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ABSTRACT

Marine vibrators are an emerging alternative technology to conventional air guns in ocean-
bottom seismic acquisition. They promise to deliver greater low-frequency information about
the subsurface while minimizing the adverse impact on marine wildlife. However, using marine
vibrators introduces challenges not found in conventional air-gun-based acquisition. Even
though marine vibrators move at a much slower velocity than the acoustic wave subsurface
speed, source motion introduces a noticeable offset and time-dependent frequency shift to
the data. Phase distortions also occur in seismic signals and are proportional to the source
velocity and moveout of seismic events. The time-varying nature of the sea surface and the
long duration of the seismic sweep present an additional set of modeling, processing, and
imaging challenges. A dynamic sea surface significantly affects the phase and amplitude of
seismic data, posing challenges for time-lapse studies, seismic deghosting, and surface-related
multiple elimination. Conventional seismic data processing assumes a horizontal sea surface
for simplification. However, characterizing the sea surface state and accurately modeling
seismic data under such conditions is important for investigating the implications of realistic
acquisition and for proper processing and imaging workflow design.

In this thesis, I develop a numerical approach to model long-emitting non-impulsive sources
in the presence of a time-varying sea surface using the tensorial acoustic wave equation. I also
derive analytical expressions to predict the frequency shifts in the seismic signal due to source
motion (Doppler effect) and predict the seismic wavefield in homogeneous media triggered
by a moving source (Green’s function), which I use to validate the developed modeling
approach. Furthermore, I use the developed tools to account for the source motion effects in
reverse-time migration, mitigating the need for pre-processing steps to remove such effects
from the seismic data. I present numerical examples that demonstrate the accuracy, stability,

and robustness of the tensorial formulation of the acoustic wave equation in modeling and
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imaging marine vibrator data, even for typically unincorporated high source velocities in field

data acquisition.
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CHAPTER 1
INTRODUCTION

Seismic data play an essential role in a wide range of applications that are not limited
to oil and gas exploration. There is an ever-growing need for robust and reliable seismic
imaging techniques for various applications, from locating and mapping aquifers to charac-
terizing the subsurface for geohazards (e.g., active faults). Seismic data are being used for
environmental monitoring (e.g., evaluating carbon storage integrity in reservoirs), making
such data critical for addressing climate change challenges. To properly use seismic data
in any of the aforementioned applications, one must (1) be able to process such data (e.qg.,
seismic deghosting), (2) extract useful information from them (e.g., subsurface imaging),
and (3) understand how such data provide information about the subsurface (i.e., governing
physical laws). The work presented here addresses the challenges of modeling, processing,
and imaging marine seismic data. The theme of this thesis can be divided into two parts: (1)
deghosting seismic air-gun data, and (2) modeling and imaging marine vibrator data. This
work spans elds from di erential geometry, numerical modeling, machine learning, seismic

data processing, and acquisition design.
1.1 Seismic air-gun data

Ghost re ections have been a long-standing issue in towed-streamer seismic acquisition,
especially since ghost-free data are a prerequisite for many geophysical applications. Ghost
re ections deteriorate the quality of seismic data as they introduce frequency notches into
the amplitude spectrum, limiting the usable data bandwidth (Amundsen and Zhou, 2013;
Dondurur, 2018), thus lowering the seismic resolution (Knapp, 1990), among other issues.
Furthermore, ghost re ections distort the source signature, which leads to erroneous impedance
inversion (Jovanovich et al., 1983). Various acquisition and processing solutions have been

proposed to remove ghost re ections from seismic data. However, a common issue with



the proposed solutions is their limited ability to remove source-side ghosts because of the
sparse source sampling. To circumvent this problem, | employ a machine learning approach
to process and remove ghost re ections from streamer data. Exploring machine learning
methodologies facilitates developments of a wide range of seismic data processing and imaging
techniques based on those methodologies. In addition, machine learning has the potential to
reveal information carried by seismic data that are not easily accessible through conventional

