to
output. Each neuron performs two operations: (1) computing a weighted sum of its inputs and

a bias term, and (2) applying a non-linear activation function to this sum. Mathematically,

0 !
zZ= wiXi + b ; (1.13)

i=1
where w; represents the weight andb represents the bias. A weighted sum of the inputs plus a
bias is then transformed using a non-linear activation function to give a nal output z (Bishop
1994). NNs are trained using training data, which is carefully selected examples that represent
the problem space, allowing the model to learn patterns and relationships. During training, the
network's predictions are compared to the actual expected outputs, and the di erence is quanti-
ed as a loss, which is a numerical measure of prediction error that guides the weight adjustment
process. This architecture forms the basis of deep learning, where multiple hidden layers enable

hierarchical feature learning. Hinton and Salakhutdinov (2006) extend the classical ANN by

integrating numerous hidden layers to construct deep neural networks (DNNSs) that are capable
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of extracting complex features from massive amounts of data. This approach, which involves
training DNNSs to learn high-level abstractions from data, is known as deep learning (DL). By
leveraging the power of multiple layers of non-linear processing units, DL models can automat-
ically discover and represent complex patterns and hierarchical structures in the data (LeCun
et al. 2015). Deep learning algorithms also encompass both supervised and unsupervised tasks
with commonly used architectures such as fully connected neural network (FCNN), convo-
lutional neural network (CNN), recurrent neural network (RNN) and generative adversarial
network (GAN). A FCNN consists of multiple layers of neurons where each neuron in one layer
is connected to every neuron in the next layer, providing a simple and intuitive NN architecture.
A CNN typically consists of convolutional layers, pooling layers, and fully-connected layers. It
signi cantly reduces the number of parameters by featuring parameter sharing and sparse con-
nections. RNNs have a loop in their architecture that allows them to maintain a hidden state
over time, o ering a strong ability in handling sequence data. A GAN is composed of a gen-
erator and a discriminator that are trained simultaneously in an adversarial manner, enabling
the remarkable ability to generate new data that resembles the real data distribution. Though
these DNN architectures share the advantages of strong non-linear tting capabilities and wide
application adaptability, they also face issues such as high computational resource requirements,

over- tting risks, and poor model interpretability.

The DL applications in seismology can be discussed from several aspects, such as seismic denois-
ing, arrival time picking and earthquake location. Zhu et al. (2019) propose a denoising/decom-
position method called DeepDenoiser based on a DNN, which simultaneously learns a sparse
representation of data in the time-frequency domain and maps it into masks for seismic signal
and noise separation. By automatically learning noise statistics from data, DeepDenoiser sig-
ni cantly improves SNR and generalizes well to real noisy data sets. A challenge in DL based
seismic denoising is to obtain clean seismic data or noise and an e ective solution is create
semisynthetic white noise. Wu et al. (2019) use a modi ed denoising CNN with variational
mode decomposition (VMD) that simulates the user-generated white noise, presenting e ec-
tively rejection on white noise and migration artifacts. Unsupervised learning such as GAN
can also be used for noise attenuation by learning the domain mapping from noisy data do-
main to e ective signal data domain (Li et al. 2020). With the ability of DNNs to identify
prede ned targets in images, and given the vast amount of seismic data along with manually

labeled examples, seismic arrival picking has become a popular application of DL in seismic data
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processing. Zhu and Beroza (2019) apply U-Net, a kind of CNN, to identify the rst arrivals
of P-waves and S-waves based on training data from the Northern California Seismic Network
catalog, enabling automatic seismic phase picking, particularly e ective in reliably extracting
S-wave arrivals. Yuan et al. (2020) combine CNN and RNN for rst-arrival picking that uses
an RNN to optimize picking after U-net segmentation, improving the picking performance and
reducing human intervention. For earthquake location determination, Zhang et al. (2020b) uti-
lize DNN to determine the locations of small earthquakes in Oklahoma and are able to locate
small event (ML  2:0) with a mean epicenter error of 4-6km. Mousavi and Beroza (2020)
present a single-station earthquake location method based on Bayesian neural network that is
capable of estimating the epicenter, origin time, and depth along with their uncertainties. Other
DL applications in seismology include solving seismic forward and inverse problems (DeVries
et al. 2018; Araya-Polo et al. 2018; Das et al. 2019; Gatti and Clouteau 2020; Mdnchmeyer
et al. 2021; Jianguo and Ntibahanana 2024). DL has already shown great potential in di erent

seismic tasks and will likely soon become a routine approach for various seismic data analyses.

