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Abstract

The PhD works discuss the application of Long Short-Term Memory (LSTM) networks in active
wavefield geophysical methods. In this work we emphasize the advantages of Deep Learning
(DL) techniques in geophysics, such as improved accuracy, handling complex datasets, and
reducing subjectivity. The work explores the suitability of LSTM networks compared to Con-
volutional Neural Networks (CNNs) in some geophysical applications. LSTM networks have
the ability to capture temporal dependencies and are well-suited for analyzing geophysical data
with non-stationary behavior. They can process both time and frequency domain information,
making them valuable for analyzing both Seismic and Ground Penetrating Radar (GPR) data.
The PhD work is described in five main chapters covering the methodological development,
regression, classification, data fusion, and frequency domain signal processing. In this thesis we
introduce the concept of "Deep Attributes”, which are derived from the analysis of LSTM’s in-
ternal Hidden Layers (HLs) demonstrating that they can be used to improve the interpretation
of Seismic or GPR data. The stability and robustness of these attributes are evaluated on both
synthetic and real data, including time-lapse applications. We discussed the use of LSTM in
simulating forward modeling for geophysical surveys, which is crucial for inversion methodolo-
gies like Full Waveform Inversion (FWI). While LSTM reduces computational costs, we found
severe limitations due to the 1-D layered assumptions necessary for the velocity field. We found
the LSTM’s effectiveness in classification tasks for reflection events, both binary and multi-
class, and highlighted the significance of the training dataset and statistical robustness in these
tasks. Applications on real data to objectively extract lunar subsurface structures from GPR
Chang’E4 Chinese mission are also presented. Furthermore, the research explores data fusion
using LSTM, with a focus on GPR data from the NASA Mars2020 mission, addressing the need
for merging different radar datasets to improve interpretation accuracy and depth assessment.
Furthermore, we found LSTM’s strengths in regression tasks, frequency manipulation, and its
potential impact on various geophysical applications, including seismic deconvolution, Normal
Move Out (NMO) corrections, and Amplitude Versus Offset (AVO) analysis. In summary, this
PhD thesis highlights the power of LSTM networks in active wavefield geophysics, emphasizing
their ability to handle complex, time-dependent data and to extract valuable information for

interpretation, modeling and inversion.
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Extended Abstract

With the surge in big data and computational power in recent years, the application
of Machine Learning (ML) to geophysical data has gained popularity. In fact, the
data-intensive nature of geophysics makes it a prime candidate for the application
of Deep Learning (DL) techniques. The advantages of DL methods in geophysics
are multiple: improved accuracy (Kim et al., 2020), capability to handle vast and
complex datasets (Caique et al., 2022), reduced subjectiveness in many traditionally
labor-intensive tasks (Feng et al., 2022), among the others. However, as with all DL
applications, care must be taken in model selection, training, and validation to ensure
that the results are both accurate and physically meaningful. Since geophysics is
inherently a study of complex, time- and space-dependent processes, a main question
arises: Which neural architecture is the most suited to the task?. While Convolutive
Neural Networks (CNNs) have seen significant success in image and spatial data
processing (e.g. Alzubaidi et al., 2021), Long Short-Term Memory (LSTM) networks
offer distinct advantages for certain specific datasets (e.g. Hochreiter and Schmidhuber,
1997). Although CNNs are a common choice over the geophysical community (Yu and
Ma, 2021), some recurrent neurons could better represent the physics behind several
geophysical applications. In order to provide a complete answer to this question, the
current PhD work aims at studying in depth the strength, potentiality and limitations
of the use of Recurrent neurons in active wavefield geophysics, widening one of the less

studied branches of DL application to the topic.

LSTM networks, i.e. a type of recurrent neural network (RNN), have shown great
potential for specific applications: their use in geophysics is starting slowly, due
to some severe computational limitations, e.g. Graphical Processing Units (GPUs)
are crucial for their training (Zheng et al., 2021), and gradient issues, e.g. gradient
explosion and vanishing (Staudemeyer and Morris, 2019). Although this, LSTM can
get important advances since it has got the ability to remember patterns over long

sequences and to capture temporal dependencies, which are critical when predicting,



for instance, the next seismic event based on the previous wavefield. CNNs, being
primarily spatial processors, may miss these intricate temporal patterns especially
when introducing a batch division in the dataset. Additionally, geophysical data often
exhibits non-stationary behavior (Kjartansson, 1979), where statistical properties
change over time: LSTM recurrent nature allows to adapt their neurons to such
non-stationarities, making it particularly well-suited for different issues of active
wavefield geophysics. Furthermore, geophysical datasets, such as active seismic or
electromagnetic Ground Penetrating Radar (GPR) data, have information in both
the time and frequency domains: while CNNs can handle spectral data using spectral
bands as channels (akin to RGB channels in images), LSTM can process the time do-

main and then feed into a frequency domain analysis, making the process more cohesive.

Current PhD thesis work is focused on the creation, tests and critical discussions of
a wide set of methodologies covering some of the main applications of DL in active
wavefield geophysics. The work is divided into 5 main chapters, i.e. 1. Methodological
Development, with focus on explainable DL, 2. Regression, 3. Classification, 4. Data
Fusion, and 5. Frequency Domain Signal Processing. The main aim of current work
is to test LSTM and prove the importance of a conscious choice of the neurons,
activation functions and NN geometry. Especially when using a RNN, with the severe
constraints of the causality processes, a careful evaluation on the use of Bi-Directional
wrapper (Graves and Schmidhuber, 2005) is crucial to gain good (i.e. realistic, stable
and robust) results. Moreover, understanding how this neuron works is pivotal to
the explainable Al, opening the “black box” and giving statistical explanations to the
results. To do this, an extensive analysis of the internal Hidden Layer (HL) of a trained
Neural Network based on LSTM has been carried on and presented in Roncoroni et al.,
submitted A. To better generalize the problem and to focus on the neuron itself, we
exploited a Encoder-Decoder (ED) geometry, which aims at reducing the complexity of
the transmitted information, i.e. the encoder restore it in the decoder. Since the input
and the output are fixed, i.e. are the same traces, the analysis of the HLs of a trained
ED-LSTM points out some interesting features of the trace, e.g. frequency changes,
noisy areas, phase continuities, and reflection strengths anomalies, among the others.
We therefore propose the use of such information as helpful seismic (or GPR) signal
attributes (defined as "Deep Attributes”) for interpretation purposes (Roncoroni et
al., submitted A). The current approach has been evaluated both on synthetic data
and on real data. One of the main concerns on this approach was the stability of the
derived attributes: in order to prove such stability, we trained the ED-LSTM on a 4-D
dataset, the Sleipner seismic dataset (Equinor, 2020) using, as training data, a single

3-D post-stack seismic profile acquired in 2008 and inferring the Deep Attributes, i.e.
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the HL features, on the trained ED-LSTM applied to a 3-D post-stack survey acquired
later in time in the same area. The robustness of the results has shown promising

stability even for time lapse (i.e. 4-D) applications.

To probe the capability of LSTM in the recurrent tasks, we propose a methodology
based on a Bi-Directional LSTM architecture to simulate the forward modeling of an
active wavefield geophysical acquisition. Since this task is often crucial for inversion
methodologies, e.g. Full Waveform Inversion (FWI) (Virieux et Operto, 2009), the
reduction of the computing time of the forward modelling and of the memory require-
ment are the main criticisms of current state of the art techniques. In Roncoroni et al.,
2021 we introduced this approach to reduce the computational costs and time of a 2-D
forward modelling in a simple 1-D layered media. Although the computational costs
are heavily reduced and the methodology can be easily scaled to different acquisition
geometry and waveform, a severe limitation lays in the 1-D layered assumption, which
can be considered true only in few specific geological settings and do not generalize

well the actual complexity of the problem in most real scenarios.

Another common task of the application of DL in geophysics is the classification topic,
which has been widely explored especially in the interpretation branch of seismic.
We investigated the potential of LSTM both as binary and as multi-class classifiers,
focusing on reflection events. Roncoroni et al., 2022A proposed a binary classification
of the reflection events on an unbalanced dataset, i.e. 0 for no reflection events and 1
for the presence of a reflection. In this paper we also focused on filling the gap between
field data and synthetic ones by proposing a modified version of the convolutive
approach of the seismic traces introducing a pre-convolutional noise component that
mimics the anisotropy of the geologic materials. The methodology has been applied
successfully on both GPR and seismic real data, proving the performances of the
approach and its robustness. Starting from the proposed approach, in Roncoroni et
al., 2022B we introduced also a multi-class classification, using a simple LSTM-NN
to infer the reflection polarity. Since the task is more complex, we implemented a
combined use of the real part of the seismic trace (i.e. the recorded data) and of some
complex attributes, like the cosine of the instantaneous phase (Chopra and Marfurt,
2005).

Both the approaches had the key strength of the training dataset, generated as a simple
convolution of random reflection coefficients series, and in the statistical robustness

assured by the 1-D analysis. This is a crucial point of the whole implementation: since
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no information on lateral continuity is provided to the NN, the reflection continuity is a
direct and not pre-constrained measure of the quality of the results. The methodology
developed in this works was successfully tested in Roncoroni et al., submitted B with
an application on a complex GPR dataset acquired by the Chinese Chang’E4 mission
on the far side of the moon. Thanks to the integration between GPR attributes and
the DL implemented Horizon Extraction we were able to provide a new and objective

interpretation of several lunar subsurface complex structures.

Another important class of algorithms are the data fusion methods: we tested LSTM
on this complex task using GPR data from the NASA Mars2020 mission, Roncoroni
et al., 2023a. The need of a fusion methodology directly arises from the peculiar
GPR mounted onboard the mission, RIMFAX, which is a gated frequency-modulated
continuous-wave instrument. Due to this choice, the mission produced 3 separated
radar datasets with different information and time windows driven by the central
frequency of the data. Merging this information is crucial to manage the data and
for an accurate interpretation both in depth (exploiting lower frequencies), and
in the shallower part (exploiting higher frequencies). A further generalization was
made by extending the methodology from RIMFAX to classical multi-frequency GPR
acquisitions performed using different antennas, Roncoroni et al., 2023b. This latter
paper shows results on 3-D synthetic data (Koyan and Tronicke, 2020) and on 2-D
field data acquired in Antarctica and extends the methodology to further tests like the

fusion of different data holding different information.

Through all these tests, we found out that LSTM has a great power into regressions
tasks and that a simple convolutive approach can generalize good both the field seismic
and GPR data, without remarkable differences or constraints. Furthermore, the recur-
rent nature on the neuron is perfect to extrapolate information about the frequency
content. Roncoroni et al., Submitted C exploited this ability to extend the frequency
spectrum toward low frequencies, resulting into a sort of denoise on low frequency
deep seismic data (Audhkhasi and Singh, 2022). Finally, the use of this potential to fill
the frequency null space has been proven into the challenging tasks of low frequency
extraction from recorded seismic time series (i.e. traces). The methodology proved to
gain great results in reconstructing the low frequency counterpart of the data not only
in comparison with complex synthetic scenarios (Versteeg, 1994), but also to enlarge
the spectrum of recorded field data. The applications of this technique open up new
interesting possibilities not only into frequency FWI, as discussed into this thesis work,

but also on algorithms like seismic deconvolution using DL, i.e. filling the null space
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towards higher frequencies, as well as in Normal Move Out (NMO) corrections for
Common Shot Gather (CSG) in order to reduce the stretching and gain information
even on large offsets at shallow depth. These applications could be crucial for future
advances not only in wavefield geophysical data interpretation, but also in Amplitude

Versus Offset (AVO) applications on shallow targets.

In summary, the use of recurrent neurons has shown promising results in different
active wavefield applications and for various issues. Although there are some limita-
tions, e.g. the 1-D assumption for the synthetic seismic and the need of GPUs for
training, some promising results were achieved especially in terms of reduction of time-
consuming tasks like seismic forward modeling. Moreover, the study of HL statistics
turned out to be very important not only to understand the behavior of this neuron
with wave-based signals, but also for the extraction of several additional and somehow
embedded information in a statistical way from a geophysical dataset. The application
of LSTM in the classification tasks led to the introduction of a powerful tool that aims
at constraining the seismic and GPR interpretation to a more data-driven solution.
Furthermore, the fusion of different types of data has unlocked the potential of fre-
quency merging and some other applications are now under tests, like e.g. merging of
seismic 3-C recordings and Distributed Acoustic Sensing (DAS) data. The main power
of LSTM over classical CNN-based algorithms is the embedded frequency information
and this could potentially open a completely new branch in addition to the classical
processing techniques, allowing a frequency manipulation that is impossible to achieve

using conventional methods.
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Chapter 1

Overview

Current PhD work aims to study and improve the use of Recurrent Neural Network
(RNN), with specific focus on Long Short-Term Memory (LSTM) for active wavefield
Geophysics.

1.1 Motivations

With the surge in big data and computational power in recent years, the application of
Machine Learning (ML) to geophysical data has gained popularity. The data-intensive
nature of geophysics makes it a prime candidate for the application of Deep Learning
(DL) techniques.

The advantages of DL methods in geophysics are multiple: improved accuracy Kim
et al. (2020) the capability to handle vast and complex datasets Marques et al. (2022),
reduced need for manual intervention in many traditionally labor-intensive tasks Feng
et al. (2022), among the others. However, as with all applications of DL, care must be
taken in model selection, training, and validation to ensure that the results are both

accurate and physically meaningful.

Although the clear advantages that applying Machine Learning (ML) methods in
active geophysics lead, there are some severe limitations, e.g. the lack of large amount
of high-quality labeled data, which can be challenging.

Geophysics is inherently a study of complex, time-dependent processes. As machine
learning techniques gain traction in geophysical applications, a question arises: which

neural architecture is most suited to the task? While Convolutive Neural Networks



(CNNs) have seen significant success in image and spatial data processing (Alzubaidi
et al., 2021), LSTM networks, a type of recurrent neural network (Hochreiter and
Schmidhuber, 1997), offer distinct advantages for certain specific datasets.

LSTM networks have shown immense potential for certain applications but their
use in geophysics is starting slowly, as shown in Figure 1.1.1; due to some severe
computational limitations, i.e. Graphical Processing Units (GPUs) are crucial to make

them computationally efficient, but can get important advances.

Figure 1.1.1: Comparison between the use of CNN (left side) and LSTM (right side)
in active wavefield geophysics according to Journal Citation Reports (JCR)

One of the fundamental differences between LSTM and CNN lies in their inherent
design and applications: while CNNs excel at spatial data processing, making them a
perfect tool for image recognition tasks, LSTMs are designed to handle sequences. The
time-dependent nature of many geophysical datasets - such as for wavefield methods -
could make LSTM a more fitting choice.

LSTMs have the ability to remember patterns over long sequences and can capture
temporal dependencies, which are critical when predicting, for instance, the next
seismic event based on the previous waves behaviour. While CNNs, being primarily
spatial processors, e.g. Alzubaidi et al. (2021), may miss these intricate temporal
patterns, LSTM’s design inherently allows for the backpropagation of errors not just
across layers, but also back through time, thanks to its gating mechanisms.
Geophysical data often exhibits non-stationary behavior (Kjartansson, 1979), with
statistical properties changing over time. LSTM’s recurrent nature allows it to adapt
to such non-stationarities, making this tool particularly well-suited for tasks like
earthquake characterization Berhich et al. (2023), where patterns might evolve due to
changes in tectonic behavior.

Many geophysical datasets, such as seismic or electromagnetic data, can be analyzed

in both the time and frequency domains: while CNNs can handle spectral data using



spectral bands as channels (akin to RGB channels in images), LSTM can process the
time domain and then feed into a frequency domain analysis, making the process more
cohesive.

Furthermore, in geophysics, not all data sequences are of equal length. Some events,
like certain seismic recording, may span from one second to one minute, while others,
like GPR signals, lasts just some nanoseconds. LSTMs inherently deal with sequences
of variable lengths, making them robust choices for the diverse dataset lengths
encountered in geophysics.

To conclude, geophysical data is often replete with noise and outliers, often due
to environmental factors or instrumental errors. LSTM’s sequential nature and its
memory capabilities enables them to recognize and even filter out noises, making

possible more accurate and meaningful interpretations of geophysical phenomena.

1.2 Chapter List

A comprehensive description of the chapters of this thesis is provided hereafter.

Chapter 2

In this chapter we theoretically introduce the main concepts of DL then focusing
on the specific neuron under study: LSTM. After defining the complexities and the
problems, we furthermore provide a complete state of the art for the use of LSTM

networks in wavefield methods.

Chapter 3

In this chapter, starting from a very simple example, i.e. to implement a LSTM-based
NN to perform a convolution, we point out strengths and limitations of using this kind
of architectures. We take into consideration not only the causal nature of a Neuron like
this type and its implications in predicting maximum- and minimum- phase signals,
but also frequencies. Furthermore, at the end of the chapter we present a work based
on the understanding the Hidden Layer of a LSTM network and its possible use as
seismic attributes, as presented in Roncoroni et al. (tteda): G. Roncoroni, E. Forte,
M. Pipan, Deep Attributes: innovative LSTM-based seismic attributes, submitted to
GJI, Under review.

Chapter 4

We here focus on a specific recurrent task, i.e. the generation of synthetic seismic data



with LSTM. Results of this approach are presented in Roncoroni et al. (2021): G.
Roncoroni, C. Fortini, L. Bortolussi, N. Bienati, M. Pipan, Synthetic seismic data
generation with deep learning, Journal of Applied Geophysics, Vol. 190, 2021, 104347,
doi.org/10.1016/j.jappgeo.2021.104347 .

Chapter 5

The classification tasks are one of the most popular applications of LSTM. We
performed a binary classification of seismic and GPR reflections in Roncoroni et al.
(2022a): G. Roncoroni, E. Forte, L. Bortolussi, M. Pipan, Efficient extraction of
seismic reflection with Deep Learning, Computers & Geosciences, Volume 166, 2022,
105190, ISSN 0098-3004, doi.org/10.1016/j.cageo.2022.105190. .

On the other hand Roncoroni et al. (2022b) presents a multi class classification to
define the polarity of the reflections: G. Roncoroni, E. Forte, L. Bortolussi, L.
Gasperini, M. Pipan, Polarity assessment of reflection seismic data: a Deep Learning
approach, BGO, Vol. 63, 2022, n. 4, 693-700, doi.org/10.4430,/bgo00409 .

Starting from the methodology presented before, we applied the algorithm on some
GPR data from Chinese mission Chang’E4, Roncoroni et al. (ttedb), increasing the
objectiveness of the interpretation (Roncoroni et al., ttedc): G. Roncoroni, E.
Forte, I. Santin, A. éernok, A. Rajsi¢, A. Frigeri, W. Zhao, M. Pipan, Deep Learning
driven interpretation of Chang’Ej Lunar Penetrating Radar, submitted to Journal of

Geophysical Research: Planets, Under review.

Chapter 6

Another complex task that could fit well the strengths of LSTM is data fusion: this
class of algorithms gains importance with the increasing amount of available data
which becomes crucial to exploit properly the different resolution dataset.