processing and interpretations techniques.
1.2 Marine vibrator data

Environmental concerns about conventional marine impulsive sources (i.e., air-guns)
makes a transition to environmentally-friendly marine vibrators likely in the near future.
Non-impulsive marine sources (i.e., marine vibrators) are viable lower-impact alternatives
to air-guns. Marine vibrators are not just advantageous for environmental reasons, but also
have geophysics-related merits. From a seismic exploration perspective, marine vibrators
provide lower-frequency content than air-guns (Guitton et al., 2021), and enable simultaneous
acquisition by blending phase-encoded sources (Laws et al., 2019). However, processing and
imaging challenges emerge because of the motion and long duration of marine vibrator source
signals, including Doppler e ects and time-dependent source-receiver o sets in the context
of ocean-bottom acquisition. Even though marine vibrators move at a much slower velocity
than the subsurface sound speed, source motion causes noticeable o set- and time-dependent
frequency shifts to the data (Dragoset, 1988; Hampson and Jakubowicz, 1995; Schultz et al.,
1989). Further, phase distortions also occur in seismic signals and are proportional to the
source velocity and moveout of seismic events. Additional complexities arise when considering
ghost re ections and dynamic sea surfaces.

Current seismic data processing and imaging techniques usually assume stationary and
impulsive sources in marine acquisition. Developing appropriate processing and imaging
algorithms for data acquired using moving sources requires accurate modeling of the associated

e ects. Various methods are proposed in the literature to model marine vibrator data.



Dellinger and Daz (2020) present a segmentation-deconvolution approach to model moving
sources. Duquet et al. (2021) apply a nite-di erence (FD) method to model source motion
by moving and interpolating the source injection locations in space as a function of time. Such
solutions are limited to static sea surface conditions. JafarGandomi and Grion (2021) propose
an approach to model marine vibrator data, which is capable of incorporating time-varying
sea surfaces, by interpolating unaliased impulsive sources data to desired source locations
and convolving with the vibrator sweep. However, such an approach requires unaliased data
that are not easily available, and involves costly interpolations.

Accurate and stable modeling of marine vibrator acquisition under time-varying sea
surface conditions is di cult because of the complications of representing time-dependent
curved surfaces in Cartesian coordinates. Curved surfaces can be approximated in Cartesian
coordinates using smaller grid spacing at and near such surfaces, but this approach results in
unjusti able and signi cant increase in numerical computations while alternative solutions
exist. A more natural approach is to employ a coordinate transformation that considers the
intrinsic nature of time-varying meshes.

A host of methods exist to generate numerical solutions for surfaces characterized by
non-Cartesian geometries. These include methods that employ coordinate transformation
and FD (Appel® and Petersson, 2009; Carcione, 1994; de la Puente et al., 2014; Hestholm,
1999; Hestholm and Ruud, 2002; Komatitsch et al., 1996), nite-element (Marfurt, 1984),
spectral-element (Komatitsch and Vilotte, 1998), and discontinuous Galerkin methods (Kaser
and Dumbser, 2006). FD methods are characterized by ease of implementation, lower
computational complexities, and parallelism. However, FD methods require careful grid
construction for numerical accuracy and stability, especially at the boundary region. On
the other hand, the latter approaches provide higher accuracy even for complex and highly
irregular geometries, at the expense of a higher computational cost with complex meshing

and implementation.