The evolution of ML applications in seismology demonstrates a clear progression from traditional
methods to more sophisticated approaches. Traditional supervised learning methods like LR,
SVM, and RF o er reliable performance with good interpretability for specic tasks, while
unsupervised learning techniques enable the discovery of hidden patterns in unlabeled seismic
data. The emergence of DL has further transformed seismic data analysis by providing powerful
tools for handling complex, large-scale datasets. As each ML method has its own advantages and
disadvantages, careful consideration of task requirements, data characteristics, and desired level
of model interpretability is essential when selecting a speci ¢ approach. These methods have
revolutionized seismological research by enabling automatic analysis of large datasets, solving
forward and inverse problems, and discovering new patterns or relationships, thereby enhancing

our understanding of Earth's structure and dynamics.

1.2.2 Scienti ¢ machine learning

As a purely data-driven method, traditional ML faces several fundamental challenges. First,
it heavily relies on large-scale datasets for model training, which presents signi cant barriers
for complex physical systems where data collection is costly and limited. Second, the design of
NN architectures lacks solid theoretical foundations, relying primarily on empirical experimen-

tation rather than systematic principles. Third, the internal decision-making process of DNN
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Figure 1.3: (a) A representation of balance between data and scienti ¢ knowledge (modied
from Karpatne et al. (2017)). The x-axis indicates the use of data while the y-axis indicates the
use of scienti c knowledge. Theory-based models rely heavily on scienti ¢ principles with min-
imal data, while data science models use extensive data with less emphasis on theory. Theory-
guided data science models integrate both, enhancing scienti ¢ understanding by combining
data-driven approaches with theoretical knowledge. (b) lllustration of SciML methods (mod-

i ed from Moseley (2022)). The three colored rectangular blocks represent di erent ways of
integrating scienti ¢ knowledge into ML models. Each block contains speci ¢ implementation
methods. The color intensity (along the x-axis) indicates the degree of scienti c knowledge
constraint imposed by each approach. Note that the scienti ¢ constraint's strength is a rather
vague concept. Here the methods closer to the traditional work ow enforce stronger physical
principles.

functions as a "black-box", making it di cult to understand and validate their predictions.
Fourth, despite their strong representational power, these data-based models typically exhibit
poor generalization capability beyond their training distribution (Lazer et al. 2014). Before
the development of data-driven approaches, model-driven approaches (or physics-based mod-
els) served as the primary framework for understanding physical systems. These approaches
construct mathematical representations based on fundamental physical laws, typically expressed
through partial di erential equations (PDEs). They transform conceptual understanding into
guanti able frameworks, ranging from simple process models to complex multi-system integra-
tions. The key advantages of model-driven approaches include their mechanistic interpretability,
explicit incorporation of physical principles, and reduced reliance on large datasets. However,
purely model-driven method also faces limitations. Simpler models may oversimplify complex
phenomena and introduce signi cant errors, while more sophisticated models often become
computationally intractable. The inherent complexity of real-world systems, combined with
our limited understanding of relationships and trade-o s, makes it dicult to fully capture

the relationships between various factors and their dependencies. Additionally, these models
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struggle with inverse problems, particularly in complex geometries or high-dimensional spaces,

which can signi cantly limit their practical applications.