Roncoroni et al. (2023a) propose this approach to NASA mission Mars2020 in G.
Roncoroni, E. Forte, M. Pipan, Merging gated frequency-modulated continuous-wave
Mars2020 RIMFAX ground-penetrating radar data, GEOPHYSICS, 2023, 83: A7-A12,
doi.org/10.1190/ge02022-0466.1 .

Due to the wide applicability of this approach, Roncoroni et al. (2023b) extended
the methodology with further tests to classical GPR instruments digging deeper into
the theory in G. Roncoroni, E. Forte, I. Santin, M. Pipan, Deep Learning based
multi-frequency GPR data merging, submitted to Geophysics, accepted.

Chapter 7
One of the main advantages of the use of LSTM is the capability to deal with



frequencies, as we did in Chapter 6 for data fusion. We here exploited this potential
for imaging purposes: we present the use of this methodology for real data imaging.
Furthermore, an overview on the current work is introduced in this chapter with focus
on two articles in preparation: one to enhancement low frequency in a processed
post-stack data for deep seismic imaging and the other one is a three-step approach to

fill the low frequency null space gap on raw CSG.

Chapter 8
An overview of the work done during this work and a way forward for LSTM neurons

is presented in this chapter, with a critical analysis of its future perspectives.

Chapter 9
Although the main focus of the project was to understand the use of LSTM in geo-
physical WaveField methods, some other works were jointly performed within the PhD

program. Here we point out some of them.
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Chapter 2

Introduction

2.1 Neural Network

2.1.1 What is a Neural Network

Neural networks (NN) Nielsen (2018) form the foundation of many modern Machine
Learning and Artificial Intelligence systems. They are a broad class of algorithms that
can capture intricate statistical patterns in input data.

The fundamental unit of a neural network is the neuron: it receives inputs, processes
them using a weighted sum followed by a non-linear function (typically an activation
function), and produces an output.

Functions like the sigmoid, hyperbolic tangent (tanh), and rectified linear unit (ReLU)
introduce non-linearity to the network, enabling it to capture complex relationship.
Neurons are organized into layers: input layer, hidden layers, and output layer. The
input layer receives data, hidden layers process it, and the output layer provides the
final output.

Fach connection between neurons has an associated weight. During training, these
weights are adjusted to minimize the difference between the predicted and actual
outputs. Biases are additional parameters that allow neurons to shift their output.

In order to minimize the error between the actual and predicted outputs, in a
supervised learning algorithm, we use backpropagation Rumelhart et al. (1986). It
calculates the gradient of the error function with respect to the weights of the network
for a given input-output pair and adjusts the weights accordingly.

The aim is to minimize a function, i.e. the Loss Function, which measures the

discrepancy between the predicted and actual outputs.



In the years, different types of Neural Networks have developed, main type of neurons

have been divided in:

o Feed-forward Neural Networks (FNN) Bebis and Georgiopoulos (1994): The
simplest type where information flows in one direction, from input to output, for
each hidden layer every neurons of the previous layer is connected to every neuron

on the second: often referred to as fully connected NN.

» Convolutional Neural Networks (CNN) Lecun and Bengio (1995): Primarily
used for image processing, they have convolutional layers that can capture spatial

hierarchies in data.

+ Recurrent Neural Networks (RNN) Sherstinsky (2018a): Used for sequence

data like time series or natural language, they can capture temporal dependencies.

When neural networks have many hidden layers, they are defined as Deep Neural
Networks (DNN) Nielsen (2018). DNN can capture extremely intricate patterns in

large datasets but require more data and computational power.

Specifically, in geophysical applications, some of the state of the art applications of DL

and Geophysics are:

o Seismic Interpretation with Deep learning algorithms. (CNNs) have been
typically applied to improve the accuracy and speed of seismic interpretation,
identifying subsurface features such as faults Wu et al. (2019), horizons Roncoroni
et al. (2022a), and salt bodies Muller et al. (2023), while reducing the overall

subjectivity of the process.

e Prediction of reservoir properties such as porosity, permeability, and fluids
saturation Zhang et al. (2022a).

e ML methods to assist in the automatic picking of seismic arrival times, crucial

for earthquake location and tomographic imaging Feng et al. (2022a).

o Reduce computational requirements in both Electromagnetic (EM) Dai et al.
(2022) and seismic Finite Difference simulations. Moseley et al. (2019), Ron-
coroni et al. (2021)



2.1.2 Neural Network tasks

Commonly, NN applications can be summarized in regression and classification tasks
(Nielsen, 2018; Perotin et al., 2019), an overview on the two differences is presented in
Figure 2.1.1.
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Figure 2.1.1: Description of the two main classes of NN algorithms: regression (left)
and classification (right).

First class of algorithm is regression (Nielsen, 2018), which aims to predict a continuous
value based on input features, e.g. predicting house prices based on features like
square footage, number of bedrooms, location, etc.

The other main task is classification (Zhang, 2000), on the other hand, categorize

data into n different classes, e.g. email spam detection (two classes: spam or not-spam).

2.2 Neural Network ingredients

Training a neural network (NN) is a multi-step process (Nielsen, 2018) that involves
preparing data, designing the network architecture, specifying training parameters, and

then using data to iteratively adjust the network’s weights.



We can summarize the whole process in some pivotal steps:

e Data Preparation:
— Data Collection: Gathering data relevant to the problem

— Data Pre-Processing: Normalization/Standardization, i.e. Scale features to
a small range; data Augmentation, i.e. artificially increase dataset’s size by
creating modified versions of the existing data, used especially in tasks like

image recognition.

— Dataset Split, i.e. Divide the dataset into: Training dataset, Validation
dataset, Test dataset.

¢ Model Design:

— Architecture Selection: Decide on the number of layers and neurons in each

layer based on the complexity of the problem.

— Activation Functions: Choose activation functions for each layer, e.g., ReLU
(Rectified Linear Unit) for hidden layers and Softmax for multi-class classi-

fication output layers.

— Weight Initialization: Initialize the weights, often using methods like Xavier
or He initialization to ensure that activations don’t become too small or too

large in the initial stages of training.

e Training Configuration:

— Loss Function: Select a loss function that quantifies the difference between

the predicted and actual values.

— Optimizer: Choose an algorithm to adjust the weights of the network based

on the loss gradient.

— Learning Rate: Set a step size for weight updates. This parameter may
require tuning, and sometimes learning rate schedules or adaptive learning

rates are used.

— Regularization: Implement techniques to prevent overfitting, such as

dropout, L1/L2 regularization, or early stopping.
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— Batch Size: Decide on the number of samples that will be used to compute

the gradient in each iteration.

e Training Process:

— Forward Propagation: For each input in the training set, compute the pre-

dicted output by passing it through the network layers.

— Loss Computation: Compute the loss by comparing the predicted output to

the actual output.

— Backward Propagation: Use the chain rule to calculate the gradient of the

loss concerning each weight in the network.

— Weight Update: Adjust the weights in the direction that minimizes the loss,

using the selected optimization method.

o Evaluation and Testing:

— Validation Performance: Monitor performance on the validation set during

training to tune hyperparameters and prevent overfitting.

— Testing: After training is complete, evaluate the model’s performance on

the test set to get an estimate of its performance on unseen data.

2.2.1 Neurons

At the heart of every neural network there are Neurons (Minsky and Papert, 1969;
Nielsen, 2018). Each neuron receives one or more inputs, processes them, and produces
an output. A basic Neuron performs a weighted sum of its inputs, adds a bias term,
and then applies an activation function.

Given inputs [z1, T2, ..., T,], weights [w1, wa, ..., wy,], and a bias b: The linear

transformation is defined as:
z=wi -T1 + we- Ty + ... + wy Ty, + b (2.1)
and the activation function f is applied to output z:

y=[f(2) (2.2)
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This can be represented in matrix form as:
y=fw’ o +b) (2.3)

where w is the weight vector and x is the input vector. The activation function, f,
defines the output of a neuron given its input. It introduces non-linearity into the

network, which allow to deal with non-linear relationship.

2.2.2 Optimizers

Optimizers (Abdulkadirov et al., 2023) are algorithms used to update and adjust model
parameters (usually the weights and biases of neurons) in response to the output of the
loss function during neural network training. The goal is to effectively minimize the
loss function, improving the model’s accuracy.

The most fundamental optimization algorithm is the Gradient Descent. It updates

parameters in the negative direction of the gradient according to:
w=w—nVJ(w) (2.4)

where w represents the parameters, 7 is the learning rate and V.J(w) is the gradient

of the loss function J with respect to the parameters w.

Instead of computing the true gradient using the entire dataset (as in vanilla GD),
Stochastic Gradient Descent (SGD), Ruder (2016), replaces the actual gradient calcu-
lated from the entire data set, by a one calculated over a randomly selected subset of
the data. This method introduces a momentum term to dampen oscillations and speed

up convergence. The update rule becomes:

v =pFv —nVJ(w) (2.5)
W =w 4+ v '

where v is the velocity term and  is the momentum coefficient.

Further development was introduced with Adagrad (Duchi et al., 2011), which adapts

the learning rate for each parameter based on the historical gradient information:

n
VG +e€

Where G is a diagonal matrix where each diagonal entry 4, i is the sum of the squares

® VJ(W) (2.6)

W =W —
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of the gradients with respect to w; up to the current iteration, and ¢ is a small

smoothing term to prevent division by zero and © is the element-wise multiplication.
The main optimizer used in this work was Adam (Adaptive Moment Estimation), a
combination of the previous presented optimizer (Kingma and Ba, 2015):

m=pm+ (1—1)VJ(w)
v =Bv + (1= B2)(VJ(w)) (2.7)

Ui
\/v—l—em

where m is the estimate of the first moment (mean) and v is the estimate of the second

W =W —

moment (uncentered variance).

2.2.3 Loss

The Loss Function is a crucial component, for DL methodologies. It quantifies how
well the predictions of a model fits the actual data. During the training phase, the

goal is to minimize the value of the loss function.

Mean Squared Error (MSE) is a commonly used loss for regression problems. It mea-
sures the average squared difference between the estimated and the actual values. It is

defined as:
N

1 .
MSE =+ 3" (ui — 9’ (28)
=1

where: y; is the actual value, g, is the predicted value and N is the number of samples.

Cross-Entropy Loss (Murphy, 2022) is used for binary and multi-class classification
problems. It quantifies the difference between two probability distributions, for binary
classification is called binary cross entropy, while for multi-class classification, with C
classes, it is called Categorical Cross Entropy.

Categorical Cross-Entropy, used in multi-class classification problems is defined as:
C
Categorical Cross Entropy = — Z yelog(7,) (2.9)
c=1

where: C'is the number of classes, y. is the ground truth probability for class ¢ (usually

1 for the correct class and 0 for others) and ¢, is the predicted probability for class c.

13



2.3 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) and their more advanced counterparts, like Long
Short-Term Memory networks (LSTMs) and Gated Recurrent Units (GRUs), are par-
ticularly well-suited for sequence-based data. While the primary domains of application
for RNNs have been time series forecasting, natural language processing, and speech
recognition. Their potential applications in geophysics, especially in time-dependent or

sequential data scenarios, are being explored.

2.3.1 General description

A Recurrent Neural Network (RNN) (Sherstinsky, 2018b; Staudemeyer and Morris,
2019) is a type of artificial neural network designed for processing sequences of data.
Unlike traditional feedforward neural networks that process inputs in a single pass,
RNNs have a feedback loop that allows information to be passed from one step in the
sequence to the next, as shown in Figure 2.3.1. This loop enables RNNs to maintain
a form of memory or context, making them particularly useful for tasks involving

sequential data like time series, natural language, speech.

Xt

Figure 2.3.1: Schematic sketch of a single Recurrent Neuron that loops over time.

The key feature of an RNN is its ability to take the output from a previous step and
use it as an input for the current step, effectively allowing the network to incorporate
information from previous steps into its current decision-making process. This process
of incorporating previous information makes RNNs suitable for tasks where the order
and context of the data matter.

However, traditional RNNs have some limitations, especially when they come to cap-
turing long-range dependencies in sequences. In fact, they suffer from the ”vanishing

gradient” problem Staudemeyer and Morris (2019), which makes it difficult for them
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to retain and propagate information over long distances in the sequence.

To address this limitation, various advanced RNN architectures have been developed.
One of them is the Long Short-Term Memory (LSTM) network, which includes
specialized mechanisms to control the flow of information and mitigate the vanishing
gradient problem, Figure 2.3.2. Another architecture is the Gated Recurrent Unit
(GRU), which is a simplified version of LSTM that also addresses the gradient

vanishing problem while requiring fewer parameters.

Figure 2.3.2: Unrolling the time loop we can see the memory concept: output h; gets
information from all the previous inputs, depicted from zy and x;.

At its core, a RNN processes sequences of data by introducing a hidden state that is
updated at each time step. The hidden state at time step t is denoted as h;, and it
is calculated using the current input x; and the previous hidden state h;; along with

some learnable parameters W and biases b:

hy = f(W . [htl,l't] + b) (210)

Here, f is the activation function like the hyperbolic tangent (tanh) or Rectified Linear
Unit (ReLu), w represents the weight matrix, and [hy1, 2] is the concatenation of the

previous hidden state and the current input.

2.3.2 LSTM neuron

In LSTM (Staudemeyer and Morris, 2019), the hidden state is split into two parts:
the cell state ¢; and the hidden state h;. LSTM introduces three gating mechanisms
that control the flow of information: the forget gate, input gate, and output gate. A

schematic representation of the neuron is depicted in Figure 2.3.3
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Figure 2.3.3: General representation of a single LSTM neuron at a single time step ¢

The key point is the cell state ¢;, depicted in Figure 2.3.4 , which gives to LSTM
the capability to selectively add or remove information from its cell state, a process

meticulously managed by specialized structures known as gates.

Figure 2.3.4: Schematic representation of the cell state line.

Gates serve as a mechanism to choose whether or not to permit information to flow
through. They are constructed using a sigmoid neural network layer in combination
with a pointwise multiplication operation.

The sigmoid layer generates values within the range of zero to one, indicating the
extent to which each component should be allowed to pass through. A value of zero

means "block everything,” whereas a value of one means "allow everything”. Within a

16



LSTM, there are three of these gates, which serve to safeguard and regulate the cell
state and are: the forget gate, the input gate, and the output gate.

The initial step within LSTM involves determining which information must be
discarded from the cell state; this decision-making process is carried out by a
sigmoid layer referred to as the "forget gate layer”, Figure 2.3.5 . This layer
examines both h;—y and z; and produces a numerical output ranging from 0 to 1

for each element within the cell state C;_1. We can formalize the forget gate process as:

fr=0(W;g-[ht—1, 2] + by) (2.11)

where f; is the part of information to be a forgotten, Wy is the actual weight of the

NN, h;—1 is the previous timestep hidden state while x; is the actual input.

Figure 2.3.5: Schematic representation of the forget gate.

The input gate decides what new information to store in the cell state ¢;, depicted in
Figure 2.3.6. Similar to the forget gate, it takes h;—1 and x; as inputs and produces a
value between 0 and 1 for each element in the cell state. It also produces a candidate
cell state (¢¢) that will be added to the cell state.
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Figure 2.3.6: Schematic representation of the input gate.

The main target of the input gate is to determine which new information to incorporate

into the cell state. This process comprises two components:

i = U(Wt . [ht—ly l’t] + bz) (2.12)
Cy = tanh(W¢ - [hy_1, x¢] + bc) (2.13)

where W; and W are the weights, h;—1 is the previous timestep hidden state while x
is the actual input.

Initially, a sigmoid layer referred to as the ”input gate layer”, denoted as i; determines
which values have to be modified or updated. Following this, a hyperbolic tangent
(tanh) layer generates a vector of potential new values denoted as C}, which could be

appended to the current state.

Once we have computed forget and input gates, the cell state Cy can updated by
combining the information selected by the forget gate and the information from the

input gate’s candidate cell state, Figure 2.3.7.
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Figure 2.3.7: Schematic representation of the update of the cell state.

We apply this transformation to the former cell state, C;_q, into the updated cell
state, Cj.

Cy=fi*xCr_q +ip Oy (2.14)

where the first term removes the elements we previously elected to forget from
the previous cell state C;_jand the product of i; and C’t represents the new can-

didate values scaled by the extent to which each element of the state has to be modified.

Lastly, LSTM determine the information we intend to output. This output will be

derived from our cell state, but will represent a refined version of it, Figure 2.3.8.

Figure 2.3.8: Schematic representation of the output gate.
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The process involves two key steps: first, we apply a sigmoid layer, which makes de-
cisions about which components of the hidden state cell state have to be included in
the output and we pass the cell state through a hyperbolic tangent (tanh) layer. We
then multiply the output of the sigmoid gate by the result of the tanh layer. This
multiplication ensures that we only output the portions of the cell state that we have

chosen to retain.

Oy = O'(Wo[htfl, .CEt] + bo) (215)
ht = Ot * tanh(Ct) (216)

2.3.3 LSTM modifications

What has been elucidated thus far pertains to a conventional Long Short-Term
Memory (LSTM) network. However, it is essential to recognize that the LSTM
landscape is characterized by a rich tapestry of various modifications.

One salient variant in the realm of LSTMs, as first proposed by Gers and Schmidhuber
(2000), incorporates “"peephole connections.” This innovation entails permitting gate
layers to incorporate information from the cell state, thus enabling a more intricate
information flow. Although our earlier diagram depicted the inclusion of peepholes
across all gates, many scholarly works selectively introduce peepholes for specific gates,
rendering the model more adaptable to specific contexts.

Another departure from the conventional LSTM architecture involves the adoption of
coupled forget and input gates. Instead of independently deciding what information
to retain and what to introduce, these decisions are intertwined. The concept
revolves around the concept that forgetting takes place only when fresh information
is introduced, and new values are integrated into the state only when antiquated
information is erased. This approach aligns the memory management process more
closely with the information introduction, thus facilitating enhanced information flow
control.

A more substantial departure from the LSTM framework is embedded in the Gated
Recurrent Unit (GRU), an innovation introduced by Chung et al. (2014). The
GRU consolidates the forget and input gates into a singular "update gate,” thereby
simplifying the model. This design modification also combines the cell state and the
hidden state, resulting in an architectural refinement that has witnessed an upsurge in
popularity over time.

The catalog of LSTM variants is far more extensive than the aforementioned examples.
It includes models like Depth Gated Recurrent Neural Networks (RNNs) by Yao et al.
(2015) and divergent strategies to address long-term dependencies, such as Clockwork
RNNs proposed by Koutnik et al. (2014).
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The critical inquiry pertains to the optimality of these variant models and the signifi-
cance of their disparities. In this regard, Greff et al. (2015) undertook a comprehensive
comparative analysis of popular LSTM variants, ultimately discerning their relative
performance parity. Jozefowicz et al. (2015), in a deep analysis, assessed over ten
thousand RNN architectures and uncovered certain models that exhibited superior

performance compared to LSTMs in specific task domains.

2.3.4 LSTM problems and solutions

Standard Recurrent Neural Networks (RNNs) face a limitation in handling sequences
longer than approximately 5 to 10 time steps, as described in Gers et al. (1999). This
limitation arises from the tendency of back-propagated error signals to either grow ex-
ponentially or diminish significantly with each time step. Over an extended sequence,
this behavior causes the error to either blow up or vanish, making learning challenging
or even impossible (Hochreiter and Schmidhuber, 1996; Bengio et al., 1994).