In my thesis, | develop the necessary tools to simulate marine vibrator acquisition with and
without time-varying sea surfaces. Building a robust seismic modeling framework facilitates
numerical solutions for acquisition and processing work ows, and provides the foundation
required for seismic imaging and inversion. Based on the advantages of the FD methods
discussed in Shragge (2014), Shragge and Tapley (2017), and Konuk and Shragge (2020),
| develop a tensorial formulation of the acoustic wave equation to model marine vibrator
acquisition with dynamic sea surface conditions. This approach consists of two steps through
which | develop analytical expressions for the tensorial AWE in vertically and horizontally
deformed coordinate systems. First, | formulate the tensorial AWE for moving sources
assuming a at sea surface, by introducing a depth-dependent horizontal transformation to
mitigate the need for velocity model interpolation at every time-step. This formulation leads
to a second-order partial di erential equation that incorporates source motion which | solve
using a FD approach. Second, | formulate the tensorial AWE as a rst-order coupled-system
for moving sources and dynamic sea surfaces. Modeling a free-surface boundary condition for
a dynamic sea surface requires using mimetic FD to ensure numerical accuracy and stability
near the free-surface boundary (Konuk and Shragge, 2020).

Continuing this work, | utilize the developed framework to image marine vibrator acquisi-
tion, assuming a at sea surface. The objective of this part of the thesis is to investigate
the implications of source motion on seismic processing and imaging. | investigate the
consequences of source motion under a static sea surface condition on conventional imaging

techniques, and develop an appropriate solution to address imaging distortions.
1.3 Thesis outline

This thesis is structured into four main chapters that are based on published/accepted or
submitted articles to peer-reviewed journals. In each chapter, | provide an overview of the
problem at hand, the relevant literature review, the theoretical developments of the proposed
solution, and numerical results that validate such solutions. The chapters of this thesis are

as follows:



" Chapter 2, titled "Seismic deghosting using convolutional neural networks," covers
processing seismic air-gun streamer data to remove source- and receiver-side ghost
re ections in the shot gather domain using convolutional neural networks. To validate
the proposed solution, | test using synthetic and eld data. This chapter was presented
at the First International Meeting for Applied Geoscience & Energy, and it is published

in Geophysics

{ Almuteri, K., and P. Sava, 2021, A convolutional neural network approach for
ghost removal: First International Meeting for Applied Geoscience & Energy, SEG,

Expanded Abstracts, 2550{2554, doi: 10.1190/segam2021-3584059.1

{ |, 2023, Seismic deghosting using convolutional neural networks: Geophysics,

88, no. 3, V113{Vv125, doi: 10.1190/ge02021-0521.1

Chapter 3, title "Modeling the seismic wave eld of moving marine vibrator source,"
covers marine vibrator source simulation (moving sources) assuming a at and static sea
surface using a second-order formulation of the tensorial acoustic wave equation. | also
investigate the impact of source motion on seismic data, theoretically and numerically.
Further, | formulate the Doppler formula that predicts frequency shift in heterogeneous
media and the Green's function for a moving source in a homogeneous media. This
chapter was presented at the Second International Meeting for Applied Geoscience &

Energy, and it is accepted for publication inGeophysics

{ Almuteri, K., J. Shragge, and P. Sava, 2022b, Finite-di erence modeling of marine
vibrator sources: Second International Meeting for Applied Geoscience & Energy,
SEG, Expanded Abstracts, 2561{2565, doi: 10.1190/image2022-3746278.1

{ I, 2023, Modeling the seismic wave eld of moving marine vibrator source:

Geophysics (accepted).

" Chapter 4, titled "Modeling acoustic wave elds from moving sources in the presence

of a time-varying free surface,"” extends the work of modeling marine vibrator data



by incorporating a time-varying free surface (i.e., sea surface) and using a rst-order
formulation of the tensorial acoustic wave equation. In this chapter, | develop the
rst-order tensorial approach for modeling the acoustic wave eld in time-varying meshes
for heterogeneous media, and investigate the e ects of a time-varying free surface on
marine vibrator data. This chapter was presented at the Third International Meeting

for Applied Geoscience & Energy, and has been submitted &eophysics

{ Almuteri, K., J. Shragge, and P. Sava, 2023, Modeling marine vibrator sources in
the presence of a time-varying sea surface: Presented at the Third International

Meeting for Applied Geoscience & Energy, SEG.

{ I, 2023, Modeling acoustic wave elds from moving sources in the presence of

a time-varying free surface: Geophysics (submitted).