Given these limitations, new methods are needed that can learn from limited or noisy data while
incorporating physical knowledge to handle the complexity of dynamic Earth systems. As shown
in Figure 1.3 (a), theory-based and data science models represent the two extremes of knowledge
discovery and neither is su cient for tackling complex scienti ¢ problems independently. A
better way is to combine the strengths of both through theory-guided data science models. To
address this, a new and rapidly advancing eld known as scienti ¢ machine learning (SciML)
has established (Baker et al. 2019; Karniadakis et al. 2021; Willard et al. 2022). SciML aims
to integrate existing scienti ¢ knowledge into ML algorithms, generating more sophisticated
algorithms that can leverage our prior scienti ¢ understanding while maintaining the powerful
learning capabilities of ML approaches. This integration is achieved through loss function
modi cation, architecture design or hybrid approaches (Moseley 2022). Figure 1.3 (b) presents
the speci ¢ SciML methods and illustrates the di erent strengths to which these methods impose
scienti ¢ principles into ML algorithm. For loss function modi cation methods, additional
physical constraint terms are added to the loss function, serving as regularizers or physical priors.
These constraints guide models toward physically consistent solutions while maintaining learning
exibility (Beucler et al. 2021; Daw et al. 2022; Raissi et al. 2019). For architecture design
methods, traditional "black-box" architectures are transformed into physics-informed systems
by embedding scienti ¢ principles directly into their design. This introduces strong inductive
biases, narrowing the model's hypothesis space (Daw et al. 2020; Panju and Ghodsi 2020; Wang
et al. 2020b). For hybrid methods, ML algorithms are integrated with traditional scientic
methods to create hybrid systems that simultaneously leverage the adaptability of data-driven
learning and established physical knowledge (Chen et al. 2018; Pawar et al. 2021; Um et al.
2020). These methods encompass varying degrees of scienti ¢ constraints, and there is no single
best approach for incorporating underlying theories. By embedding scienti ¢ principles, SciML
creates more interpretable, generalizable, and e cient models that address the challenges posed

by data limitations and complex physical equations.

1.2.3 Physics informed neural network

Physics-informed neural network (PINNSs), introduced by Raissi et al. (2019), are designed to

solve various PDEs using DL techniques. PINNs represent a novel type of SciML framework,
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Figure 1.4. Schematic of PINN for solving a general PDE. Inputsxs; X»; :::; X, are processed by
neural network N ( ;x), producing the predicted solution u. Automatic di erentiation is used

to compute di erent order of derivatives @—@i; @—@i; b @@; @%; ::, which is essential for enforcing
physical constraints. In the PINN algorithm, the loss function L is composed of two parts: the
loss of dataL, and the loss of physical constraintL,. This physical constraint contains the

governing equation along with appropriate initial and boundary conditions.

which embedding the governing equations of a system into the training process (see 'Encoding
governing equation' in Figure 1.3 (b)). Rather than simply incorporating constraints on a sys-
tem's physical quantities into the loss function, integrating knowledge of underlying governing
equation is more e ective (Moseley 2022). PINNs leverage the automatic di erentiation to in-
corporate the di erential form constraints from PDEs directly into the loss function, thereby
merging data- and physics-based models (Baydin et al. 2018). This approach functions as a
mesh-free technique, which uses NNs to directly approximate functions at arbitrary points with-
out the need for spatial discretization. A generic schematic illustrating the network structure
of PINN is shown in Figure 1.4. Consideru(x) is the unknown solution in a PDE, a PINN is a
NN, N ( ;x), with trainable parameters to approximate the solution u(x). The loss function
consists of two components: the data losd ;, which measures the discrepancy between the
NN's predictions and available observations, and the physics los&,, which ensures that the
NN's predictions respect the governing PDEs. This is achieved by penalizing the residuals of

the PDE at collocation points distributed across the domain. The loss function is given by:
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L=Ly+ L (1.14)
where
W
L= GiNCix)  u(xi)ii® (1.15)
i
Wp
Le= dir(x)ii% (1.16)

where Ng and N, are the numbers of data and physics points.r(x;) represents the residual of

PDE at a set of points x; over the entire domain.

By incorporating physical laws into the NN architecture, PINNs o er several advantages over
both purely data-driven and model-driven approaches. At the foundational level, PINNs achieve
better generalization and provide a more interpretable framework compared to conventional
NNs, as their solutions naturally respect underlying physical principles. From a computational
perspective, their mesh-free nature yields continuous, di erentiable solutions without requir-
ing discretization schemes, signi cantly simplifying the modeling process. Furthermore, PINNs
demonstrate remarkable data e ciency, requiring substantially less training data than tradi-
tional NNs while enabling e ective extrapolation beyond the given points. Finally, PINNs o er

a uni ed framework for solving both forward and inverse problems, and the same architecture
can be adapted with minimal modi cations to handle both types of problems, even in cases
involving complex geometries or high-dimensional spaces where traditional numerical methods
struggle. These characteristics make PINNs particularly valuable for practical applications in

scienti ¢ computing.