To understand this problem more thoroughly, let’s examine the back-propagation al-
gorithm and the vanishing error analysis. When updating the weights of an RNN after

it has processed data from time t0 to time t, the weight update formula is given by:

8Ejtoml (tla t)

AVv[u,v] =N BW[u ol

(2.17)

aEtota,l (t/ 1t)
Wy,

propagated error signal at time ¢ (with ¢y < t) of the unit w is:

where, represents the gradient, and 7 is the learning rate. The back-

Vu(7) = f1,(2u(7)) (Z Wl (T + 1)) (2.18)
vel

where 7 is the time unit, W, , is the weight that connects the unit v to the unit u and
zy is the weighted input of the unit u.

Therefore, in the context of a fully recurrent neural network featuring a collection of
non-input units U, the error signal occurring at a specific output-layer neuron o € O
(being O the set of output units at time-step t) is retroactively propagated through
time for a duration equal to t — to time-steps (where tgj t), ultimately influencing an
arbitrary neuron v. This process results in the error being modified by the subsequent

scaling factor:

! L(zo(t Wiow 'ft—t/:L
89, (t) :{ (20 (') Wio ! (2.19)
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To solve this equation, we need to unroll it over time. For ¢’ < 7 < t, consider u, as a
non-input-layer neuron in one of the replicated networks at time 7. By setting u; = v

and uy = o, Staudemeyer and Morris (2019) derives the equation:

t') t ) /
¢S E D DI DI () | QEACHUSE Sl (2.20)

80,(
o up €U w_1€U \7=t/+1
From this equation, if the magnitude of the term f, (zu, (t — 7 + ")) Wiy, u,_, is
consistently greater than 1 for all 7, the product grows exponentially, leading to errors
blow-up. Conversely, if this term is consistently less than 1 for all 7, the product
decreases exponentially, causing the error to vanish, hindering effective learning within
a reasonable time frame.
A more comprehensive theoretical analysis of the challenges with long-term dependen-
cies in RNNs is discussed in Kremer and Kolen (2001), which also briefly introduces
potential solutions to address this problem.
According to Gers et al. (2003), Long Short-Term Memory (LSTM) networks are
particularly effective in tasks where a small amount of information needs to be retained
over an extended period. This remarkable ability is attributed to the use of memory
blocks within LSTMs. Memory blocks are unique structures that offer control over the
flow of information through input and output gates, preventing irrelevant data from
entering or leaving the memory block. Additionally, memory blocks feature forget
gates that selectively weight the information stored within the cell. When previous
information becomes obsolete, these forget gates can reset the state of individual cells
inside the block. The presence of forget gates also enables the continuous prediction of
data, as they can help cells entirely forget their previous states, preventing any biases
in future predictions.
However, like other neural network algorithms, LSTMs require the network’s ar-
chitecture to be predefined, with the number of memory blocks remaining constant
throughout the network’s operation. Consequently, the memory capacity of the
network is ultimately limited. Reference Gers et al. (2003) also points out that this
limitation is unlikely to be resolved by simply increasing the network’s size uniformly
and suggests that modularization can facilitate more effective learning.
LSTM offers a broad range of variants and topologies to suit different applications. In
recent years, the foundational LSTM method has often been referred to as "vanilla”
LSTM and is commonly used with various extensions and modifications.
Conventional Recurrent Neural Networks (RNNs) typically analyze data in a unidi-
rectional manner, considering only the past information during processing. However,

the work presented in reference Graves and Schmidhuber (2005) explores the concept
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of bidirectional analysis in the context of LSTM networks. In fact, in a bidirectional
LSTM, data is processed in two directions: both forward and backward through two
separate LSTM networks. These two networks share the same output layer, and this
bidirectional approach is especially useful for tasks like phoneme classification, as
noted in Graves and Schmidhuber (2005).

One significant advantage of bidirectional LSTM is that it eliminates the one-step
truncation limitation that was present in traditional LSTM networks. Instead, it
implements a complete error gradient calculation, making it more capable of handling
sequences effectively. This approach simplifies the implementation of bidirectional
LSTM and allows it to be trained using the standard back-propagation Through Time
(BPTT) algorithm.

2.4 The 1-D approach

Most of the approaches based on CNN exploit the 2-D or even 3-D nature of the data;
on the contrary, LSTM is a purely 1-D approach, except for some modifications, e.g.
grid-LSTM Greff et al. (2015).

This thesis work aims not to overtake this limitation, but to exploit it. Since the
classical DL approach is not based on the physics of the phenomena but on statistical
relationship inside the data, we want to test if further statistics could be exploited by
considering a pure 1-D approximation.

If we take into consideration the waves propagation inside a medium, a 2-D assumption
should be done to take into consideration the physics of the wave propagation. In
Roncoroni et al. (2021) we had to simplify the actual relationship to obtain a problem.
We therefore decided to work under the assumption of a pure 1-D velocity model: this
is a clear limitation introduced by the nature of the neuron.

On the other hand, Roncoroni et al. (2022a) and Roncoroni et al. (2022b) focus on
the specific task of extracting events from a seismic recording and the 1-D approach
exploited in the two articles gives more robustness to the method without simplifying
the problem. If we would lay under a pure 2-D assumption, we would probably
increase the extracted horizon continuity but we should be very careful about the
obtained results, possibly missing reflections in very low Signal-to-Noise ratio data
or introducing some untrue and spurious correlations. Since we forget about lateral
continuity and we rather focus on the information held by a single trace, we can
make further evaluations on the performances achieved by the method by looking for
the lateral continuity of the reflectors which is totally independent by the extraction
procedure since, as pointed out, it is completely 1-D. Furthermore, in Roncoroni et al.

(tted), the geological setting itself was not fitting a pure a 2-D approach, since the
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reflection events in the data were not due to laterally-continuous changes, but in
most of the cases by local scattering and diffraction points. In that setting, the look
for lateral continuity would possibly have laid to incorrect results simulating lateral
continuities which no longer exist.

A final remark on the strengths of the 1-D approach should be done on the topic
of signal processing with DL: in the data fusion tasks (Roncoroni et al., 2023a,b) as
well as in the frequency manipulations, the main strength specifically lays on the 1-D
approach. In fact, in both cases we can skip any lateral continuity, just focusing on

the frequency-amplitude content behaviour.

2.5 LSTM and Geophysics: State of the art

Current state of the art proposes several LSTM application topics, covering different
steps of velocity analysis, inversion, data interpretation, data processing and other
analysis related to the exploration geophysics an more.

Velocity analysis and inversion are getting more and more important in actual
geophysics: due to this, the creation of DL-based methodology has gained popularity.
Pereg et al. (2020) proposes a new method for pre-stack time migration velocity
analysis (MVA) of seismic data using RNNs. The approach leverages RNNs’ ability
to learn structural information in time and space to map local data sub-volumes to
velocity points, generating the root-mean-square (RMS) velocity field. The approach
is highly efficient computationally and can reduce the workload for analyzing large
volumes of 3D seismic data, although this methodology could have problems in low
Signal to Noise ratios (S/N) scenarios.

Gao et al. (2022) introduce a new model incorporating a deep-learning-based data
correction term to account for the portions of the data that cannot be adequately
represented by the convolutional model alone. The data correction term is imple-
mented using a LSTM-based DL architecture, with the parameters learned from a
dataset comprising several well logs. The results demonstrate that the new model
effectively characterizes complex seismic data and the proposed SD method exhibits
significant advantages over traditional methods when it comes to building high-fidelity
new reflectivity model in complex scenarios.

Cova and Liu (2023) works with S-wave velocity in reservoir characterization and rock
physics modeling. To address the lack of this information, a supervised data-driven
approach is proposed using a graph convolutional network with a bidirectional gated
recurrent unit (GCN-BiGRU).

The method leverages the total information coefficient to capture non-linear dependen-

cies among well-log data and utilizes graph embedding to extract spatial relationship.
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The bidirectional gated mechanism is employed to incorporate depth relationship
in both upward and backward directions. Additionally, the method incorporates an
unsupervised graph neural network to handle outliers and generates additional features
using the complete ensemble empirical mode decomposition with the additive noise
method.

Comparing the GCN-BiGRU network with other machine learning methods, (such
as Castagna’s empirical velocity formula, support vector regression, long-short-term
memory (LSTM), GRU, and BiGRU) using a North Sea reflection seismic open
dataset, the results demonstrate that the proposed method outperforms the other
approaches in predicting S-wave velocity.

Zhang et al. (2022b) uses A Spatio-Temporal Neural Network (STNN) for post-stack
impedance inversion in seismic data. The STNN consists of a convolutional neural
network (CNN) block, and a recurrent neural network (RNN) block, enabling the
network to capture the dynamics and correlations of seismic series in both space and
time. The STNN outperforms traditional CNN-based methods in terms of inversion
accuracy and geologic reliability.

Wang et al. (2022) proposes a novel method for robust and convenient S-wave
velocity inversion and prediction. The S-wave velocity is an important parameter in
reservoir characterization, seismic inversion, and geo-mechanical analysis. Obtaining
accurate S-wave velocity measurements from field data is challenging, and traditional
petrophysical modeling can be influenced by subjective factors. The proposed method
combines a convolutional neural network (CNN) with a long short-term memory
(LSTM) network to establish a deep hybrid neural network. The CNN captures
the nonlinear mapping relationship between conventional logging data (acoustic and
density) and S-wave velocity, while the LSTM network incorporates the vertical
variation trend of the stratum. The proposed method offers a novel and practical
approach for S-wave velocity prediction with significant implications in academia and
industry.

Due to the great power of the RNNs in dealing with causal signals, an extensive use
has been proposed for signal processing purposes.

He et al. (2022) start from wavelet transform, widely used in seismic waveform analysis,
and address the computation issue on its application on big datasets. To address this
problem, a novel wavelet selection method is proposed, considering the big dataset for
intelligent processing of seismic signals. The method calculates the relevance (r) based
on the correlation coefficient and variance contribution rate of seismic waveforms.
By calculating r values for all seismic signals in the dataset, a set is formed. The
decomposition stability (w) is defined as the mean value (m) divided by the variance

value (s?) of the set. The wavelet that maximizes w for the dataset is considered
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the optimal wavelet. The proposed method is applied to automatic mining-induced
seismic signal classification and seismic P arrival picking. The results demonstrate
that the proposed method effectively enhances the intelligent processing of seismic
signals, improving accuracy in classification, and reducing errors in picking seismic P
arrivals.

Pan et al. (2020) faces conventional sparse spike deconvolution algorithms based on
the iterative shrinkage-thresholding algorithm (ISTA) and its huge limitation, i.e.
when the accuracy of the wavelets is compromised. To address this, a novel approach
is proposed, combining recurrent neural networks (RNNs) and ISTA to develop an
RNN-like ISTA as an alternative sparse spike deconvolution algorithm. The algorithm
is tested using synthetic and real seismic data. The proposed algorithm improves the
accuracy of deconvolution results by reducing the impact of incorrect seismic wavelets
provided by conventional ISTA. The study presents the mechanism and derivation of
the algorithm and verifies its effectiveness through examples both on synthetic and
real data.

Biswas et al. (2019) successfully applies RNNs to seismic processing tasks, including
Normal MoveOut (NMO) correction. Traditional methods involve human intervention
and extensive computation time. In this study, a novel approach using recurrent neural
networks (RNNs) is developed for NMO velocity estimation directly from seismic
data. The RNN is trained using supervised learning, where input gathers (before
NMO correction) and corresponding pre-calculated NMO velocities are used as labeled
data. The Adam optimization algorithm is employed to train the RNN, adjusting the
weights of the neurons to minimize the mean squared error between the estimated and
correct NMO velocities. Once trained, the RNN can predict NMO velocities for the
rest of the seismic gathers.

The method is validated on a noisy dataset from Poland, where only 10% of the CMPs
are used for training. The trained network is then utilized to predict NMO velocities
for the remaining CMP locations. The stack section obtained using the RNN-generated
NMO velocities closely resembles the stack obtained using the conventional semblance
method.

Liu and Ma (2022) address the challenge of predicting sharp and accurate images in
spatio-temporal sequences. They introduce the concepts of Short time Interactive
Memory (SIM) and Long erm Interactive Memory (LIM) to enhance the long term
interaction between states in the network. The SIM block updates the current input
and hidden states, while the LIM block updates memory cells and hidden states. By
stacking the I-LSTM units, the IM-LSTM model is constructed. Experimental results
demonstrate the effectiveness and flexibility of the proposed method, outperforming

other advanced methods in terms of predicting future frames and other representations,
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as evaluated by the Learned Perceptual Image Patch Similarity (LPIPS) index.

The high complexity of exploration projects, e.g. 4-D seismic datasets, requires DL for
dealing with such a complexity, especially in the exploration geophysics.

Feng et al. (2022b) focuses on 4-D seismic monitoring, widely used in CO2 sequestra-
tion projects, to monitor the fluid flow in the subsurface through time. To address
the limited data availability and high surveys costs, resulting in sparse seismic data,
spatio-temporal neural network-based models have been developed to effectively and
efficiently interpolate and extrapolate high-fidelity images . The models are based
on an autoencoder architecture and incorporate the LSTM structure with a new loss
function regularized by optical flow. Real 4-D post-stack seismic imaging data from
the Sleipner CO2 sequestration field is used to validate the models. Both the numerical
and expert evaluations demonstrate that the models can generate high-quality 2-D/3-D
seismic imaging data at a reasonable computational cost. This offers the potential
for real-time monitoring and near-future forecasting of CO2 storage reservoirs. The
developed models provide valuable insights for understanding reservoir behavior and
assessing potential risks in CO2 sequestration projects.

Zhang et al. (2022a) study reservoir parameters prediction, which is crucial for oil and
gas exploration. To address the lack of complete reservoir description using elastic
parameters obtained from seismic inversion, a deep learning method based on a gated
recurrent neural network (GRNN) is developed for simultaneous prediction of porosity,
saturation, and shale content. The GRNN, based on Gated Recurrent Unit (GRU),
updates and resets the hidden state automatically. The input model parameters are:
compressive wave velocity, shear wave velocity, and density. The model is trained to
capture nonlinear relationship between these input parameters and multiple physical
parameters. The input data is pre-processed using z-score whitening, and the model
hyperparameters are optimized based on the mean absolute error (MAE) of the
validation set. Although the prediction is weaker than methods using logging data due
to differences in input parameters, the proposed GRNN method holds higher practical
value for exploration work.

Sun et al. (2020) introduces a theory-designed recurrent neural network (RNN) for
single- and multi-dimensional scalar acoustic seismic forward modeling, allowing the
forward propagation to be set up. Training this network using measured seismic
data effectively solves the seismic inverse problem and is equivalent to gradient-based
seismic full-waveform inversion (FWI).

The RNNSs are refined by comparing different optimization methods and learning rates,
including standard deep-learning optimization, nonlinear conjugate gradient, and
limited-memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) algorithms. Numerical

analysis indicates that adaptive moment (Adam) optimization with a learning rate
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matching standard FWI updates produces stable and reliable waveform inversion
results. This finding is confirmed by a multidimensional 2D Marmousi experiment.
Main limitation is linked to the limited exploitation of this methods on real data.

In conclusion, RNN were used to perform reflection seismic data interpretation and
classification.

Junior et al. (2023) proposes a methodology to aid geoscientists in analyzing and inter-
preting seismic data with RNN tools focusing on direct hydrocarbon indicators. The
methodology, for gas accumulation detection, uses a combination of the convolutional
LSTM model and particle swarm optimization scheme. The proposed method achieved
impressive performance metrics, including an Fl-score of 84.22% and an accuracy of
99.42% in the best scenario.

Nie et al. (2023) faces the problem of automated interpretation of seismic data.
However, traditional deep learning methods solely rely on labeled data for model
training, which limits their utilization of a vast amount of unlabeled data. To
address this severe issue, self-supervised learning, commonly used in Natural Language
Processing (NLP) and Computer Vision, is proposed as an effective approach to learn
from unlabeled data.

In this study, a pretext task inspired by Masked Autoencoders (MAE) is designed for
self-supervised pre-training using unlabeled seismic data. The pre-training phase aims
to extract valuable information from the unlabeled data. Subsequently, the pre-trained
model is fine-tuned for downstream tasks. Experimental results demonstrate that the
model effectively captures information from unlabeled data through the pretext task,
leading to improved performance in downstream tasks. One of the main limitation
of this approach is the degradation of performances when the Signal-to-Noise ratio

decreases.

2.6 Conclusion

In this introductory chapter, we have pointed out the fundamental concepts of LSTM
networks and their various modifications for different geophysical applications exploited
only in very recent years. We have discussed how LSTMs are particularly effective in
tasks where retaining information over an extended period is essential. The unique
structure of LSTMs, with memory blocks and forget gates, allows for precise control over
the flow of information and enhances their suitability for several tasks in exploration

geophysics.

We've also delved into the significance of LSTM algorithms modifications, such as

peephole connections, coupled forget and input gates, and the Gated Recurrent Unit
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(GRU). These innovations offer increased adaptability and improved information flow
control, addressing some of the limitations faced by standard Recurrent Neural Net-

works (RNNs) when dealing with long sequences.

Furthermore, we’ve highlighted the importance of LSTM models in solving specific geo-
physical problems, such as seismic data interpretation, velocity analysis, and reservoir
parameters prediction. The application of LSTM networks in addressing the complex-
ities of geophysical exploration projects, including 4-D seismic imaging, has demon-

strated their potential in real-time monitoring and forecasting.

Additionally, we’ve discussed the application of RNNs in signal processing, specifically
dealing with seismic waveform analysis, where they have shown promise in improving
accuracy and reducing computation times. Self-supervised learning using LSTM-based
approaches has enabled the utilization of unlabeled data in automating seismic data

interpretation.

In conclusion, this introductory chapter has laid the foundation for understanding the
role of LSTM and RNN-based models in geophysics, showcasing their potential to rev-
olutionize data analysis, interpretation, and prediction in the field. As we progress
through this work, we will delve deeper into the applications, methodologies, and lim-
itations of these neural network architectures in addressing complex geophysical chal-

lenges.
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Chapter 3

Explainable AI

Explainable Al (XAI) refers to the concept of designing and developing artificial
intelligence systems and machine learning models in a way that makes their decision-
making processes understandable to the user. XAI aims to bridge the gap between
the black-box nature of many advanced Al models and the need for humans to trust,
check, interpret, validate, and control these systems. XAl is particularly important in

scenarios where Al is used for critical applications and decisions.

Some of the key principles and techniques of Explainable AI are interpretability,
Feature Importance, Model Transparency and both local and global explanations.
Making Al models more interpretable by providing insights into how they arrive at
their predictions or decisions making the methodology stronger and more reliable.
This can involve using simpler models, like decision trees or linear models, that are
easier to understand. Although this, for some complicated tasks, these simple models
do not grant the required complexity to provide affordable results.

Identifying the most influential features or factors that the Al model uses to make
predictions can help users to understand which variables contribute the most to a
decision and evaluate the physical reasons that were leading the model to give certain
output.