Chapter 5, titled "Reverse-time migration of mobile marine vibrator data," exploits the
developed marine vibrator modeling tool to account for source motion e ects in reverse-
time migration. In this chapter, | formulate the required forward, adjoint, and Born
approximation modeling operators. Further, investigate the consequences of ignoring
source motion e ects on seismic images and demonstrate the ability of the proposed
solution to produce accurate subsurface images that matches those from stationary
acquisition and imaging. This chapter was presented at the Second International

Meeting for Applied Geoscience & Energy, and will be submitted tGeophysics

{ Almuteri, K., P. Sava, and J. Shragge, 2022a, Reverse-time migration of mobile
marine vibrator data: Second International Meeting for Applied Geoscience &

Energy, 2694{2698, doi: 10.1190/image2022-3751755.1

{ |I{, 2023, Reverse-time migration of mobile marine vibrator data: Geophysics

(ready for submission).



CHAPTER 2
SEISMIC DEGHOSTING USING CONVOLUTIONAL NEURAL NETWORKS

A paper published inGeophysic$

Khalid Almuteri 234 and Paul Sava

Ghost re ections deteriorate the quality of seismic data in towed-streamer acquisition,
and various acquisition and processing solutions have been proposed to remove them from
seismic data. A common issue with the proposed solutions is their limited ability to remove
source-side ghosts because of the sparse source sampling. Satisfactory receiver-side deghosting
solutions are facilitated by complementary measurements (e.g., particle motion data) for
wave eld separation and also can be achieved using pressure data acquired at a single
recording level only. We develop a solution based on convolutional neural networks (CNNs)
to remove source- and receiver-side ghosts in the shot domain. The solution does not require
complementary measurements, i.e., it can remove ghost re ections in conventional pressure
data measured at a single recording level. Our method requires knowledge of the acquisition
geometry to create training data that replicate the eld acquisition geometry and require
the ocean oor bathymetry to be known. A CNN learns to map ghost-contaminated gathers
to corresponding ghost-free gathers through an iterative training process. We nd that the
CNN-based deghosting operator can remove ghost re ections from previously unseen data
and demonstrate that the solution generalizes well when training is done on models unrelated

to the actual eld geology.
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2.1 Introduction

Ghost re ections have been a long-standing issue in towed-streamer seismic acquisition.
They introduce frequency notches into the amplitude spectrum, limiting the usable data
bandwidth (Amundsen and Zhou, 2013; Dondurur, 2018), thus lowering the seismic resolution
(Knapp, 1990). Furthermore, ghost re ections distort the source signature by altering its
phase, leading to erroneous impedance inversion (Jovanovich et al., 1983). Ghost-free data are
a prerequisite for many geophysical applications. Absent low frequencies make full-waveform
inversion more susceptible to cycle skipping (Bunks et al., 1995; Virieux and Operto, 2009).
Low frequencies help constrain and improve impedance inversion (ten Kroode et al., 2013;
Wang et al., 2017; Whitcombe and Hodgson, 2007). Moreover, low frequencies are less prone
to scattering and attenuation, making them ideal for subsalt imaging (Kapoor et al., 2005;
ten Kroode et al., 2013).

Conventionally, streamers are towed at a shallow depth to broaden the bandwidth of the
seismic signal (Wang et al., 2017). However, shallow tow attenuates low frequencies and yields
data with a low signal-to-noise ratio (He et al., 2013; Kragh et al., 2010; Wang et al., 2017).
A deep tow has reciprocal e ects; it allows for the acquisition of low-frequency content and
increases the signal-to-noise ratio, especially at the lower end of the spectrum, at the expense
of a narrowband signal. There are two types of ghost re ections that coexist in marine data:
source- and receiver-side ghosts. A source-side ghost starts its propagation from a source
as an upgoing wave, whereas a receiver-side ghost ends its propagation at a receiver as a
downgoing wave. Deghosting solutions fall into two main categories: receiver- and source-side
solutions. The categories can be further classi ed into acquisition and processing based, as

discussed next.
2.1.1 Acquisition deghosting

Acquisition solutions for receiver-side deghosting include slanted streamers (Bearnth

and Moore, 1989; Soubaras and Dowle, 2010), over/under streamers (Moldoveanu et al.,