The success of the basic PINN framework has generated numerous methodological extensions,
each addressing speci ¢ challenges in physical modeling. These extensions can be broadly cat-
egorized into two groups: physics-oriented variants and NN architectural adaptations. The
physics-oriented variants encompass conservative PINNs (cPINNs) (Jagtap et al. 2020), frac-
tional PINNs (fPINNs) (Pang et al. 2019), nonlocal PINNs (Pang et al. 2020), variational
PINNs (VPINNS) (Rojas et al. 2024) and extended PINNs (XPINNs) (Jagtap and Karniadakis
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2020). The NN architectural adaptations include Bayesian neural networks (BNNs) (Yang et
al. 2021), CNNs (Fang 2021; Gao et al. 2021), RNNs (Viana et al. 2021; Lu et al. 2024), long
short-term memory (LSTM) networks (Zhang et al. 2020a), GAN (Yang et al. 2020; Yang and
Ma 2023). The diversity of these extensions re ects both the potential and challenges of PINNS,
suggesting a trend toward more specialized and sophisticated implementations while maintain-
ing the core philosophy of combining ML and physics-based models. Researchers have applied
PINNs to diverse elds, including uid mechanics (Raissi et al. 2020; Mao et al. 2020; Cai
et al. 2021), solid mechanics (Goswami et al. 2020; Tao et al. 2020), material science (Fang and
Zhan 2019; Chen et al. 2020b; Islam et al. 2021), biomedicine (Kissas et al. 2020; Sun et al.
2020) and power systems (Misyris et al. 2020). In addition, several software packages have been
developed to implement e cient PINNs training based on di erent framework, for example,
DeepXDE (Lu et al. 2021), NeuroDi Eq (Chen et al. 2020a), NVIDIA SIMNET (Hennigh et al.
2021) and SciANN (Haghighat and Juanes 2021). These frameworks facilitate the practical
implementation and broader adoption of PINNs. A comprehensive literature review on PINNs

can be found in Karniadakis et al. (2021) and Cuomo et al. (2022).

In seismology, PINNs have demonstrated remarkable potential in various applications, address-
ing both forward and inverse problems. For forward problems, PINN has been applied to solve
isotropic and anisotropic eikonal equation (Smith et al. 2020; Waheed et al. 2021; Waheed et al.
2020; Tau k et al. 2022) and wave equation in the time and frequency domains for isotropic
and anisotropic media (Alkhalifah et al. 2020; Karimpouli and Tahmasebi 2020; Moseley et al.
2020a; Moseley et al. 2020b; Song et al. 2021; Huang and Alkhalifah 2022a; Huang and Alkhali-
fah 2022b; Song et al. 2022; Song and Wang 2023; Chai et al. 2024; Alkhalifah and Huang 2024;
Zou et al. 2024). For inverse problems, PINNs have been applied to traveltime tomography (Wa-
heed et al. 2021; Agata et al. 2023; Gou et al. 2023; Song et al. 2024), wave eld reconstruction
inversion (Song and Alkhalifah 2021) and full waveform inversion (Rasht-Behesht et al. 2022;
Yang and Ma 2023; Lu et al. 2024). During these applications, several key methodological
advances have enhanced PINN's performance. Alkhalifah et al. (2020) introduced frequency-
domain scattered wave eld simulation to avoid point-source singularity challenges. Song et al.
(2022) developed adaptive sinusoidal activation functions to achieve faster convergence during
training. Huang and Alkhalifah (2022a) employed frequency upscaling and neuron splitting to
model high-frequency wave elds. For multi-frequency wave eld solutions, Huang and Alkhal-

ifah (2022b) incorporated a single reference frequency into the loss function, while Song and
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Alkhalifah (2021) introduced Fourier feature PINNs. Moseley et al. (2020b) and Moseley et
al. (2020a) proposed "curriculum learning” for training e ciency and developed nite basis
PINN (FBPINN) for large computational domains. Agata et al. (2023) and Gou et al. (2023)
utilized Bayesian PINNs to estimate uncertainty in seismic tomography. For full waveform
inversion, Yang and Ma (2023) proposed physics-informed GAN to handle inversions without
requiring training datasets. Alkhalifah and Huang (2024) developed physics-informed neural
wave elds that models the wave eld as linear combinations of Gabor basis functions governed
by the wave equation, improving the e ciency and accuracy of NN solutions. Zou et al. (2024)
proposed a velocity-encoded PINN (VE-PINN) that introduces feature parameters to represent

di erent layered velocity models, enabling generalization across various initial conditions.