Furthermore, providing both local explanations for individual predictions and global
explanations for the overall behavior of the model is crucial to all the AI based
techniques. Local explanations help users to understand why a specific prediction was
made, while global explanations offer insights into the model’s general behavior.
Explainable Al is essential not only for increasing trust in AI systems but also
for debugging and improving models, uncovering biases, and identifying potential

concerns. XAI allows the user to have more control over Al systems and fosters
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responsible Al development and deployment.

In this chapter, starting from the basic knowledge provided into the Chapter 2, we
focus on some XAl-related topics, starting from the results obtained throughout this
whole research work. Actually, understanding the results of given models is not only
linked to its complexity, but also to the training data and on the internal feature of

the neuron itself.

3.1 Training dataset

One of the fundamental challenges in real-word DL application is the gap between
training and testing data. This section explores the importance of closing this gap,
discusses the challenges involved, and outlines potential strategies and approaches to
address this issue.

One of the central challenges in active wavefield geophysics, as well as in many other
machine learning applications, is the gap between training and testing data. In the
context of seismic data analysis, this gap arises from differences between the data
distributions encountered during training and those encountered in the real-world
testing dataset. Furthermore, for some specific tasks, it is difficult, when possible, to
acquire field data to train the model. This gap can lead to model inaccuracies, and in
turn, limit the practical utility of machine learning algorithms.

Understating which is the statistical distribution that a model need to be trained to
be applicable on field data is crucial and is heavily task-dependent. The best approach
would be the use of real data with precise labels: even though this would be the
best choice, most of the times it is not applicable since the data does not generalize
properly the geological complexity, are biased by subjective intervention (e.g. in
seismic interpretation), or are very expensive to acquire.

Due to this limitation we were testing the best way to generate synthetic data that
would lead to accurate applications on real-case-scenarios.

The best approach is to perform a Finite Difference modelling of the wavefield: this is
crucial for some tasks, likesynthetic data generation Moseley et al. (2020), Roncoroni
et al. (2021), but can be too expensive and time demanding for some other applications
like reflections picking (Roncoroni et al., 2022), due to the huge amount of different
scenarios that are mandatory to generalize well the real world complexity.

One of the key modifications introduced to the classical seismic convolutional model
Russell (1988) related to the noise: while from literature Yilmaz (2001) the seismic

trace was introduced as:
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S(t) =r(t) *w(t) + n(t) (3.1)

where S(t) is seismic trace, r(t) is the reflection coefficients series over time, w(t) is
the wavelet and n(t) is the noise.
In Roncoroni et al. (2022) we found out that, for NN training purposes and for specific

tasks, a better generalization for both real seismic, or even GPR data is represented by:

S(t) = (n1(t) +r(t)) * w(t) + na(t) (3.2)

where S(t) is seismic trace, r(t) is the reflection coefficients series over time, w(t) is
the wavelet and na(t) is the noise added post convolution, while n(¢) is the noise

added directly to the reflection coefficients, both having a random distribution.

In order to show the data preparation, we provide the code for this sec-
tion in https://github.com/Giacomo-Roncoroni/LSTM-wavefield/tree/main/00_
data_generation.

In Figure 3.1.1 we show a starting velocity model, Figure 3.1.1A, the reflection co-
efficient computed as in Yilmaz (2001) 3.1.1B and the final convoluted data 3.1.1C.
Velocity model is created according to the one introduced by Wu et al. (2019).

Figure 3.1.1: 2-D Data preparation process: random velocity model (A), reflection
coefficient series (B) and final convoluted trace without any noise (C).

By adding random noise to the reflection coefficients series, as described in Eq. 3.2,

we get results provided in Figure 3.1.2
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Figure 3.1.2: Noise free reflectivity series (A) and the same series with random noise

added (B).

If we now convolve a wavelet (a Ricker wavelet in used in all these examples) we get to

the final 2-D seismic data simulation. In Figure 3.1.3 we can compare the results: as
we can see, the noise introduced by the convolution is better representative of a real

seismic dataset.

The noise shown in Figure 3.1.3B is still strong, but it does not affect the reflections.

Training performed on a dataset like the one in Figure 3.1.3B would led to worst

performances in applications on real data.
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Figure 3.1.3: Convoluted data without noise (A), as described in Eq. 3.1 (B) and as
proposed in Eq. 3.2 (C).

Looking more carefully at the waveform in Figure 3.1.4, we can clearly see that the
pre-convolution noise acts on the same frequency area as the actual signal, introducing
random noise that can also be, by chance, coherent between some adjacent traces.

A data like in Figure 3.1.4C can generalize better the noise component that we can

find on real seismic data.
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Figure 3.1.4: Wiggle plot of the convoluted data without noise (A), as described in Eq.
3.1 (B) and as proposed in Eq. 3.2 (C).
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3.2 Convolution simple examples

Since one of the key concepts of this work is to establish when LSTM could be
good to develop specific methods in active-wavefield geophysics, we provide here a
simple example on the use of LSTM and on the eventual use of the Bi-Directional
wrapper. All codes related to this section are available in https://github.com/
Giacomo-Roncoroni/LSTM-wavefield/tree/main/01_LSTM-1D-Conv.

If we assume that we want to train a LSTM-based NN to perform the convolution of
a fixed wavelet (a Ricker wavelet with a fixed frequency fy in the present case), to
a randomly distributed reflectivity coefficients series, we need to define the training
dataset.

We can easily create a dataset by using a convolution operator on randomly distributed
reflection coefficients. Before we train the NN let’s consider the two cases depicted in
Figure 3.2.1 namely: a maximum phase convolution, i.e. 3.2.1B, and a zero phase

convolution i.e. 3.2.1C

Figure 3.2.1: Task introduction: random reflectivity coefficients (A), maximum phase
convolution with a Ricker wavelet (B) and zero phase convolution (C)

We define two different NNs. A plain LSTM is a NN composed by four layers with

8, 4, 2 and 1 neurons, respectively, defined mono-Directional in the next example.
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A second NN is composed by four layers: Bi-directional wrappers with 4, 2 and 1
neurons, and one with a single LSTM neuron at the end, we will refer to this NN as
Bi-Directional in this section.

As in the previous chapter, LSTM is a causal layer, so if we perform a maximum phase
convolution we have to take into consideration that for the mono-Directional it will
be impossible to generate the information of the half Ricker wavelet coming before the
reflection coefficient. The Bi-directional will perform better in this case, since half of
the neurons will see the reverse-in-time version of the input, being able to reconstruct
the whole waveform.

On the other hand, if we face a zero phase convolution, while the mono-Directional
will have the perfect geometry to achieve the task, half of the information in the
Bi-Directional will not be important for the final result and will have to be discarded.
This will make the training process more complicated and even achieving worst results.
As we can see in Figure 3.2.2, the expectations are confirmed by the training curves.
While in the maximum phase training, Figure 3.2.2A, the Bi-Directional manages to
get quite low values of loss, the mono-Directional get stuck to a local minima after
around 50 Epochs.

On the other hand, in the zero phase convolution, Figure 3.2.2B, Bi-Directional shows
three different local minima with a loss reduction at around 60 and 130 Epochs. The
mono-Directional performs better in this case with a smooth loss, still decreasing at
epochs 300.

Figure 3.2.2: Training results of the mono-Directional, in green, and the Bi-Directional,
in blue. Loss vs Epochs is shown for the maximum phase convolution (A) and for the
zero phase convolution (B).
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An exemplary prediction on the maximum phase training is shown in Figure 3.2.3. As
we can see, the Bi-Directional performs quite good, while the mono-directional is not

able to predict half of the wavelet.

Figure 3.2.3: Maximum phase prediction: target curve is depicted in black. Bi-
Directional prediction is shown in A, while mono-directional is presented in B.

A sample prediction on the zero phase training is shown in Figure 3.2.4. While in this
case the mono-directional performs good, the bi-directional shows, as expected, worst

performance.
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Figure 3.2.4: Zero phase prediction: target curve is depicted in black. Bi-Directional
prediction is shown in A, while mono-directional is presented in B.
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3.3 Deep Attributes: innovative LSTM-based seismic at-

tributes

In this article we propose a new approach to help reflection seismic interpretation
using deep learning algorithms, focusing on the potential of exploiting the hidden
layers of neural network predictions as new reflection seismic signal attributes (de-
fined in the article as "Deep Attributes”). We tested this procedure on synthetic

and field datasets evaluating its time-monitoring performance on a 4-D seismic dataset.

The article specifically focuses on the use of LSTM based neural networks in seismic
interpretation. The choice of LSTM is motivated by the causal nature of the RNN,
which can provide a more reliable representation of the different signal components
embedded in the seismic data. The article provides a detailed explanation of the
structure of an LSTM-based neural network and how it can be used to extract hidden

features from seismic data.

We applied the analysis on both synthetic and field 2-D and 3-D reflection seismic
datasets, demonstrating the affordability and versatility of the proposed procedure.
We also evaluated the performance of DA on a 4-D seismic dataset to assess the
applicability for time-monitoring purposes. The results showed that the proposed
approach is effective in reducing the number of attributes panels while keeping both
high and low frequency features. We conclude that the proposed approach has the

potential to improve seismic interpretation accuracy and efficiency.
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Highlights

o We define Deep Attributes as the internal prediction of the Neural Network.

e The study of the Hidden Layer of an Encoder-Decoder LSTM gives us information about
the input dataset.

e We applied the study on Marmousi model with comparison with the velocity model.

e We applied the methodology on a seismic 2-D section and on the Sleipner 4-D dataset.

Introduction

Seismic attributes have been developed since the 1970s to help reflection seismic inter-
pretation exploiting additional quantities to classical reflection amplitude and multi-
trace horizons correlation. In fact, the basic principle of seismic data interpretation is
the detection of reflections which are related to subsurface impedance contrasts (e.g.
Anstey (2013)). Therefore, seismic horizons are linked not only to any stratigraphic
or structural contacts, but also to porosity or fluid content variations within the same

geological units.

An incredibly large number of seismic attributes have been developed since the first
applications. While most of the attributes are well-defined from the mathematical
point of view their correlation with specific physical parameters or geological elements
is still not apparent (Li and Zhao, 2014). Since the 1990s, the further development of
new seismic attributes or the more sophisticated calculation of already available ones
benefited from 3-D seismic surveys, characterized by a spatial data coverage which was
previously inconceivable (Chopra and Marfurt, 2005). In addition, 3-D based seismic

attributes made possible remarkable advantages in terms of (semi) automated data
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interpretation and 3-D (auto) picking and surface/volume extraction, as well as more

accurate estimates of reservoir parameters and their spatial variations.

Following the definition of Chopra and Marfurt (2007), seismic attributes are any mea-
sure of seismic data that helps us visually enhance or quantify features of interpretation
interest; we here propose a new approach to automatically extract seismic attributes

from any reflection seismic dataset based on Neural Network (NN) calculations.

In recent years, NN, and in a broader sense, Deep Learning (DL) techniques have
been extensively applied in different branches of geophysics (a comprehensive review is
provided by Yu and Ma, 2021), and particularly in different steps of reflection seismic

surveys with several different objectives:

¢ Optimize data acquisition maximizing the information while avoiding redundant
data (e.g. Lu et al. (2019); Jadhav et al. (2016a))

o Perform data simulations creating realistic synthetic data sets (e.g. Moseley et al.
(2020), Roncoroni et al. (2021))

e Enhance data quality by means of interpolation, processing and imaging algo-
rithms and techniques (e.g. Jia and Ma (2017); Wang et al. (2019b); Hou and
Hoeber (2020); Klochikhina et al. (2020))

e Improve interpretation, data classification, information extraction and seismic

horizon/surface picking (Sain and Kumar, 2022)

o Perform data inversion and parameters extraction (e.g. Wang et al. (2019a);
Wang et al. (2020); Ruiz et al. (2021)).

Alongside all these applications, we propose a totally new way of using Hidden Layer
(HL) predictions, which are usually the 'transparent’ steps of any NN lying in between
data input and the expected output. The idea is based on the inference process of a
LSTM-based NN. In its HL a NN extracts information related to some features (i.e.
attributes) embedded in the input data and uses them to get the required inference (i.e.
the output). DL applications typically ignore the information from the intermediate
steps because the main interest lies in the final output which is considered the manage-
able result of the entire process. In other words, we analyse the possibility to exploit
the intermediate prediction steps to highlight features and emphasize characteristics
embedded in the data but neither recognizable by traditional interpretation, nor made

apparent by classical attributes or multi-attribute approaches.

Since the obtained features are produced by a DL procedure and they are full-fledged
attributes we decided to refer to them as Deep Attributes (DA). In addition, such a
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definition follows similar ones already used, even for slightly different issues, in other
fields of research and technology like face recognition (Jadhav et al., 2016b) and, more

in general, to image analysis and pattern recognition (Kim et al., 2022).

To avoid any confusion, we remark that our procedure does not combine, mix, classify,
fuse previous attributes. Therefore, it is different from the ones recently proposed
by Qian et al. (2018)and further modified by Li et al. (2022) in which DL is used
to extract deep features from seismic waveforms and combine multiple attributes for
seismic attribute fusion at the same time so typically exploiting the NN output and

not considering its HL.

We applied our analysis on both synthetic and field 2-D and 3-D reflection seismic thus
demonstrating the affordability and versatility of the whole procedure. Furthermore,
we evaluated the performance of DA on a 4-D seismic dataset to assess the applicability

for time-monitoring purposes.

Methods

In this paper we focus on LSTM-based NN, however, the proposed approach could
be applied, in principle, to any NN geometry. The choice of LSTM is motivated by
the causal nature of the Recurrent Neural Network (RNN) which can provide a more
reliable representation of the different signal components embedded in the seismic data.
The simplest RNN is made up of a single neuron that receives an input, produces an
output, and sends that output to itself and to the output vector. At each time step
t, the recurrent neuron receives the inputs x(t), as well as its own output from the
previous time step y(t-1). Special neurons have been introduced to handle long-term
dependencies: one of the most used is the LSTM, at first introduced by Hochreiter
and Schmidhuber (1997)). LSTMs are in fact explicitly designed to avoid the long-
term dependency problems: they have a chain-like structure, as for the RNN, but
the repeating module has a different architecture (see Fig. 3.3.1), with the peculiar
ability to keep on information even from z(t)<x(t-1). The capability to spot long time
dependencies within a series (in our case a time series) is the reason for the choice of

this type of layers for the proposed extraction method.
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Figure 3.3.1: Conceptual scheme of a neuron in a LSTM which contains four interacting
layers.

Another crucial point for the methodology is the NN geometry: the use of an encoder-
decoder structure is directly linked to the typical Encoder-Decoder Convolutive NN
(ED-CNN). A classical geometry of ED-CNN is made of a chain of couples of CNN
layer, linked with pooling layers in the encoder and with up-sampling layer in the
decoder. A pooling layer takes values in an interval (defined as kernel) and gives out a
single value, i.e. the maximum values in this case; doing this we can perform a reduction
of the length of the trace equal to the kernel size. An up-sampling layer makes exactly

the opposite: it takes a single value at and replicates it kernel-size times.

The mix between this kind of neurons and the encoder-decoder geometry grants us that
each values of the hidden layer can be directly linked to the correct position in time or,
in some way, to what happened at previous times. This assure the causality typical of

seismic waves propagation.
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Figure 3.3.2: a) Base structure of the proposed method. The geometry is based on an
encoder-decoder LSTM NN with input equal to output. Recurrent layers are depicted
in blue, while a sample at time t is depicted in red to show the loss of resolution of DA.
b) Example of applications of the LSTM ED to the real data shown in Figure 6. We
can see the loss of resolution and the implementation of DA (lower part). We can also
evaluate the good reconstruction of the input, comparing the two top right pictures
(for a better visual comparison see also Figure 3.3.7).

In Figure 3.3.2 we explain the main NN geometry used. If we try to focus on the change
of a single time step, assuming kernel-size = 2 both for the pooling and for the up-
sampling layers, we have before the first pooling layer point D1, which refers to time t.

After the first pooling layer we get point D2, referring to time [t, t+1] and at the third
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layer we have point D3 referring to time [t, t+3]. In the encoded version of the signal
we have point E1 and E2 referring both to time [t, t+5] and the information for their
creation comes just from time<t+5, since the recurrent neuron doesn’t go backwards.

In the Decoder part we have exactly the inverse of what described above.

Since the base of the methodology is the down sampling of the seismic wavelet, we have
to take care of the input sampling rate. In order to estimate the optimal sampling rate
for each signal (beside the Nyquist-Shannon theorems and related issues, see e.g. Dossi
et al. (2018)) we compute the amplitude spectrum in the Fourier domain with a unit
sampling interval. We then resample it in order to get a desired frequency with this
unitary value. This approach allows to work without changes on every input frequency
without considering the sample rate. This allows to generalize the values we will state

later in this paper to any source frequency.

The best value was estimated taking into account the minimum depth of the Neural
Network needed to lose the wave nature during down sampling: if we oversample a
trace, e.g. a wavelet is discretized in 64 points, after three pooling layers we will still
have 8 sample per wavelet and in turn the task of reconstructing the signal will be easy
and no DA will be needed. On the other hand, if we use a too low sampled trace, we

will have to create a very deep NN and we will lose a large amount of information.

By taking into account the maximum discretization and the loss value, since we still
have to get a good reconstruction of our input data, we found as an optimal value 16
samples per wavelet. We tested this value on different data with various complexities

and we got good results.

As we can see in Figure 3.3.3, the loss function has a plateau between 4 and 8 samples,
while it starts decreasing with higher values. From 32 samples the number of pooling
layers is not enough to make the NN able to lose the waveform during the training:
this means that we get very good results in terms of prediction (which is not the main

objective of DA extraction), but poor results in term of feature extraction.
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Figure 3.3.3: Loss function values with varying discretization steps of the input: with
4 and 8 samples we got to a plateau, while increasing the sampling rate we get better
results but to avoid overfitting we chose 16 (green) as a good value since it can get
acceptable.

Once we have defined the procedure, the main objective of the NN is to obtain an exact
copy of the input, but by processing it into the Encoder part so that it can retrieve the

original trace in the Decoder part.

The proposed workflow is:
e Create a LSTM-based NN that fits a specific problem.
e Train the NN on the data.

o Use the HL predictions as set of additional information (i.e. DA) for improved

seismic analysis and interpretation purposes.

Once we have a trained NN we can start working on the prediction of each single neuron
from each HL. In Figure 3.3.4 we show all the DA produced by the trained NN during

the horizons extraction step.
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Figure 3.3.4: 32 DA of hidden layer 3 of the Encoder phase applied to a seismic profile
of the Marmousi data set.

The proposed methodology can be applied to several different datasets and with slightly
different purposes. In this paper we propose two different approaches to evaluate its

potential.

At first, we used the method to infer complex geometries in 2-D seismic profiles. We
tested the effectiveness of the proposed DA approach on synthetic and field data con-
sidering the obtained DA then computing a Principal Component Analysis (PCA) in
order to reduce the number of attributes, while summarizing the whole information

content.

We further exploit a single DA applying the same NN to a 3-D seismic survey repeated
in different years (i.e. a 4-D data set) to monitor a COy storage field. This allows
to evaluate the stability and the repetitiveness of the methodology and its use for

monitoring purposes.