2007; Posthumus, 1993; S nneland et al., 1986), shallow-over/deep-under streamers (Kragh
et al., 2010), and dual-sensor streamers (Carlson et al., 2007; Tenghamn et al., 2007). In a
slanted-streamer acquisition, hydrophones vary in depth along the cable, which results in
ghost notch diversity (Bearnth and Moore, 1989; Soubaras and Dowle, 2010). This diversity
improves the bandwidth of poststack seismic data (Provenzano et al., 2020; Soubaras and
Dowle, 2010), making the solution unsuitable for applications that require ghost-free prestack
data or applications that require receivers to have the same frequency content. An over/under
streamer, at which pressure data are acquired at two di erent reference surfaces, enables
removing receiver-side ghosts through an upgoing/downgoing wave eld separation process
(Moldoveanu et al., 2007; Posthumus, 1993; S nneland et al., 1986). However, it requires
twice as many streamers with accurate positioning of vertically aligned cables (Reilly, 2016),
which is di cult to implement in the eld. Kragh et al. (2010) propose a shallow over with
a sparse deep-under acquisition con guration. Shallow streamers contribute the mid- and
high-frequency content to the seismic data, whereas deep streamers contribute to the low-
frequency content. A shallow-over/deep-under acquisition requires fewer streamers than an
over/under acquisition because deep streamers are sparse and contribute only low frequencies.
However, a shallow-over/deep-under acquisition requires accurate positioning of the cables
and a proper interpolation of the low-frequency data to compensate for the sparse acquisition.
Dual-sensor streamers (Carlson et al., 2007; Tenghamn et al., 2007) exploit the fact that
upgoing/downgoing wave eld separation is possible if pressure and particle velocity data are
measured simultaneously (Amundsen, 1993; Claerbout, 1976; Day et al., 2013; Ikelle and
Amundsen, 2018). However, particle motion sensors are sensitive to mechanical noise below
20 Hz (Carlson et al., 2007; Day et al., 2013; Tenghamn et al., 2007). To overcome this
issue, one needs to estimate particle motion data below 20 Hz from pressure data. When
sources are below the streamer, estimating such data is done by applying a simple operator
to pressure data (Amundsen, 1993; Amundsen et al., 1995). For sources shallower than the

streamer, one needs to compute the direct arrival and its ghost to estimate the particle motion



data. Computing the direct arrival and its ghost requires knowledge of the source function.
Alternatively, Ozdemir et al. (2012) and Rentsch et al. (2013) propose noise attenuation
algorithms to enhance the low-frequency signal-to-noise ratio in the particle motion data.
Ozdemir et al. (2010), Vassallo et al. (2010), an@zbek et al. (2010) develop optimization-
based algorithms to reconstruct and deghost the pressure wave eld using multicomponent
marine streamer data. Still, data acquired with di erent sensor types require calibration with
an unknown factor (Grobbe et al., 2016), which can be carried using a deterministic approach
(Day et al., 2013) or a statistical approach (Alexandrov et al., 2014; Cambois et al., 2009).
One can extend the acquisition solutions for receiver-side deghosting to address source-side
ghosts. Haavik and Landr (2015) propose varying the source depth during acquisition to
diversify frequency notches in the amplitude spectra of di erent shot gathers. This improves
the bandwidth of the seismic signal poststack in a way similar to slanted-streamer acquisition.
An over/under source con guration, in which data are acquired twice at the same inline
location for sources at di erent depths (Moldoveanu, 2000), uses reciprocity to remove
source-side ghosts in common-receiver gathers (CRGs) (Egan et al., 2007; Moldoveanu et al.,
2007). However, source-side deghosting in the CRG domain requires dense shot sampling