While PINNs have demonstrated remarkable achievements in seismological applications, they
also face signi cant challenges in transitioning from theory to practice. First, the scalability
issue, where computational resource requirements grow exponentially when handling large-scale,
complex seismic data, limiting their practical applicability. Second, the optimization challenge
of network architecture and training work ows, where di erent seismological problems require

di erent network structures and parameter settings, yet systematic con guration standards
are lacking. Third, the balance between model complexity and interpretability, where despite
enhanced interpretability through physics incorporation, a better balance between the "black-
box" nature of NNs and the transparency of traditional methods is still needed. Addressing
these challenges, future research should focus on three directions: developing robust methods for
complex geological environments, establishing standardized practical guidelines, and improving
uncertainty quanti cation for eld applications. Through these e orts, PINNs are expected

to successfully transition from theoretical achievements to practical applications, ultimately

playing a more signi cant role in seismological research and applications.

1.3 Geological background

The northeastern Tibetan Plateau, characterized by the interaction between the stable Ordos
Block, North China Craton, and the actively deforming Tibetan Plateau, preserves critical
evidence of the ongoing India-Asia continental collision. The dense seismic networks deployed
across the region provide excellent data coverage, while its well-documented geological complex-

ity allows us to rigorously test our method's resolution capabilities. Furthermore, the wealth
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of previous seismic studies using conventional approaches provides a robust framework for eval-
uating our results, making northeastern Tibet particularly well-suited for both demonstrating

our methodological innovations and advancing our understanding of continental dynamics.

1.3.1 Crust-mantle structure of northeastern Tibetan Plateau

The Tibetan Plateau (Figure 1.5), with its complex and intense tectonic activities, provides
one of the most ideal environments on Earth to study continental crust-mantle deformation.
However, the tectonic evolution of the Tibetan Plateau, especially the mechanisms of its uplift
and deformation, remains debated. There are several dynamical models proposed to explain
these mechanisms (Figure 1.6), including underthrusting, oblique continental subduction, con-
vective removal of mantle lithosphere, lower crustal ow, slab tearing/break-o and lithosphere
delamination. Among these, the two most representative models are the rigid block extrusion
model (Molnar and Tapponnier 1975) and the lower crustal ow model (Royden et al. 1997).
The rigid block extrusion model suggests that internal continental deformation relates to plate
tectonic theory, primarily through the southward oblique subduction of blocks along ancient
sutures, leading to the formation of large strike-slip faults and crustal shortening (Molnar and
Tapponnier 1975; Tapponnier et al. 2001). The lower crustal ow model suggests that the uplift
and crustal thickening of the Tibetan Plateau results in a low-strength, low-viscosity layer in
the middle-lower crust, which ows outward under pressure (Royden et al. 1997; Clark and
Royden 2000; Royden et al. 2008). This model indicates that the middle-lower crustal ow
divides into two branches: one owing toward the southeastern margin of the Tibetan Plateau,

and the other toward its northeastern margin (Clark et al. 2005).

The northeastern margin of the Tibetan Plateau is located at the junction of the Alxa Block,
Ordos Block, western Qinling Orogen, Sichuan Basin, Songpan-Ganzi Terrane and Qilian Oro-
genic Belt (Figure 1.5 (b)). It is internally developed with complex large faults, such as the
Altyn-Tagh Fault, Haiyuan Fault and Kunlun Fault. This area is the front part of the plateau's
internal expansion towards the northeast, where intense orogenesis lead to the rapid uplift of
orogenic belts such as the Qilian Orogen and western Qinling Orogen (Yin 2010). It is also
a signi cant area for the tectonic extrusion of plateau materials towards the east (Tappon-
nier et al. 2001). Seismic data and deep structure contribute signi cantly to understanding
these processes and to validating dynamic models. Ye et al. (2015) identify a low-velocity layer

in the middle-lower crust beneath the northeastern Tibetan Plateau through P-wave receiver
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