Results and Discussion

Application on 2-D data: Synthetic example

In order to test the methodology we performed at first an analysis on the elastic Mar-
mousi model, (Martin et al., 2002) which is a classical data set used for evaluation
purposes. An example HL of the Encoder part of the NN applied to a profile of this

dataset is shown in Figure 3.3.4.
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From Figure 3.3.4 it is apparent that some of the DA provide information about the
single reflectors geometry, while other are more related to the different seismic signa-
tures of the various zones. Moreover, it is interesting to notice that the resolution level
of the DA panels is variable and spans over a wide range. Since it is difficult to get and
summarize the whole information contained in many DA, we decided to apply a PCA
to each HL to get less attributes that could condense all the extracted features. In
order to better understand how much information we are losing with the PCA analysis
we compute the explained variance ratio. As we can see in Figure 3.3.5, with just 9
components we can explain 0.91 (i.e. 91%) of the total variance of the first HL of the

encoder.

Figure 3.3.5: Test of the application of PCA on the HL. The total explained variance
ratio is plotted on the top of each picture. As we can see, 9 PCA results can explain
0.91 of the total variance.

From the PCA panels it is apparent that they encompass not only the information
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related to the geometry and location of the reflections, but even more important, there
are additional details related to materials in-between reflectors (i.e. transmission at-
tributes) or to changes in the frequency content or main geologic domains. In order
to better understand the prediction performances of the proposed methodology we di-
rectly compare some of the velocity models used to generate the Marmousi dataset with
some of the obtained DA (Figure 3.3.6).

Figure 3.3.6: Velocity model a), and DA b) to e) for an example of seismic profile from
the Marmousi model.

It is interesting to notice that DA can highlight elements at different resolution and
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with different geological meaning. For instance, while in Figure 3.3.6-b several horizons
related to the main velocity variations are apparent, in Figure 3.3.6-c a general overview
of the stratigraphy is provided. Moreover, Figure 3.3.6-d and Figure 3.3.6-e provide a
clear distinction between the shallow lower velocity zone and the high velocity one in

depth, with some slightly different details.

Application on 2-D data: Field Data example

We test the proposed methodology on field data of the 2-D marine seismic profile of
the WS10 exploration project, obtained in autumn 2010 in the west Mediterranean Sea
by the Istituto Nazionale di Oceanografia e Geofisica Sperimentale (OGS), which also
performed the data processing (Geletti et al., 2014). The selected portion of the seismic
profile images a rifted margin of the eastern Sardo-Provencal Basin characterized by
a faulted salt dome and by a portion of an almost undisturbed sedimentary sequence
(Figure 3.3.7).

Figure 3.3.7: Example of a seismic profile of the WS10 exploration project: a) field
processed data; b) NN reconstruction (output).
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The PCA analysis performed allow to condense the main part of DA information (i.e.
92%) in just 4 panels (Figure 3.3.8). Beside the effectiveness in reducing the number
of DA panels PCA is quite efficient in keeping both high and low frequency features.
In fact, while panels a) and b) provide information about the general geological (and
velocity) trends, panels ¢) and d) give evidence of local structures like the salt dome as

well as of the main horizons.

Figure 3.3.8: Results of the PCA analysis on the last layer before the Encoding part of
the geometry applied on the same dataset as in Figure 3.3.7a.

Application on a 4-D dataset

The Sleipner 4-D Seismic dataset is a reference dataset from the Sleipner CO5 storage
site. Several seismic surveys have been performed at the storage site since 1994, when
the first survey was completed before the commencement of fluid injection. This dataset
contains seismic cubes from 1994 to 2010. In 2007 PGS performed a full reprocessing of
1994, 2001, 2004 and 2006 data sets collected with the same geometry, acquisition pa-
rameters,with an identical processing flow (EQUINOR, 1999). An example of crossline

for the four data sets is presented in Figure 3.3.9.
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Figure 3.3.9: Example of crossline of 1994, 2001, 2004, 2006 data set reprocessed by
PGS in 2007 (EQUINOR, 1999)

We applied the technique to the processed data cube from 2001 acquisition and we
selected just a DA that enhances the strong reflection of the injection area. We applied
the same trained NN on the data set of all the years from 1994 to 2006 to test the
stability of the approach. A time slice showing some of the results is provided in Figure
3.3.10.
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Figure 3.3.10: 900 ms time slice extracted from the 1994, 2001, 2004 and 2006 3-D
datasets representing the same single DA. The NN training was performed on 2001 data
and then applied to all the other data as a stability test of the whole DA calculation
procedure.

As we can see, the methodology is stable over different and independent data sets
collected in different years and the single DA plotted is able to highlight the CO-
saturated area and its limits. Values plotted in Figure 3.3.10 are scaled to the maximum
values of more recent 2006 time slice: results evidence that also the magnitude of the
prediction is independent from the training data. This is a crucial and not obvious
result that points out the high stability and affordability of the whole approach, which

is helpful not only for qualitative analyses but also for detailed monitoring purposes.

Moreover, a simple threshold (values > 0) on the DA on the 4-D cube is effective to
enhance the evolution of the injected area through time (Figure 3.3.11). While plots in
Figure 3.3.10 are very helpful in estimating the real boundaries of the CO2 saturated
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volume, as already discussed, the purpose of the DA threshold is rather aimed at testing

the stability of the approach.

Figure 3.3.11: In red values of the DA plotted in Figure 3.3.10 with values greater than
0 used as a stability test. See text for details.

We remark that the proposed approach is quite different from all the existing seismic
attribute analyses, including the ones exploiting different strategies to combine and con-
dense attributes (see e.g. Sain and Kumar (2022)). In fact, PCA, clustering, cross plot,
neural network methods are effective in decreasing the total number of attributes but
all have to calculate the attributes beforehand and are somehow subjective in terms
of the selection of attributes to be combined (Meldahl et al., 2001). The proposed
technique, on the contrary, exploits LSTM networks using their intermediate predic-
tion steps, which are usually disregarded, as a way to recover additional information
through quantities here referred as DA. Meta-attributes, which are the aggregation of

seismic attributes combined with the interpreter’s insight through artificial intelligence

58



techniques (Sain and Kumar, 2022) are indeed something different, but future research
could be directed on theone hand to combine DA with the experience of the interpreter
and on the other to infer a one—to-one correlation between DA and specific physical

parameters and/or geological features.

From the computational point of view the methodology is profitable on GPU machines,
since LSTM gets a great improvement from cuda implementation. For a single 3-D
Sleipner data cube, training time on a laptop with a RTX-1080 with 8Gb of memory
takes only few hours for a 116,532 traces training. Prediction time on the same number

of traces is just of 2.4 seconds for the whole dataset.
Conclusions

We exploit the Hidden Layers (HL) of LSTM networks as Deep Attributes (DA) of
reflection seismic data sets. The proposed methodology is definitely different fromthe

ones in which NN are applied to combine/condense previously calculated attributes.

The results obtained from synthetic and field data show that the new method is able
to manage even complex geometries highlighting not only single seismic reflectors (i.e.
features with high spatial frequency) but, even more important, the main geological and
geophysical features related for instance to the low spatial frequency seismic velocity
trend. PCA can be successfully applied on DA in order to reduce the total number of

attributes and is effective in retaining the information content.

The stability tests performed demonstrate the high affordability of the procedure that
can be trained on a single data set (or just on a portion) and then applied to larger
seismic volumes. The application of DA to a 4-D data set collected to monitor a con-
trolled CO4 injection in a underground gas storage further demonstrate the stability
and the repetitiveness of the methodology and in turn its full applicability for moni-

toring purposes.

Future research will be directed to infer specific correlations between DA and single
or integrated physical parameters which would make the DA a new possible strategy
for the quantitative subsurface petrophysical characterization at different scale and

resolution levels.
Computer code availability

The implementation of the Deep Attributes extraction can be found at https:

//github.com/Giacomo-Roncoroni/DeepAttributes.
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Chapter 4

Recurrent Task

4.1 Synthetic seismic data generation with deep learning

In this article, we describe a new methodology for generating synthetic seismograms
using deep learning methods. This approach is based on training a LSTM-NN on a
large dataset of synthetic seismic data, generated using Finite Differences, to generate
synthetic seismograms from 1D models of the subsurface without solving the wave

equation.

The methodology can also be made more flexible by allowing changes in wavelet and
acquisition geometry. This enables us to generate synthetic seismograms that are

tailored to specific subsurface models and to different acquisition scenarios.

In this article, we compare the results of this methodology with some published
ones to demonstrate its effectiveness. We also discuss the potential applications of
our methodology, including its use in solving the inverse problem of seismic wave

propagation.
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¢ Computational complexity analysis

Introduction

The main objective of this work is the implementation of Deep Learning (DL) solutions
to generate synthetic seismograms from 1D acoustic models without solving the wave
equation. This is done by training a NN model which after training is able to predict
common shot gathers from 1-D velocity models.

The wave equation, is non linear with respect to velocity. Numerical solutions schemes,
such as finite difference or pseudo-spectral schemes, are computationally demanding
and the results may be affected by dispersion error and boundary reflections.

The NN approach is computational demanding only during NN training and is affected
by the problems in the training dataset. The proposed methodology can solve the
forward problem of seismic wave propagation faster than classical methods, especially
when high-frequency source wavelets are considered.

Although direct application and computational advantages, being able to simulate
data with a simple 2D geometry but taking into account the multiples reflection,
leads the path to possible future works for a better and faster solution of the inverse
problem.

The generation from text data of an audio track that simulates the human voice, is
a similar problem that has been already tackled by DL approaches (see e.g. Oord
et al. (2016)). The application of DL to sciences, and in particular to geophysics, is
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a new branch that has been rapidly developing in the last years benefiting to the big
improvements in the cost-to-performance ratio of computational resources. The power
of Deep Learning is due to the capacity of finding recurrent patterns or causality
without the need of user judgment or explicit coding by capturing statistical relations
to provide generative or discriminative models.

Oye and Dahl (2019) proposed a method based on Convolutive Neural Network (CNN)
to estimate velocity models from Raw Shot Gathers, with possible applications to Full
Waveform Inversion. This is a new approach that can overtake the computational
limit of the old methods (such as genetic algorithms) used to estimate a velocity
model. Also Yang and Ma (2019) developed a technique to build seismic velocity
models using U-net. Guo et al. (2019) used Bi-directional Long Short-Term Memory
(LSTM) for seismic impedance inversion, an ill-posed and non-linear problem. The
Bi-directional LSTM recurrent neural network applied to the inverse problem of
P-impedance estimation can be attractive because it does not need a prior estimate of
the wavelet, one of the main problems in this type of studies.

Moseley et al. (2018) proposed a wavenet-like net Oord et al. (2016), a stack of causal
CNN layers, for a fast approximate simulation of acoustic waves.

The methodology proposed in this work considers the seismogram as a time-series (as
in speech generation) rather than a matrix of pixels (as in image processing). We
have used a custom made Recurrent Neural Network Sherstinsky (2018) model to
implement such strategy.

The result is a model able to learn how to solve the problem in 1-D-layered media and
capable of an approach to increase flexibility and to reduce the computational cost in
the training process.

The final goal is to speed up forward modelling for the wave equation with respect to
the classical methodology and to provide a starting point for future applications to
more complicated scenarios, e.g. elastic approximation, or to a new approach to the

inverse problem.

Methods

Datasets

We used two different datasets to train NN and to evaluate the importance of the
dataset on different training and prediction features: the first taken by Moseley et al.
(2018), hereinafter referred to as MOS, which was used to tackle the same task,
the other generated by numerical simulation [with the codes provided in the Devito
Project by Louboutin et al. (2019)] , hereinafter referred to as DEV.

Both datasets consists of two tensors (training/validation): two for the input and

two for the output data. The input tensor is made of a number of velocity functions
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(10,000) and the output tensor of Common Shot Gather panels (CSG; 10,000 panels
of 11 seismic traces for MOS data and 257 seismic traces for DEV data).

We split both test datasets, made of 10,000 input velocity functions and 10,000 output
CSG, in training and validation datasets (80% the former and 20% the latter).

We will hereafter use the notation tensor for multi-dimensional arrays: in particular,
the output of the NN is a multi-dimensional array with size [10000, 257, 1000].

MOS is available on GitHub Moseley et al. (2018). It is made of a tensor with velocity
functions and a tensor with the associated CSG panels. The 50% reduction in size of
the dataset, compared to the original 20,000 sample Moseley’s dataset, is due to the
fact that our model is based on a reduced number of weights , compared to Moseley’s
one, and does not require large datasets. We have applied a random data selection
and splitting procedure.

The CSG panel was computed by solving the wave equation by using finite differences
over a 3Km x 3Km grid in a horizontally layered model. There are 11 evenly spaced
receivers, with horizontal spacing of 200m, and the source is at the 6th receiver
position.

MOS and DEV mainly differ in number of receivers and source-receiver offset, i.e,
DEV is the result of numerical simulation with the parameters shown in Table 4.1.
We randomly generated different subsurface models by using the velocity and depth
constraints shown in Table 4.1.

In order to generate the input velocity function for FD (in depth) and for NN (in time)

we used the following workflow:

for each velocity function:
n = generate a casual number of horizons
generate n random depth values
sort depth values and append 0 at the beginning
generate n + 1 wvelocity values
build velocity function in depth
convert depth to time
build velocity function in time
Normalize data between 0 (1000 m/s) and 1 (6000 m/s)”

Data in DEV dataset has 257 evenly spaced receivers, with horizontal spacing of 5m,

and the source at the 129*" receiver position.
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Parameter Set values
Sampling rate [s] 0.001 s
Listening time [s] ls
Grid point [x, y] [600, 600]

Grid spacing [min, max] [5, 5] m
Ricker peak f [Hz] 20 Hz
Velocity [min, max] [1500 m/s, 5000 m/s]
Depth [min, max] [100m , 3000 m]

Number of layers [3-8]

Table 4.1: Parameters used to produce the second dataset

NN architecture

We tested several architectures, varying the number of Hidden Layers (HL), neurons
and with different number of filters and different kernel sizes in the convolutional
layer. After an extensive tests phase, we were able to define the best performing
architecture, shown in Fig. 4.1.1. This NN consists of two LSTM layers Hochreiter
and Schmidhuber (1997), a convolutional layer Simard et al. (2003), and a final LSTM
layer. We choose LSTM because they are recurrent NN, which means they can deal
with causal tasks, and they have a long short-term memory, so they should better
represent the physics behind the task.

All of the LSTM layers have a number of neurons equal to the number of sensors in
the recording array to be simulated. The LSTM used in this model are implemented
by the Keras layer CuDNNLSTM, a Fast LSTM implementation with NVIDIA CUDA
Deep Neural Network library (cuDNN), a GPU-accelerated library of primitives for
Deep Neural Networks (DNN) Chetlur et al. (2014). In the convolutional layer the
kernel size is [64, 4] and it has 4 filters with a ReLu activation function Glorot
et al. (2011). This gives the NN the flexibility to get values in the window [t - 4

: t] from the 64 closer neurons, whit ¢ the time steps, and to store it in 4 different filters.
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Figure 4.1.1: The NN is made of two Long Short Term Memory (LSTM) layers, a
Convolutive layer, and a final LSTM layer.

The proposed DL architecture (Fig. 4.1.1) provides an output h at time t from three
different input, namely: Xt, h(t-1) and the cell state line. The latter is from the method
used to obtain the long term memory. The output is calculated from a series of weights,
activation functions and simple mathematical operations. In case of overlapping signals,
such as e.g. multiple/primary reflections, such architecture is unable to perform correct
predictions at times larger than the overlap point. This is the reason for the introduction
of the CNN layer: it increases the number of input to the same neuron thus allowing
a correct prediction even in the post-overlap part of the record. Fig. 4.1.2 A,B,C
illustrate the performance of such solution during the training: in Fig. 4.1.2 A/B
(without Convolutive Layer) the loss function is stable from epoch 320 and the problem
is not solved. Fig. 4.1.2 C (with Convolutive Layer) shows a successful prediction from
epoch 180.
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Figure 4.1.2: Performance on overlapping signals during the training. Prediction with-
out Convolutive Layer (A, B), at epochs 320 and 322 respectively, and with Convolutive
Layer (C), at epochs 180.

In order to train the NN, we need to minimize the norm of the difference between the
prediction and the reference output, this is called loss function: the most used loss
functions in regression tasks are the mean square error and the mean absolute error.
However, in our scenario, geometrical spreading and transmission losses cause an am-
plitude decay with time, such that the loss function is sensitive to the direct wave only
due to its dominant amplitude and NN outputs zeros. Accordingly, in the first imple-
mentation, the NN was not able to predict reflections because they did not affect the
loss function enough.

In order to sort this problem out we redefined the loss function as

loss = ” Ytrue — Ypred Hl -G (41)
2

with G defined as a quadratic function G = — where x is the two-way traveltime &
z

the median on the whole domain of the function y = 2.

After computing the loss function, the error is backpropagated and the weights on
each neuron are updated by using the backpropagation algorithm. For this task we
tested several algorithms, namely Adam Kingma and Ba (2014), Adamax Kingma and
Ba (2014), AdaGrad Kingma and Ba (2014) and SGD Nemirovski et al. (2009) and
we eventually chose a special case of the Adam algorithm, AdaMax Kingma and Ba
(2014), which is the most used for regression tasks and exhibits better performance
for this problem. We tested also different batch sizes and we got best stability in loss
function with batch size 512.

NN training

We implemented the NN by leveraging on the Keras library Chollet et al. (2015). We
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trained the model on two NVIDIA Tesla P100 GPU accelerators.

All the images shown in this paper are predicted from blind data, which means that
the net was not trained on them.

Hidden layer geometry is the same, but we used different numbers of neurons in the
output layer to reproduce the number of geophones.

Fig. 4.1.3 shows the structure of the training process with the NN seen as a black box.
We split the generated dataset, made of 10,000 samples, in training and validation
datasets (80% the former and 20% the latter). With samples we are referring to a the
vector of velocity values and its associated CSG panel. The proposed model is based
on few weights respect to Mosley’s model, so we decided to use half dataset. Data

selection and splitting is done randomly and no specific samples were selected.

Input: velocity model Output: common shot panel
— Neural Network Training dataset:
Input:  [8000, 1000 ] - N
Output:  [8000, 257, 1000]
Validation dataset:
Input.  [2000, 1000 ] Output: [2000, 257, 1000]

Figure 4.1.3: The dataset is split in four tensors: two for the input and two for the
output data (training and validation dataset, respectively). Input tensors are made
of a number of velocity functions and output tensors of Common Shot Gather panels

(CSG).

A major drawback of such approach is the limited flexibility, i.e. the trained NN is able
to predict a number of different situations but source-receiver offset spacing and input
wavelet are limited to the ones it was trained with. This can overly extend the training

time and reduce the profitability of the method.
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Therefore, we developed an alternative strategy by retraining the model, first trained
with one of the two test datasets, with smaller datasets that included new features to
avoid the need of a complete training for each modified feature.

Due to the fact that the NN has to internally encode information like input wavelet
and offset spacing into its weights, a change of simulation parameters should not vary
deeply the main distribution of weights.