that towed-streamer acquisition generally lacks.
2.1.2 Processing deghosting

Soubaras (2010) proposes an imaging solution to deghost and improve seismic data
poststack. The method works by jointly deconvolving two migration images: a conventional
migration image and a mirror migration image. Amundsen and Zhou (2013) derive a low-
frequency deghosting Iter that can improve the data at least up to half the frequency of the
second ghost notch. The solution can be applied in the time-space domain on a trace-by-trace
basis (Amundsen and Zhou, 2013; Wang et al., 2017). However, it is only applicable to
data acquired with horizontal streamers or streamers with mild variations in depth (Wang
et al.,, 2017). Beasley et al. (2013a,b) propose a physics-based solution to separate 1C

measurements, e.g., pressure data acquired at a single reference surface, into upgoing and
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downgoing wave elds using the wave equation. The wave eld separation process is iterative
and uses causality but is sensitive to noise. Zhang and Weglein (2005), Weglein et al. (2013)
and Mayhan and Weglein (2013) propose wave eld separation methods based on Green's
theorem that can accommodate streamers of arbitrary shapes (Amundsen et al., 2013).

King and Poole (2015) propose a processing work ow to remove receiver-side ghost
re ections from pressure-only data that can handle a dynamic sea surface. The method
requires an estimation of the sea-surface pro le prior to deghosting. Furthermore, the
deghosting method is implemented by solving a linear Radon system of equations. Grion et al.
(2016) propose a deghosting method that works for rough sea surfaces and slanted streamers,
given that the sea-surface pro le is known. The method uses phase-shift redatuming operators
to separate the up- and downgoing components of the wave eld. Processing solutions for
receiver-side deghosting are applicable to source-side ghosts in the CRG domain. However,
source-side deghosting is more challenging than receiver-side deghosting and remains mainly
an unsolved problem (Amundsen et al., 2017; lkelle and Amundsen, 2018) because shots
are sparse. Vrolijk and Blacquere (2021) propose an approach that uses a convolutional
neural network (CNN) to remove source-side ghost re ections in CRGs for coarsly acquired
sources. Because the source deghosting process is carried in the common-receiver domain,
this solution is applicable to horizontal and slated streamers alike.

In this paper, we propose seismic deghosting using CNNs, which is a special type of
arti cial neural networks (ANNs). Our solution does not require any particular acquisition
con guration but requires that its geometry and the bathymetry of the ocean oor be known.

It can remove source- and receiver-side ghosts simultaneously in the shot gather domain.
This feature o ers an opportunity to deghost conventional pressure data acquired at a single
reference surface. We develop a CNN as a deghosting operator that inputs ghost-contaminated
data and outputs a ghost-free prediction. In the following sections, we provide the theoretical
foundation of CNNs, explain how they work, and discuss their bene ts and pitfalls. We

demonstrate how CNNs can remove ghost re ections using examples inspired by realistic
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acquisition and using eld data.

2.2 CNN-based deghosting

2.2.1 Background

ANNSs are machine learning (ML) models inspired by biological neurons found in the
brain (Goodfellow et al., 2016; Geron, 2019; Russell and Norvig, 2016). Neural networks
(NNs) are capable of tackling complex problems from various elds, such as natural language
processing (Sutskever et al., 2014), object recognition (Krizhevsky et al., 2017), and speech
recognition (Hinton et al., 2012) with a great degree of success (LeCun et al., 2015). The
interest in the geophysics community is not new (Van der Baan and Jutten, 2000), but
recent advances in ML have expanded their use in the eld. Geophysical applications include
velocity model building (Araya-Polo et al., 2018; Wu and McMechan, 2018; Yang and Ma,
2019), normal-moveout velocity picking (Biswas et al., 2018; Ma et al., 2018), petrophysical
properties and impedance inversion (Biswas et al., 2019; Das and Mukerji, 2020; Das et al.,
2019), and seismic deblending (Sun et al., 2020).