By doing so the function to be minimized by the NN should be more linear Kavzoglu
(2009) and it should need less epochs to converge to a good result.

The training process on MOS dataset is shown in Fig. 4.1.4, in which the loss is plotted

against epochs of training, we applied Early stop criteria as Keras Callback.
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Figure 4.1.4: Training of the proposed net on the MOS dataset: Loss vs Epochs plot.
Orange line represents the trend of validation dataset prediction while blue line shows
the training one.

The training process on DEV dataset is shown in Fig. 4.1.5: validation and training
loss do not diverge too much and they are close enough to each other, which means

prediction is good and it is not overfitting.
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Figure 4.1.5: Loss vs Epochs of the training on DEV dataset. Orange line represents
the trend of validation dataset prediction while blue line shows the training one.

Results

MOS Dataset

After the training phase, we tested the net on the dataset generated by Moseley et al.
(2018) to evaluate the capability of the net to generalize the problem, i.e. to make
correct predictions from datasets different from the training ones.

In this case the training lasted 40 hours on two NVIDIA Tesla P100 GPU accelerators
and the loss decreased quite smoothly.

After the training, we tested the NN on a case not utilized in the training phase: an
example of this prediction and of the corresponding residuals is shown in Fig. 4.1.6.
The direct wave is well predicted; there are still small errors in the magnitude of the

gained reflections, but the peak positions are correctly predicted.
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Figure 4.1.6: Prediction and residuals of a predicted CSG panel. 0-offset prediction
and residuals (a), max-offset prediction and residual (b). In red we highlighted the
phase shift in the residuals.

In Fig. 4.1.6 we can split the analysis of the results in two parts, focusing the part
from 0 ms to 350 ms and from 350 ms to the end.

The first part of the data contains primary reflections and we find some small phase
shifts, in red boxes in Fig. 4.1.6, but the prediction is good. It is able also to accurately
reproduce interference between signals.

The second part is characterized by the presence of multiple reflections only and noise
and no primary reflections: in this case the NN does not reproduce anything. This
problem can be found in all the dataset and it is present also in the Moseley et al.
model Moseley et al. (2018) . This lack of prediction is due to an inadequate statistics
on such event in the training dataset.

In order to evaluate prediction performances of NN, we predicted 1000 panels from the
dataset and we analyzed the error by plotting the residuals of both nets on a histogram
with a logarithmic vertical axis (Fig. 4.1.7) and the horizontal axis divided in 50 bins

linearly spaced from 0 to 0.001: we can see that using LSTM we got a lower error.
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Figure 4.1.7: Residual plot of both models: LSTM model in blue, WaveNet-like Oord
et al. (2016) model in orange. Vertical axis is logarithmic. Horizontal axis, called
residual, is made of 50 linearly divided bins in a range of 0 to 0.001 (MAE).

We further compared the reference data and the results of prediction of our net in the
frequency domain. In Fig. 4.1.8 we can see the amplitude spectrum of reference data
(in blue) and predicted data (in orange) and residual of 1,000 CSG panels. Results are

satisfactory as the mean absolute error is 0.89%.

Figure 4.1.8: Reference dataset (in blue), predicted data (in orange) and residual of
1,000 CSG panels in frequency domain

DEYV Dataset
We trained the net on another dataset obtained from numerical simulation to have

better control of the training process. That allow us to study in depth the importance
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of the dataset and test different critical situations. In order to do this, we kept the
offset spacing and wavelet fixed, but we varied the number of layers in the 1-D model.
In Fig. 4.1.9 are presented two predictions with 256 offsets on two independent velocity
profiles: we show the input profile on the left, the desired output in the middle, and
the predicted output on the right.

Figure 4.1.9: Two predictions with all 257 offset on two independent profiles. Both are
with the input profile, on the left, the desired output, in the middle, and the predicted
output, on the right.

In Fig. 4.1.9-a, prediction is very close to the target, except for the central area at 950
ms, in which we find a small positive amplitude error.

In Fig. 4.1.9-b, we have a CSG with multiple reflections: we have plotted the 2-way
traveltime of the primary reflections over the predicted data, so that we can easily
identify non-primary reflections. We can see a multiple reflection predicted from the
model at 600 ms.
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In the panel we can also see a signal, similar to the one generated by reflection from
edges, reproduced by the net. Prediction time for 257 offset CSG (DEV dataset) is
0.064s.

The role of the training dataset

Because the NN does not model data from equations, it has to learn from the output
of a forward model how an input of the forward model is related to its response. This
leads to a crucial role of the dataset used: a bad dataset will lead to a bad model as
the net will learn all the features that are in training data.

In Fig. 4.1.10, we have a critical level of numerical dispersion, marked with A and B
in Fig. 4.1.10. Despite this, the net is able to accurately reproduce such phenomena.
It is interesting that such predictions come from the same trained net that made the
prediction shown in Fig. 4.1.9: this means that the net is also able to discern when
and how dispersion has to be predicted. The NN can discern different scenarios and

predicts numerical dispersion quite accurately.

Figure 4.1.10: Reference output and prediction of a CSG panel with numerical disper-
sion problems due to Finite Differences grid dispersion (A and B).

The model had problems in predicting multiple reflections, as presented in the previous
section, and we found a problem due to inadequate statistics on such events in the
training dataset.

At the beginning the model was trained on a subsurface model with 7 layers: this lead
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to a very low probability in finding multiple reflections and the net seemed not to learn
what these signals were due to. In order to make an event important in a dataset we
had to find a lot of examples of this, and it has to be of significant amplitude compared
to others: in this dataset multiple reflections were too sparse and of low amplitude to
affect it significantly.

To try to solve this problem, we retrained the already trained model on a dataset
generated on purpose to contain several multiple reflections. We imposed a 3-layers
subsurface model with the first two layers closer to each other than the third one. This
led to a dataset with lots of statistics on multiple reflections.

In Fig. 4.1.11 we can see: the input, the reference output, the prediction of the
retrained model and the prediction on the original model.

As we can see in the retrained model prediction, a multiple reflection at 500 ms is

close to the reference signal, while the old net did not predict this signal.

Figure 4.1.11: Input, reference output, prediction of the retrained model and prediction
of the original model

Retraining
In order to improve the applicability of the proposed NN, we had to make it more
flexible by allowing rapid inclusion of information like waveform and offset spacing.

A short scheme of this process follows:
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1. Generate a new small dataset ~ 10% of the dimensions of the first dataset with

the new features.

2. Train the previously trained model on the new dataset.

As we can see from loss vs epochs plot, in Fig. 4.1.12, the new training converges
quickly to a minimum and the space in which the gradient is computed seems to be
smooth.

It is apparently not necessary to create new set of weights, because the old prediction
is already in the range of the new right solution: a limited amount of additional work

is enough to reach the best solution as it reaches a minimum in less than an hour.

(a) Different Wavelet (b) Different offset spacing
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Figure 4.1.12: Loss vs epochs for the retraining of a model with a different waveform
(a) and different offset spacing (b).

Fig. 4.1.13-a compares the old prediction (on the right) and the new prediction (in
the middle), after the retraining, with a different waveform. While in the old model
the source wavelet was a Ricker with peak frequency 10 Hz, in the retrained model we
used a higher 20 Hz frequency.

As we have done for the waveform, we have trained a model also to predict a different

offset spacing: the results are shown in Fig. 4.1.13-b.
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Figure 4.1.13: Prediction of an independent velocity function of the retraining of a
model with a different waveform (a) and different offset spacing (b). Old prediction
(on the right) and the new prediction (in the middle).

Computational Complexity

We measured the time required to train 500 epochs as a function of the dimension
of the desired output. To do this we trained the same net increasing the number of
columns (offsets) of the output matrix as 2" + 1.

In order to evaluate the net performance, we checked also the trends of the loss as a

function of time: this is plotted in Fig. 4.1.14.
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Figure 4.1.14: Loss vs time for different offsets. We can notice a plateau at (5—8) x 10~%.
With letter A, B, C and D we referred to the plateau of, respectively, 3,5, 9, 17 offsets.
With letter E we show the plateau of the remainder data.

As we can see we have different trends but all of them show a plateau. If we analyze
the behavior of the function in the surroundings of such plateau we find out that it is
the point at which the net really learns to solve the problem, as shown in Fig. 4.1.15.
Up to a 9-offset threshold the net is not able to solve the problem in 500 epochs; then
it seems to learn faster when the number of offsets increases.

Total training time and time required to solve the problem are reported in Table 4.2.
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Offsets | Total time (h) | Solving time (h) | Prediction time (s)
3 4.80h not solved 0.017s
5 4.74h not solved 0.015s
9 4.80h 4.00h 0.015s
17 5.05h 2.16h 0.019s
33 5.83h 0.80h 0.021s
65 7.24h 0.60h 0.024s
129 9.46h 0.80h 0.033s
257 16.21h 0.80h 0.064s

Table 4.2: Total training time, the moment where the problem starts to be solved and
prediction time for each number of offsets considered.

In Fig. 4.1.15 we can see the exact timing when the problem was understood
with 5, 129 and 257 offsets. We got this timing by looking at the predictions
made during the training of the NN at the time the loss exited the plateau. We can

also see that 500 epochs are not enough to solve the problem if the number of offset is 5.
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Figure 4.1.15: Comparison between synthetic (FD simulation, column left) and pre-
dicted data for 5 (a), 129 (b) and 257 (c) offsets
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In order to evaluate prediction time we used each trained model to predict 100 panels

and we took the average time for each model. Results are shown in Fig. 4.1.16.

Figure 4.1.16: Prediction time vs offsets. Data are reported in Table 4.2.

Prediction time for a 257 offset CSG panel, under constraints shown in Table 4.1 and
with the same hardware, is of 0.08s compared to 2.17s of the FD algorithms used in
this paper. According to this benchmark, this would lead to a method that is 27 times
faster than the classical one.

Even though prediction time is smaller compared to that obtained by -classical
methods, it is affected by different factors.

Prediction time for this net depends only on the number of offsets used, on temporal
discretization and on record length in time.

The FD generation time, instead, does not depend on number of offsets but on model
extension and discretization.

Conclusions

The potentialities of Neural Network (NN) in the solution of non linear problems are
well known and the successful application to the present case, i.e. synthetic seismic
data generation in the 1-D acoustic case, demonstrates such potential.

The proposed methodology is robust and can solve the forward problem, i.e. numerical
modeling of seismic wave propagation starting from the velocity model faster than
classical methods, especially when high-frequency source wavelets are considered.

For the 1-D acoustic case NN are a good alternative to the classical Finite Difference
(FD) method. They are able to rapidly and accurately solve the problem.

The waveform is well reproduced and the net manages to predict multiple reflections.

While prediction time is much lower than classical methods (e.g. FD), the training
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process needs large times and datasets. Such large training effort may imply that the
applicability of the method is limited.

In order to tackle such issue and increase flexibility and applicability we propose a
strategy based on retraining.

The proposed method gives good results and is able to make adjustments of the NN
parameters in a short time (less than one hour on two NVIDIA Tesla P100 GPU
accelerators) and with a small dataset.

In this way, even though we are still linked to FD data generation, we are able to
modify parameters in the NN by using just a small amount of data generated by FD.
Our results show that the proposed method allows fast and easy parameter change.
The specific architecture and the use of LSTM allowed to obtain seismograms with
lots of offsets without substantially increasing the training time.

One possible future work is the application of this methodology for the inverse problem
solution and may offer great benefits in the solution of challenging cases, such as e.g.
velocity function inversion in presence of multiple reflections.

This technique may open new perspectives of development, in particular the extension
to the 2-D and 3-D elastic case. Due to the performance demonstrated in the present
work, such extension may be feasible and they can lead to efficient alternative to
classical methods.

Nonetheless, the complexity of such extension will require a complete revision of the
design of the net.
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Chapter 5

Classification Task

Wavefield geophysics has seen significant advancements with the integration of DL
for classification tasks. These cutting-edge methods have revolutionized the way
geophysicists analyze seismic and radar data, enabling more accurate, efficient, and
automated interpretations of subsurface structures and properties. In this context,
we explored the application of LSTM methods for classification tasks focusing on
binary classification (Roncoroni et al., 2022a) with an algorithm designed to classify
reflections and multi-class classification (Roncoroni et al., 2022b) focusing on the

polarity assessment of a reflection data.

Furthermore, we applied a modification of Roncoroni et al. (2022a) to a state of the
art GPR data acquired on the Moon by the Chinese mission Chang’E4, providing a
completely new and more objective interpretation of the whole dataset (Roncoroni
et al., ttedb).
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5.1 Efficient extraction of seismic reflection with Deep

Learning

This research paper presents a novel approach for interpreting horizons in seismic re-
flection data using a Deep Learning-based methodology. The proposed flow is fast,
accurate, and reduces subjectivity when compared to traditional manual or control-
points based methods. The LSTM architecture is used to handle causality and can be
applied to input data of different dimensions. The preliminary splitting of the input
into patches of predefined dimension, commonly required by Convolutive Neural Net-
works, is not necessary in the case of LSTM. The results obtained for both synthetic
and field datasets show that the proposed approach can be an effective tool for appli-
cations that require accurate automated identification/extraction of reflection signals
from large datasets, such as for velocity analysis, tomographic, and interpretation pur-
poses. The proposed methodology offers soft constraints for velocity model geometry in
all the inversion methodologies that require an accurate input model, like for instance
Full Waveform Inversion techniques. This paper contributes to the growing body of
research on the application of Deep Learning in geophysical methods and highlights
the great potential of LSTM in active wavefield geophysical methods.
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Highlights

e NN trained on synthetic data -convolutive approach- that works on field data.
e 1-D approach is applicable on both 2D and 3D datasets
¢ Fully automatic, no need of parameters setting.

o Fast methodology that can deal both with seismic and GPR data.

Introduction

With the increase of 3-D seismic surveys, the quantity of geophysical data used in the
interpretation has grown at a phenomenal rate Dorn (1998). Therefore, new picking
strategies and algorithms have been implemented in order to make data interpretation
faster, less subjective and more accurate at the same time.

There is a plethora of different methods used to interpret seismic horizons and their clas-
sification is almost impossible since they are intrinsically different in terms of adopted
strategy, type of data application (e.g. 2-D or 3-D), expected results (line drawing,
horizon extraction, simple geometrical definition of the structures). Typical approaches
include manual picking, interpolation, auto-picking, voxel tracking, or surface slicing
Dorn (1998), often starting on the manual picking of a few control points (a.k.a. seeds)
then connected by means of different interpolation algorithms across selected portions
of the analyzed data set.

Such an approach is not so trivial especially for 3-D seismic data due to several issues
and critical steps including, among the others: erroneous and not coherent control
points selection; autopicking of data having low reflection coherence and/or limited
signal-to-noise ratio (S/N); intrinsic directivity of data and/or of the selected algo-

rithm; complex geology preventing effective autotracking Herron (2014). Multiples,
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lateral amplitude variations, lateral phase discontinuities related or not to actual ge-
ological features, and overall low S/N ratios are further challenges Hoyes and Cheret
(2011). Most of the existing picking strategies exploit reflection amplitudes and are as
a consequence very sensitive to S/N but also to lateral amplitude variations, not always
related to acoustic impedance changes. The applied processing flow represents another
potential issue because it can introduce both distortions in the horizon’s continuity and
not real coherence, which lead to erroneous results.

Recently, different strategies have been suggested in order to extract the horizons di-
rectly from the seismic dataset without manual picking Cubizolle et al. (2015). These
new algorithms track surfaces throughout the entire data volume (or within selected
portions of it) and are global in nature because they do not need any previous def-
inition of seeds (Stark, 2004; Lomask and Guitton, 2007). In fact, they are able to
simultaneously define multiple horizons exploiting the full dimensionality of the data
thus offering, at least in favorable conditions faster and less subjective results Hoyes and
Cheret (2011). Different approaches have been tested: dip-driven algorithms exploit
continuity /variations of dips, global optimization methods focus on the entire available
dataset, while horizon patching solutions divide the problem into two different steps
i.e. the picking and the horizon grouping or definition. They are based on different as-
sumptions and strategies but are generally time consuming due to their computational
cost. A comprehensive review with their pros and cons is provided, for instance, in
Hoyes and Cheret (2011).

We use a Neural Network (NN) approach to interpret seismic horizons and to reduce the
subjectivity of the control points-based procedures, while assuring accurate and robust
horizon extraction. This can be done by a preliminary training on a large synthetic
dataset (100,000 traces with 256 timesteps, i.e. samples each). The Long Short Term
Memory (LSTM) architecture fits well the problem because it can handle causality and
can be applied to input data of different dimensions. The preliminary subdivision of the
input into patches of predefined dimension, commonly required by Convolutive Neural
Network, is not necessary in the case of LSTM.

Training the NN with synthetic seismograms offers additional benefits, such as the
ability to introduce arbitrarily predefined characteristics that are difficult to find in a
single seismic dataset. They can also reproduce different levels of resolution and can be
generated at a low computational cost. Last but not least, they overcome the implicit
limit of an unknown underground model, as in the case of field datasets, thus providing
complete control over the position of the reflectors. We present and critically discuss
all the phases of the new proposed flow, namely: the data generation, the training, and

the application to both synthetic and field data.
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Methods

Generation of the data for the NN training We train the NN on synthetic
data to avoid any link to the field dataset to be interpreted and to have a complete
control over the NN performance through the knowledge of the subsurface model that
generated the training data. We start from the classical convolutional model of the

seismic traceYilmaz (2001a) to generate the data:

F() = w(t)+r(t) + n(t) (5.1)

where f(t) is the seismic trace, w(t) is the wavelet produced by the seismic source, (%)
is the reflectivity function (i.e. the series of reflection coefficients) and n(t) is the noise.
We modified the terms in equation (5.1) to generate a variety of synthetic data that
may effectively represent that a wide range of conditions commonly encountered in
field datasets, in terms of signal and signal-to-noise characteristics.

Number of samples and sampling interval are 256 and 0.002s respectively: we have
chosen 256 as the dimension of the data vector representing each seismic trace to
reduce the training time and the computational load, without limiting the effectiveness
of the training phase.

Reflectivity (r(t)) takes as random values in the range 4[0.04,1] to avoid reflection
coefficient labeled with unrealistic signal-to-noise ratio. Each trace can have a
maximum of 7 (seven) reflection coefficients in different and random positions in time
ranging from sample 10 to 246.

w(t) is a Ricker wavelet (Wang, 2015), defined in the time domain as:

r(r) = (1 - ;wf,TQ) exp (—iwfﬁ?) (5.2)
where 7 is time (in seconds) and w, is the most energetic (or dominant) frequency in
radiant per second.

The dominant frequency is chosen between [30Hz and 70Hz]| with a random uniform
distribution, in order to cover the common seismic source frequencies.

To better approximate a real seismic acquisition we need to add noise n(t), as seen in
Equation (5.1).