Various types of ANNs exist, the simplest of which is fully connected NNs, which consists
of layers of neurons stacked together as shown in Figure 2.1(a). The links that connect
di erent neurons represent learnable parameters known as weights. One can nd such weights
through an iterative data- tting procedure called training. The weights map inputs to outputs
according to

!
- X I Al 1. .
a =9 Wi & : (2.1)

i=0

Wherea]! is the value at thejth neuron at the Ith layer, wi'j is the weight that connects
the ith neuron at the ( 1)th layer with the jth neuron at thelth layer, n is the number
of neurons in the (  1)th layer, and g is a nonlinear activation function. Figure 2.1(b)

shows a visual representation of equation 2.1. The activation function in the NN is critical; a
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linear activation function allows only linear mapping between inputs and outputs, whereas a

nonlinear activation function enables the NN to learn nonlinear mappings.

(@)

(b)
Figure 2.1 (a) An example of a fully-connected NN with two input units, two hidden layers

with four units in each layer, and one output unit. (b) A simple model of a ngyiron connected

to four other neurons from a preceding layer. The neuron's output E}j =g Wilj al,

wherea]! Is the value at thej th neuron at the Ith layer, Wilj is the weight that connects the
ith neuron at the (I  1)th layer with the jth neuron at the Ith layer, n is the number of
neurons in the {  1)th layer, and g is a nonlinear activation function.

A fully connected NN su ers from multiple issues that limit its usefulness in some
applications. One such issue is xed input and output size (Goodfellow et al., 2016; LeCun
et al., 2015, 1998). Processing seismic data using NNs requires them to have a structure
that can intrinsically handle data with variable recording lengths and variable number of
traces. Also, the memory requirement of fully connected NNs with a large input size can
be prohibitively expensive (Goodfellow et al., 2016; Geron, 2019; LeCun et al., 1998). In
addition, as the input size to an NN increases, the number of learnable parameters increases

as well. In such cases, one needs to use more training examples to avoid over tting (Geron,
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2019; LeCun et al., 2015, 1998). Fully connected NNs are not robust to any translation of
features (e.g., faults in a stacked section or rst break in a shot gather) in the inputs. This
implies that if a fully connected NN is trained to detect faults in a stacked section, it will
only detect faults in locations where they existed in training examples. LeCun et al. (1998)
and Goodfellow et al. (2016) discuss in depth the limitations of fully connected layers and
point out the advantages of using CNNs as an alternative. In CNNs, convolutional lters
replace the weights characterizing a fully connected layer. CNNs generalize better than fully
connected NNs, i.e., they outperform fully connected NNs on previously unseen data (LeCun
et al., 2015). In addition, CNNs have fewer parameters than fully connected NNs, making
them ideal for complex and large-scale problems.

In the framework of ANNS, a supervised learning approach is the most common form of
learning (LeCun et al., 2015). The goal of supervised learning is to nd the optimal weights
that minimize an objective function given a set of training examples, in which the training
examples are in input-output pairs: (Xi;yi), i = 1;:::;N. The relationship between the
input and output is given by an unknown functionf such thaty; = f (x;). The goal of
training is to nd a function h,,, which is represented by an ANN and parameterized by the
learnable weightsw, which approximates the functionf . In our work, the input (x;) is a
ghost-contaminated shot gather, the output ¥;) is a true ghost-free gather, and,, is the

deghosting operator. We arrive at functiorh,, by minimizing the objective function

X
E(w):N1 kyi  hy(Xi)K?; (2.2)

i=1
with respect to the weights (v) of the NN. A common minimization method used is gradient

descent, which iteratively updates the weights using the gradient of the objective function

@Ewy) .
@vi

where is the learning rate selected experimentally; a small learning rate results in slow

Wi+ = Wk (2.3)

convergence, whereas a large learning rate potentially results in divergence (Geron, 2019).