We added the noise component n(t) in (1) to better reproduce realistic field datasets
and introduced different types of noise with different random magnitudes, as shown
Fig. 5.1.1. Testing of the NN on field data was performed after introduction of the

following types of noise:

e Noise 1: defined as a pure random noise that is added to the convolved trace. It
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is n(t) defined in Equation (5.3)

f@) = wt)«r(t) + ni(t) (5:3)

e Noise 2: it represents an ”anisotropic noise” and it is a noise added before the

convolution with the reflection coefficient series.

ft) = w(t) « (nat) + r(t)) (5-4)

e Noise 3: use of both Noise 1 and Noise 2 in order to simultaneously reproduce
the effects that could affect a seismic trace, namely random noise and anisotropic

noise.

f) = wt) = (n2t) + r(t)) + m(t) (5.5)

Figure 5.1.1: Three different types of noise (orange) superimposed on a synthetic seismic
trace with four reflections (light blue) [a.1, a.2, a.3]; seismic traces resulting from the
sum of synthetic trace and noise [b.1, b.2, b.3] (see text for details).

The reference output is defined by a binary indicator (1,0) used to label each sample

as reflection / no reflection respectively.
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We used the following algorithm to generate the input seismic trace and the reference
output for the NN training:
for i in range(number of desired data:)

n = generate a casual number of horizons

generate n reflectivity values

generate a random wavelet

generate n random depth values

sort depth values

build the reflection coefficient series with depth and reflectivity values

build seismic trace by convolving the reflection coefficient series and the wavelet

Build the categorical reference output with the depth values
This algorithm is very fast and can be iterated to generate large numbers of seismic
traces and reference outputs.
Neural Network Geometry
We chose the network geometry in Fig. 5.1.2 after a grid search to estimate NN hyper-
parameters, e.g. number of neurons and depth of the NN.
LSTM maintains the causality and the Long-Term memory better fits the physics be-
hind the wave propagation Hughes et al. (2019).
The Bi-Directional LSTM is able to improve the accuracy of NN classification Guo
et al. (2019): in the present study, it can in particular reduce false positives in the final
layer by improving the identification of the correct shape of the wavelet.
The output is driven by a Dense layer with a Softmax activation function that outputs
a probability value equal to 1 on the phase with the maximum amplitude of a reflection.
We used the CuDNNLSTM Hochreiter and Schmidhuber (1997a) implemented in Keras
Chollet et al. (2015), a fast approximation of LSTM on Nvidia CUDA Chetlur et al.
(2014): this means that both the training and the model must be used on a CUDA-
compatible GPU.
As optimizer we used AdaMax Kingma and Ba (2014), a modified version of Adam
with infinity norm, because it performs better on this problem compared to Adam and
SGD Kingma and Ba (2014).

As loss function we used Categorical Crossentropy Mannor et al. (2005a), defined as:

C
loss = — Z tilog(s;) (5.6)
=0

Where ¢; and s; are the expected classes and the NN score for each class 7 in C,

respectively summed on the time steps: in this work C' = 2.
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Figure 5.1.2: NN geometry: we set a layer with 2 LSTM (blue, second block from left),
8 BiDirectional LSTM (orange, third block), 2 layers with 8 and 4 neurons each (blue,
fourth and fifth blocks) and a final Dense layer with 2 neurons. On the left the input
seismic trace and on the right the corresponding reference output.

Training

The training phase was split in two steps Kavzoglu (2009): an initial training on a
noiseless dataset and a subsequent training on a noisy dataset. This choice was due
to the unbalanced output solutions: a direct training on the noisy trace would led to
a huge local minimum where the NN outputs only 0s. To avoid this, we initially train
the NN on a noiseless dataset. We got good results from such training, as shown in
the additional materials: the training phase lasts 2 hours and it reaches an accuracy of
0.9995 in test and 0.980 in validation.

We trained the NN with Adamax optimizer with a learning rate of 0.01, categorical
crossentropy as loss function and batch size of 512.

After the training on the noiseless dataset, we retrained this model 3 times on 3 different
datasets with the noise levels and the noise types described in the previous section.
The main objective of this training phase is to evaluate the performances of the trained
NN on synthetic and field datasets to infer the optimum solution to generate synthetic

data for the application of NN on field seismic data.
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Figure 5.1.3: Noisy traces (blue; see Fig. 5.1.1 for the different types of noise) and
expected output (orange); (b.1-2-3): results of the NN prediction.

Prediction

A 1-D approach can be adversely affected by a high level of random noise, although
the prediction method is quite robust.

We use the ensemble learning technique to reduce the prediction uncertainty: this
technique uses multiple learning algorithms to obtain better predictive inferences
(Mendes-Moreira et al., 2009b).

In detail, we tested two solutions, namely prediction with different NNs trained on a
dataset with the same characteristics and prediction with the same NN on a single
trace and on its inverted version in time.

The two approaches produced similar results and we thus decided to use a single NN
to reduce the required training effort.

This methodology generates 2 different predictions, and we combined them with the
geometric mean, as it gives better results than the arithmetic mean.

This can be explained by the nature of the prediction: we predict values of probability
[0-1], so if NN1 predicts 0.5 (a mid value due to a noisy area) and NN2 0.001 (a very
low value), the arithmetic mean would produce a value of ~ 0.25, while the geometric
approach would penalize more this prediction (~ 0.02). An example is shown in Fig.
5.1.4. We can see how two wrong peaks at 25ms and at 780ms, in the first prediction,

are muted by the geometric mean.
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Figure 5.1.4: (a): Input data and expected output, (b): results of the NN prediction,
(c): results of the prediction performed on the input trace reversed in time, (d): geo-
metric mean of the two predictions.

We further normalized the maximum value of the first reflection to one to avoid

exceedingly large values that can affect the NN performance.

Results

Test on 2-D synthetic data

The first test of the NN performances on 2-D datasets generated with the same
workflow as the training dataset produced almost perfect results, as expected. So we

moved onto a more complicated example using the Marmousi model Martin (2004).
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Fig. 5.1.5 shows part of the data and the prediction, which is given as a probabil-
ity set that associates a probability value to each point in the section: the value
indicates the probability of the point to be a reflector, i.e. to belong to a reflecting sur-

face. Therefore a threshold above which the point is labelled as a reflector has to be set.

Figure 5.1.5: Results of the horizon extraction (green) performed by the NN on the
Marmousi Dataset, (green), superimposed on the input data.

We directly estimate the optimum threshold by evaluating the number of points
classified as reflectors vs the threshold (Fig. 5.1.6). We perform this task by using
the algorithm described in Satopaa et al. (2011a). The threshold is set at the sharp
inflection point clearly visible in the resulting curve, thus limiting the subjectivity of
the choice (Fig. 5.1.6).
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Figure 5.1.6: Number of points classified as reflectors (vertical axis) vs. Threshold
value: optimal threshold indicated in red at the knee point.

Test on 2-D field data

In order to test the proposed methodology we use at first a 2-D marine seismic profile
of the WS10 exploration project, obtained in autumn 2010 in the west Mediterranean
Sea by the Istituto Nazionale di Oceanografia e Geofisica Sperimentale (OGS), which
also performed the data processing (Geletti et al., 2014). The selected portion of
the seismic profile images a rifted margin of the eastern Sardo-Provengal Basin
characterized by a faulted salt dome and by a portion of an almost undisturbed
sedimentary sequence (Fig. 5.1.7). For such reason, the analyzed data represent an
interesting and complex test for the proposed procedure. We focused on this portion
also because it is exactly the same used in Forte et al. (2016) (figure 5a therein) to
test an automated picking and phase assessment approach based on phase seismic
attributes. The NN is able to properly extract all the main horizons, both where they
are sub-horizontal (i.e. in the shallow part) and where they exhibit a significant dip
(i.e. along the flanks of the salt dome). As desired, horizons interrupt at the fault
location (f labels in Fig. 5.1.8),while correctly no horizons are detected within the
salt dome (sd labels in Fig. 5.1.7). The latter result is definitely not easily achievable
with traditional picking methods based on 1-D, 2-D or 3-D approaches, because some
lateral coherent events can be detected even if they are not actually related to real
reflectors (see results in Fig. 5a in Forte et al. (2016)).

NN is also able to extract the high amplitude reflector below the salt dome, while
no significant features are detected in the deepest part of the section below the salt

dome where reflectors are not continuous also because of some coherent noise due to

97



over-migration effects.

Figure 5.1.7: Example of application of the NN to field seismic data: the data are part
of a seismic line from the western Sardinian margin of the WS10 exploration project
[see text and Geletti et al. (2014) for details]. The prediction results are shown in green:
”sd”, salt dome; ”f”, main fault.

We point out that the above described prediction procedure can be applied to auto-
matically extract the reflectors from any kind of dataset after the training phase is
concluded on a set of randomly generated data containing various types and levels of
noise.

In order to verify this capability and evaluate the performances, we tested the NN on
totally different data, i.e. a Ground Penetrating Radar (GPR) dataset collected in a
Glacier in the Eastern Alps (for further details about this data please refer to Colucci
et al. (2014)). Although GPR and reflection seismic techniques differ radically concern-
ing sources characteristics and physical parameters, they are both based on the same
physical wave theory Ursin (1983). Therefore, processing and analysis techniques used
for seismic data may be adapted, at least from the theoretical point of view, also to
GPR datasets.

The test data have 802 samples per trace with a 0.454 ns sampling interval, while the
spatial sampling interval (0.15 m) is not relevant in a 1-D procedure.

In the example provided in Fig.5.1.8 the NN is able to extract all the relevant reflectors,
which are related, from top to bottom to completely different glaciological and geomor-
phological units, namely: snow and firn (sf), firn (f), debris (d) ice (i) and bedrock

(b). The procedure performs quite well on continuous reflectors (like for instance sf-f
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contact) but also on highly scattered levels (like d). The extraction of the bedrock is
much more difficult mainly because it is not continuous, it is characterized by diffuse

scattering and it has a lower signal-to-noise ratio than the shallower units.

Figure 5.1.8: Example of application of the NN to field GPR data: the GPR profile
crosses a glacier in the Eastern Alps [see text and Colucci et al. (2014) for details|. The

results of the prediction are shown in green: ”sf”, snow and firn; ”f”, firn; ”d”, debris;
”i”, ice; "b”, bedrock.

Test on 3-D synthetic data

We also tested the approach on 3-D synthetic datasets to deepen the analysis of the
proposed method.

The datasets used are taken from Wu et al. (2019b, 2020) and were originally generated
to train a Convolutive Neural Network for fault recognition (Wu et al., 2019b), and for
paleokarst detection (Wu et al., 2020). We chose these datasets to test our methodology
because they are a good approximation to field data.

In order to test the flexibility of our methodology we directly applied our method to the
datasets without preliminary processing or additional training to check its flexibility
and robustness. The dataset taken from Wu et al. (2019b) has been generated with a
convolutive approach to simulate a faulted environment Wu et al. (2019b).

We tested the NN on a 128x128x128 samples seismic volume obtained by random
selection from this dataset, The results are quite good, despite the huge number of
close reflections; as shown in Figure 5.1.9 we can see the continuity of the horizons in

the 3 dimensions and also easily identify the main faults.
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Figure 5.1.9: Example of results of NN prediction on a 3-D synthetic dataset generated
from a subsurface model corresponding to a faulted environment (Wu et al., 2019b):
the color scale is associated to the probability level (1 = reflection, see text for details).

The second dataset was also generated with a convolutive approach to simulate a
paleokarst environment (Wu et al., 2020). From this dataset, we extracted a 256 x 256
x 256 seismic volume. The prediction is fast and quite accurate (see Figure 5.1.10)
and we can identify the collapsing structures as high noise area, the 3-D continuity of

the horizons and their interruptions in the karstified areas.

Figure 5.1.10: Example of results of NN prediction on a 3-D synthetic dataset generated
from a subsurface model corresponding to a paleokarst environment (Wu et al., 2020):
the color scale is associated to the probability level (1 = reflection, see text for details).
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Discussion

The proposed methodology substantially reduces the computational costs of the
generation process compared to other approaches. The use of Finite Differences
methods for the forward modeling typically requires huge amounts of memory and
computational time for the generation of datasets like the ones here considered. We
therefore choose the convolutive approach, which has the added advantage of better
handling different types of superimposed noise (see subsection 2.1).

Another key factor is using fully synthetic datasets for the training phase: avoiding
field data at this stage prevents possible bias due to manual selection of horizons
and implicit limitations in data characteristics due to the fact that field data can
only include a limited range of possible geological situations. Furthermore, the more
classic approach, in which a portion of the available data is used to train the NN
and subsequently applied to the entire data set, has the obvious inherent constraint
that the previous data is excluded from the extraction procedure. An example of
such an approach can be found in Tschannen et al. (2020), where the authors trained
a Convolutive Neural Network on a small portion of the dataset after a manual
interpretation, then applying the trained model on the remaining data.

For validation purposes, we tested the proposed procedure on the synthetic Marmousi
dataset from Martin (2004). For this dataset all the model details are known, including
reflector’s geometry, velocity model and seismic wavelet. We can evaluate our results
considering both the seismic section (Fig. 5.1.11a) and the real velocity model (Fig.
5.1.11b). The shallowest part of the profile, from 0 to about 1500 meters, is well
predicted and matches very well both the seismic section and the velocity model; also
the faults are correctly identified.

The analysis of the results of prediction in the deep part of the section gives useful
indications about the performance of the network as a function also of the noise level.
The complexity of Marmousi’s velocity model gives rise to several non-primary events,
such as multiple reflections, which appear more and more at increasing depths. This
is particularly evident within the wedge located between 2250-2500 m and 4000-7000
m in vertical and horizontal coordinates, respectively.

The comparison between the seismic velocity model and the seismic section reveals
that several coherent events (similar to reflectors) occur in the section although the
wedge is actually homogeneous and characterized by a single velocity value. Despite
the increasing number of primary and non-primary interfering events, the NN makes
accurate predictions and correctly retrieves the main elements of the structural model.
A remarkable result of the proposed approach is that the NN is able to deal also with
the wavelet stretching due to the well known low-pass filtering effect of the geological
materials (Yilmaz, 2001a).
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Figure 5.1.11: Marmousi dataset: example of prediction a) on the seismic profile and
b) on the true velocity model.

The data about the computational load and performance of the NN refers to a machine
with a 2 core Intel(R) Xeon(R) CPU, 2.20GHz, 12Gb Ram and a Nvidia Tesla T4
GPU. We performed 100 tests to test the generation time of the algorithm: each test
produced a dataset of 10,000 traces 256 samples long. The total time for each test was
2.80s £+ 0.13s.

Training time is not an issue, as the NN does not need to be retrained for each specific
task, as above highlighted, but can be applied directly to most field datasets. The first
training, without noise, lasts 100 epochs on a training dataset of 100,000 x 256 samples
and this takes less than 1 hour. The training with noise is longer, due to the increasing

complexity of the task: it lasts 4000 epochs for a total training time of about 26 hours.
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A great strength of this method is the significantly shorter prediction time than tradi-
tional approaches. We tested it on 1000 datasets with variable time dimensions from
4 to 4096 samples. LSTM is able to predict any temporal length and we analyzed also
the change in prediction time depending on the record length, resulting, as expected,

in a linear relationship between temporal length and time of prediction.

Conclusions

We propose a Deep Learning-based methodology that is fast and accurate in extracting
different types of reflectors from reflection seismic dataset. The results obtained from
its application to synthetic and field datasets show that it can be an effective tool for
applications that require accurate automated recovery of reflection signals from large
datasets, such as e.g. velocity analysis, tomography, interpretation. One of the main
advantages introduced is the prediction with a correlated probability: this is crucial in
the recovery of horizons (i.e. reflecting surfaces) from both 2-D and 3-D data because
this parameter can weigh the estimate of the optimum surface, decreasing the level of
subjectivity of the whole procedure. Other possible applications of this methodology
could be the phase assessment of reflections, which in turn represents a very important
task for velocity estimation. In particular, in the field of velocity modeling it may
offer soft constrains for velocity model geometry in all the inversion methodologies
that require an accurate input model, like for instance Full Waveform inversion. The
proposed algorithm is fast, versatile, and does not require any input from the user,
as the threshold is estimated automatically using a Knee function (see section 3.1 for
details) while the training phase is done on synthetic data thus avoiding possible bias
due to manual horizons picking and intrinsic limitations and peculiarities of a specific
field dataset. Further researches will focus on horizons patching and automated phase

recognition.

Computer Code Availability
Codes wused in this article are available on github: https://github.com/

Giacomo-Roncoroni/Efficient_horizons_extraction
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5.2 Polarity assessment of reflection seismic data: a Deep

Learning approach

This paper presents a novel methodology for the polarity assessment of reflection seis-
mic data using a fully 1-D approach based on a LSTM architecture. The proposed
methodology is able to accurately extract seismic horizons and track polarity informa-
tion (i.e. signal phase behaviour), even in complex conditions, without requiring any
input besides the seismic data. The algorithm performances are quite good since it is
able to spot reflection events with the right polarity and it just misses a few points on
low-amplitude horizons, in which the spatial continuity is not complete. The effective-
ness of the proposed procedure is demonstrated through synthetic and field datasets
testing, including a 2-D marine seismic profile of the WS10 exploration project and
marine seismic data acquired on the Ionian continental platform. The results show
that the Bi-directional LSTM architecture is an effective solution for automatic po-
larity assessment and can be applied to any type of seismic dataset, including large
3-D volumes thanks to its moderate computational load. This approach has a great
potential to significantly improve the accuracy and efficiency of polarity assessment in

reflection seismic data.
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Introduction

The time delay of a reflected event between adjacent traces is a crucial parameter in
the interpretation of seismic reflection data. Several seismic attributes help to analyze
the lateral continuity of the reflected events, such as e.g. coherency and phase-based
attributes. Polarity is a further crucial element in such analysis and attributes such
as apparent polarity can help tracking reflections and variations related to fluid
substitutions. Polarity is related to the reflection coefficient values which are in turn
related to the contrasts of acoustic impedance and so to the petrophysical parameters
of the subsurface materials. Therefore, polarity changes with depth and polarity rever-

sals along a reflector are essential indicators in the quantitative analysis of seismic data.

Besides the well-known problems related to phase distortions due to both seismic data
acquisition, analysis and processing (Brown, 2009) the polarity assessment (a.k.a.
phase detection) is often a not trivial step during reflection seismic data interpretation.
In fact, phase assessment is a common problem affecting autopicking methods (Forte
et al., 2016). In the ideal case, the final interpretation objective is to pick (and
extract) the first phase of each reflection and the related peak amplitude. In this way,
the subsurface geometries and the seismic impedance contrasts can be extracted and
inversion procedures can be properly performed.

Picking of reflected events can be somehow related to techniques applied in seismology,
in particular first-break picking (Sabbione and Velis, 2010). The phase assessment is
a generalization of such an issue, with the main difference related to the extremely

higher number of reflections and records (i.e. traces) typical of reflection seismic data.

While in recent years several phase picking techniques have been developed and
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implemented exploiting machine learning techniques for both seismological (e.g. Cano
et al. (2021)) and reflection seismic (e.g. Tschannen et al. (2020)) applications, less

effort has been specifically addressed to the polarity assessment.

In this paper, we describe and test a procedure for the polarity assessment of reflection
seismic data based on a fully 1-D Neural Network (NN) approach, requiring in input
only the seismic data, thus minimizing the subjectivity level and the intervention of
the interpreter. The procedure is at first tested on 1-D and 2-D synthetic data, with
various noise levels. We successively apply it on real cases previously used for testing
other published methods, in order to allow an objective assessment of the effectiveness
of the proposed procedure. In particular, we thoroughly analyze the benefits of using
a 1-D strategy which can be applied to any type of seismic dataset including large 3-D

volumes thanks to its moderate computational load.