14



ANNSs are useful and powerful ML models. According to the universal approximation
theorem (Cybenko, 1989; Hornik, 1991; Hornik et al., 1989), ANNSs are universal approximators,
i.e., ANNs with a single hidden layer can approximate any continuous function up to an
arbitrary order of accuracy. ANNs with two hidden layers, on the other hand, can approximate
any function with an arbitrarily small error (Lapedes and Farber, 1987). An exact mapping
of input-output pairs is achievable under some constraints (Huang and Huang, 1990; Sartori
and Antsaklis, 1991; Tamura and Tateishi, 1997).

The ability to approximate any continuous function arbitrarily well is not unique to ANNS.
One can approximate any continuous function up to an arbitrary order of accuracy with
polynomials (including trigonometric polynomials) as well (Carothers, 1998; Je reys and
Je reys, 1950; Stein and Shakarchi, 2011). However, the number of coe cients one needs
to solve for in polynomial regression makes it prohibitive to approximate high-dimensional
functions. The exact number of polynomial coe cients is given by

(n+d)!
nid! ’

(2.4)

wheren is the number of dimensions andl is the degree of the polynomial (Geron, 2019).
The prohibitive cost of approximating high-dimensional functions, which includes the number
of training examples one needs to avoid over tting, is commonly known as the \curse of
dimensionality" (E, 2020; Griebel, 2005; Grohs et al., 2019; Geron, 2019; Hanka and Harte,
1997). The ability of ANNSs to approximate any function, including high-dimensional nonlinear
functions, makes them useful and gives rise to a wide range of applications that would not be
possible otherwise.

The universal approximation theorem (Cybenko, 1989; Hornik, 1991; Hornik et al., 1989)
only addresses the ability of ANNSs to represent continuous functions and does not consider
the learnability aspects of the problem. The existence of an ANN that can approximate
an unknown function does not imply one can nd it. Furthermore, one cannot characterize

which functions can and cannot be approximated by a particular ANN structure (Russell and

15



Norvig, 2016). An ANN architecture is given by a set of parameters (e.g., number of layers,
learning rate, and the type of activation functions) commonly known as hyperparameters.
One has to ne tune the hyperparameters, i.e., to experimentally search for the best set of
parameters to solve a given problem with adequate accuracy (Goodfellow et al., 2016; Geron,
2019). In the context of seismic deghosting, we make use of the ability of ANNs to exploit
any intrinsic relationship between inputs and outputs to construct a deghosting operator.
Such an ANN-based operator takes time to train, but after training it can predict ghost-free
data in a negligible amount of time. However, to construct the deghosting operator, we must
rst search for the best set of parameters. The hyperparameters that de ne the CNN used in
our method are as follows: the number of layers, the number of Iters, the size of each lter,

the learning rate, and the activation function.
2.2.2 Neural network architecture

Our CNN consists of three convolutional layers followed by a masking layer, repeated three
times for a total of 12 layers (Figure 2.2). Each convolutional layer has 16 Iters. The rst two
convolutional layers in the sequence use lIters with a temporal length of 101 coe cients and
a spatial width of three traces in the inline and crossline directions. The third convolutional
layer in the sequence has lters with 11 temporal coe cients and identical spatial width as
the preceding two layers. We use tanh as activation function throughout our NN because it
is centered around zero and bounded betweerl and 1.

In CNNSs, it is common to use lters with a small size (e.g., 3 3) because they usually
outperform large Iters and require fewer computations (Geron, 2019). Given that our
objective is to remove ghost re ections in the time domain, we use temporally long lIters
of 101 samples to reconstruct the low-frequency information of the data. In our numerical
example, a lter with 101 samples covers 12 times the dominant period of the data. Smaller
Iters can achieve the same goal if one uses many more layers. We use temporally short
lters for every third convolutional layer of 11 samples to reconstruct the high-frequency

information. By choosing temporally long and short Iters, we give the CNN freedom to
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