Methods

The algorithm is based on a Long Short-Term Memory (LSTM) architecture because
we want to keep the causality of the data and the Long-Term memory better fits the
physics behind the wave propagation (Hughes et al., 2019). In fact, the Bi-Directional
LSTM is a strategy able to improve the accuracy of NN classification (Guo et al.,
2019) and in the present case it can help the NN to find the correct shape of the
wavelet by working on both sides of it (Figure 5.2.1).

Figure 5.2.1: Example of Neural Network architecture of the proposed algorithm. From
left to right: input, hidden layers and output with three possible categories: no reflec-
tion, positive reflection, negative reflection.

The output is driven by a dense layer with 3 neurons and a SoftMax activation function

that outputs a probability value equal to 1 on the maximum phase of a reflection in
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time: the three classes represent negative polarity, no reflection and positive polarity.
We use the CuDNNLSTM, a fast approximation of LSTM (Hochreiter and Schmid-
huber, 1997a) that works on Nvidia CUDA (Chetlur et al., 2014) and AdaMax as
optimiser (Kingma and Ba, 2014), a modified version of Adam with infinity norm and
categorical cross-entropy as loss function (Mannor et al., 2005a). We adopt a double
input, namely synthetic data and its cosine of the instantaneous phase, that should
give more information to the algorithm and exploits the possibility given by the NNs
to deal with a layered information.

The training is fully performed on synthetic data obtained from a convolutional
model-based scheme, while the subsequent horizon extraction step can be applied to
any type of field seismic dataset.

The training dataset is often a crucial issue for the performances of the algorithm
on field datasets: we train the NN on synthetic data to avoid any link to a specific
field dataset and to have a complete control over the NN performance through the
knowledge of the subsurface model that generates the training data. After tests, we
found out that the best way to simulate field data for NN is to add pure random noise

to the convolved trace and also to the reflection coefficient series before the convolution:

f@) = (w(t) * (n1(t) +r(t))) + na(t) (5.7)

where 7(t) is a randomly uniform distributed coefficient series with random values,
while nq(t) and ns(t) are noise series randomly generated for each data. nq(¢) has
been added to simulate realistic cases. While ny(t) could represent an instrumental
or environmental noise, nj(t) is a noise linked to the nature of the material and can
be seen in the seismic trace as random noise convoluted to the seismic wavelet. The
other term is the wavelet: we use different frequency ranges to generate the wavelet in
order to simulate the stretching, spectral variations, and variability that occur under
natural conditions. We do not need to train on a previously defined wavelet since by
feeding a NN with a recorded signal, the link between its temporal discretisation and
the actual recording time is unknown for the NN, unless specified, as the NN takes as
input only amplitude information. This allows us to define the temporal discretisation
of the desired wavelet and just resample our data to the desired discretisation value,
equal to 36 in this training. In order to reduce the prediction uncertainty, we use the
ensemble learning technique that exploits multiple learning algorithms to obtain better
predictive inferences. In particular, we tested two solutions, namely: prediction with
different NNs trained on a data set with the same characteristics, and prediction with
the same NN on a single trace and on its time-inverted version. The two approaches
produced similar results; we thus decided to use a single NN to reduce the required

training effort.
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With the application of ensemble learning, we obtain two different predictions: one
on the single trace and the other on its inverted version in time. We successively
combine them with the geometric mean, as it gives better results than, for instance,
the arithmetic mean.

The prediction is given as a probability set that associates a probability value to each
point: the value indicates the probability of the point to be a reflector, i.e. to belong to
a reflecting surface. A minimum threshold above which a point is labelled as a reflector
can be set. The optimum threshold is estimated by evaluating the number of points
classified as reflectors vs. the threshold. We perform this task by using the algorithm
described in Satopaa et al. (2011b). The threshold is set at the sharp inflection point
clearly visible in the resulting curve, thus limiting the subjectivity of the choice. We

apply this methodology both for positive and negative values (Figure 5.2.2).

Figure 5.2.2: Example of the proposed workflow: 1) input data; 2) normal and reversed-
in-time version of the input, reshaped as trace-by-trace matrix; 3) NN prediction; 4)
ensemble learning, i.e. a geometrical mean of the input; 5) final results.
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Results and Discussion

In this section we present the application of the method to both synthetic and real
data.

In Figure 5.2.3 we can see a synthetic 1-D test. It shows the performances of the NN
on a dataset which is similar to training data. As we can see the NN performs very
good and the output expressed as a probability in range [0, 1] for classes positive and
negative shows very high values in almost all the cases. At time step 590, the approach
is able to predict a very close overlapping between positive and negative reflections
and it correctly predicts a very low probability value for a wrong negative polarity

signal at 596 time step.

Figure 5.2.3: Synthetic example of prediction: from left to right we have the input
trace, the real output and the NN prediction.

In order to test the 2-D potentiality of our trace by trace approach we generated some
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random 2-D models. In Figure 5.2.4 we can see the target data (left) and the NN
prediction (right). As we can see, here we applied a threshold to data to decide if one
point should be considered a reflection or not: in this case the minimum threshold was
set to 0.9 probability.

The algorithm performances are quite good since it is able to spot reflection events with
the right polarity and it just misses some points on low amplitude horizons, in which
continuity is not complete, e.g. along the event marked with A in Figure 5.2.4. In the
prediction we can spot also some wrong randomly distributed predictions, which could

easily be deleted in a post processing step, since they do not show any lateral coherency.

Figure 5.2.4: Prediction on a 2-D synthetic seismic profile generated with a convolutive
approach. Real polarity, on the left and related prediction, on the right. With A we
marked horizon with a low amplitude that was not continuously reconstructed by the
methodology.
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In order to test the proposed methodology we use a 2-D marine seismic profile of
the WS10 exploration project, obtained in autumn 2010 in the west Mediterranean
Sea by the Istituto Nazionale di Oceanografia e Geofisica Sperimentale (OGS), which
also performed the data processing (Geletti et al., 2014). The selected portion of
the seismic profile crosses a rifted margin of the eastern Sardo-Provengal Basin
characterized by a faulted salt dome and by a portion of an almost undisturbed
sedimentary sequence (Figure 5.2.5). For such reason, the analyzed data represent an
interesting and complex test for the proposed procedure. We focused on this portion
also because it is exactly the same used in Forte et al. (2016) (Figure 5.2.5a therein)
to test an automated picking and phase assessment approach based on phase seismic
attributes. The NN is able to properly extract all the main horizons, both where they
are sub-horizontal (i.e. in the shallow part) and where they exhibit a significant dip
(i.e. along the flanks of the salt dome), and is able to keep track of the inversion from
positive to negative polarity under the salt dome (marked with P and L in Figure

5.2.5, respectively).

Figure 5.2.5: Prediction on a 2-D marine seismic profile of the WS10 exploration project
in the west Mediterranean Sea acquired by the Istituto Nazionale di Oceanografia e
Geofisica Sperimentale (OGS), a salt dome with top at time step 300 is located between
positions 450 and 650.P and L mark the positive and negative polarity, respectively at
the top and at the bottom of the salt body.
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The second test considers marine seismic data acquired on the Ionian continental
platform (seismic source boomer).

Over a total length of 25 km, the profile samples an extremely irregular sea bottom to-
pography along with complex sub-bottom structures that include steep and conflicting
dips, faulted horizons, thin layers and sedimentary wedges. The algorithm correctly
follows horizons and polarity reversals even in the steeply sloping parts (see A and B
in Figure 5.2.6).

Figure 5.2.6: Example of prediction performed by the proposed NN on marine seismic
data from the Ionian continental platform.

Conclusions

Bi-directional LSTM architecture exhibits good prediction performance and is an ef-
fective solution for polarity assessment as demonstrated by synthetic and field dataset
testing. The double input strategy (amplitude data and cosine of instantaneous phase)
apparently provides a further improvement in performance probably related to the NN
characteristic of exploiting the layering of information and benefiting from the relative

insensitivity to variations in the amplitude of the instantaneous attribute. Training on
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synthetic data allows great flexibility as well as to prepare NNs for real data applica-
tions of any complexity. The training phase for the NN presented in this work required
a total time of 6 hours on a machine with GPUs!. which can be considered an accept-
able computational cost when compared with the subsequent performance of the NN
in the analysis of the field data. The training effort is further reduced by the solution
of a single NN working on direct and reverse time data. The threshold for labeling
the reflectors is set through a user-independent procedure which greatly reduces the
subjectivity of the whole process. The application of the algorithm to the seismic data
of the eastern margin of the Sardinian-Provencal Basin and of the Ionian continental
platform shows that the performance of the NN is not influenced by the complexity of
the structural conditions and by the topography of the seabed.

Further analysis is needed to test the proposed strategy on different types of data (land
seismic, GPR) but the tests performed to date show that the 1-D approach and the
complete adaptability to different wavelets and time scales make the algorithm robust

and able to cope with a virtually unlimited range of applications.
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5.3 Deep Learning driven interpretation of Chang’E4 Lu-

nar Penetrating Radar

This paper presents a groundbreaking achievement in lunar exploration through
the use of Deep Learning driven interpretation of Chang’E4 Lunar Penetrating
Radar. The team reprocessed and interpreted data collected by the high frequency
channel of the lunar radar, using a new algorithm that allows to automatically
obtain objective and detailed results. The algorithm was based on Long-Short-Term
Memory (LSTM), which is particularly well-suited for processing sequential data.
The team was able to image dipping layers and shallow buried crateriform structures
within the lunar regolith, as well as recognize deeper structures similar to craters.
Several previously not recognized structures were imaged and characterized. This
result demonstrates the potential of LSTM-based applications in active wavefield

geophysical methods, and opens up new roads for exploration and discovery in the field.

Supporting information for this paper can be found in https://figshare.com/s/
8830a91ac0c51a4c9bf7.
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Highlights
e Processing and analysis of a more than 1400 m long Chang’E4 Lunar Penetrating Radar

profile collected on the farside of the Moon.

e For the first time a Deep Learning based algorithm is exploited on Lunar radar data to

extract the subsurface horizon probability.

e Improved subsurface geometry was obtained and new elements were detected, including

craterform structures and related deposits.

Introduction

The aim of the Chinese lunar landing mission Chang’E-4 (CE-4) is to unravel the
causes of irregular volcanic products and regolith between the near and far side of
the Moon. The Yutu-2 rover landed on 3"*January2019, on the lunar far side, in
the ancient Van Karman crater (diameter D = 185 km; 177.5991degE, 45.4446degS),
located within the South Pole-Aitken Basin (SPA), the largest and likely the oldest
impact structure on the Moon (Byrne, 2008), Fig. Sup. S1, S2. The two major
scientific targets of the Yutu-2 rover are: to study the mineralogy of the SPA by
collecting in situ reflectance spectra; to image the subsurface shallow geology using
a subsurface penetrating radar system. For these reasons, in addition to reflectance
spectra and several other sensors, the Yutu-2 rover is equipped with a dual frequency
Lunar Penetrating Radar (LPR) with central frequencies centered at 60 and 500 MHz
(respectively CH-1 and CH-2). LPR is the first radar moving directly on the surface
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of the Moon’s farside (Dong et al., 2021). As in the Chang’E-3 (CE-3) mission,
the fundamental goal of the LPR surveys in CE-4 was the exploration of the lunar
subsurface structures along the rover’s path down to several tens, or even hundreds
of meters (Fang et al., 2014; Jia et al., 2018; Wu et al., 2019a). This is the first
instrument traveling on the Moon’s surface capable of radar sounding at such depths,
with horizontal and vertical spatial resolutions up to about 0.1 meters.

Since it landed, the rover has been moving along an irregular path (Figure 5.3.1, Fig.
Sup. S4), broken into sectors separated by many stops and turnarounds points. The
initial studies focused on the first hundreds of meters of the path by applying further
analysis, processing, and inversion algorithms (Giannakis et al., 2021; Wang et al.,
2021; Zhou et al., 2021) before data interpretation (Dong et al., 2021, 2020; Lai et al.,
2020; Li et al., 2020). These early studies revealed a horizontally layered subsurface
with an almost constant regolith thickness of ~ 10 — 12 meters and several ejecta
layers just below it, as well as deeper basalt layers (Lai et al., 2021; Li et al., 2020).
As the mission progressed, new LPR datasets were released, and new evidences for
buried structures emerged from the data, such as a paleocrater from a meteorite impact
(Zhang et al., 2021), dipping features (Feng et al., 2022)), a ”sandwich structure”
within a paleocrater (Zhou et al., 2022), and some faults (Chen et al., 2022).

Up to now, most of the studies used visual interpretation to detect horizons by only
considering the reflection amplitude, while just in two cases, single and straightforward
signal attributes like the instantaneous amplitude (Zhou et al., 2022) and the signal
central frequency (Giannakis et al., 2024) were exploited. In this way, an unavoidable
subjectivity is introduced into the interpretation process, and other analyses are
needed to support the interpretation, in particular numerical simulation and velocity
analysis (Giannakis et al., 2021; Wang et al., 2021; Zhou et al., 2022; Chen et al.,
2022). Diffraction hyperbolas analysis can be effective in estimating the EM velocity
field, from which properties such as dielectric permittivity and mean density can be
derived. However, there are intrinsic problems in addition to the limited number of
diffractions (most of them concentrated in the shallower part of the profile, Figure
5.3.2), their interference and their often-irregular shape. A noteworthy issue is related
to the not-rectilinear travel path of the rover on the Moon’s surface which features
abrupt changes of direction along a highly irregular route, as well as varying speeds
(Figs. Sup. S8, S10-S13.). Other studies estimated the dielectric constant from the
reflection amplitude (e.g. Dong et al. (2020); Giannakis et al. (2024)). This inversion
approach is undoubtedly effective in some cases indeed there are both theoretical and

practical limitations (Forte et al., 2014).
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The low-frequency data of the LPR system (i.e. CH-1) are affected by interference
phenomena first described for the CE-3 mission (Li et al., 2018) and then reported
also for the CE-4 mission (Pettinelli et al., 2021). The debate is still open (Zhang
et al., 2021) and some recent studies continued to exploit the low frequency dataset
(Cao et al., 2023). Our work focuses on the high-frequency LPR dataset (i.e. CH-2)
due to its high quality and potential information content already emerged from the

preliminary analysis.

Figure 5.3.1: Rover path with waypoint numbers superimposed on a fusion of topog-
raphy and satellite image. C), refer to craters and related structures described in the
text. The red dot marks the landing point. Coordinates are in meters relative to the
landing point (0,0). Data from: https://quickmap.lroc.asu.edu/.

We first address the problem of reflectors extraction by applying a new automated
method based on Deep Learning techniques, which provides objective and reliable
results and has proven its effectiveness in different environments, datasets, and
signal-to-noise ratios (Roncoroni et al., 2022a) (Figure 5.3.2 bottom). We then applied
a combination of signal attributes that have already been successfully exploited on
GPR datasets, e.g. Sénéchal et al. (2000); Forte et al. (2012); Zhao et al. (2018), to

further constrain and improve data interpretation.
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For the first time, we here show the high-frequency LPR data (CH-2) recorded until
27t March 2023, representing the longest dataset (= 1,440m) openly available at the
time of writing, adding more than 700 m to the longest high frequency profile published
so far (Chen et al., 2022). We show new structures previously non considered or not

imaged, summarizing, and partially re-interpreting the ones already described.

Overview of the landing site and geological context The entire CE-4 landing
region exhibits a superposition of complex impact morphologies spanning from the pre-
Nectarian to Copernichan epochs. The oldest structure is the SPA Basin, interpreted
as one of the oldest, if not the oldest recognizable lunar basin (~ 4.3Ga, Fernandes
et al. (2013); White et al. (2020)). The Von Kérman crater was predominantly dated
as pre-Nectarian, i.e. ~ 4.2Ga (Lu et al., 2021) though other references describe it
as Nectarian (=~ 4Ga) (Feng et al., 2022). The neighboring impacts, notably Finsen,
Alder, Leibniz, Maksutov, and Von Karméan L and L’ (Fig. Sup. S1), produced ejecta
materials that filled in and affected the bottom of the Von Karman crater (Lu et al.,
2021; Huang et al., 2018; Chang et al., 2021). The northern and eastern parts of Von
Karman are covered by ejecta from Lebnitz and Finsen craters, respectively, while the
western part is flooded by mare basalts (Lu et al., 2021; Huang et al., 2018), (Fig.
Sup. S1, S2). The timing and relative sequence of these ejecta depositions and basalt
flows are relevant for interpreting the local stratigraphy at the CE-4 landing site (Lai
et al., 2020). However, the studies up to date have shown a persistent inconsistency in
the interpretation of the local stratigraphy (Chang et al., 2021).

The Yutu-2 rover LPR profiles have been interpreted to show that the post-mare
deposits at the CE-4 landing site are up to =~ 45m thick, while a recent article
(Giannakis et al., 2024) suggests a shallow basaltic lava layers starting at ~ 10m
depth. the Finsen crater has been unequivocally described as the dominant source of
ejecta that covers the landing site (Lu et al., 2021; Huang et al., 2018; Xiao et al.,
2021; Xu et al., 2021). Less agreement has been reached on the exact age of the
Finsen crater, as it was reported to be either Eratoshenian (Fortezzo et al., 2020)
(= 3.0 — 3.1Ga (Lu et al., 2021; Chang et al., 2021)) or Late Imbrian (=~ 3.5Ga,
Guo et al. (2021) or ~ 3.6Ga, Ivanov (2018)). Further inconsistencies include the
significance of the Alder crater Imbrian (Lu et al., 2021) or Nectarian (Chang et al.,
2021) ejecta in the topmost (> 45m) layer. While the interpretation of the early (and
therefore shorter) Yutu-2 data considered it a prominent component (Lai et al., 2020),
subsequent studies found Alder crater ejecta to be negligible in the topmost layer, in

agreement with remote sensing interpretations (Huang et al., 2018), and to possibly
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only occur beneath the youngest mare basalts at greater depths (more than 50m,
Lu et al. (2021); Chang et al. (2021); Xu et al. (2021)). Most recently, four craters
have been identified as principal sources of primary ejecta at the CE-4 landing site,
and their most likely emplacement sequence from older to younger (Xu et al., 2021)
is: Maksutov, Von Karmén L’, Von Karmén L (all late-Imbrian), and then Finsen.
The ejecta delivered by larger and older impacts like Leibnitz and Schrédinger, or
as distant as Imbrium or Orientale, are expected at greater depth, not accessible by
CH-2, beneath mare basalts (Xiao et al., 2021). The mare basalts flooded the floor of
the Von Karméan in several episodes, namely between = 3.15 and 3.75 Ga (Ling et al.,
2019). Those deeper structures and stratigraphy, for instance, the oldest basalt flows,
that occur at depths greater than =~ 50m have been assessed using the lower-frequency
CH-1 (Lai et al., 2020). However, their reliability is still debated (Cao et al., 2023).

Methods

Radar data pre-processing is a crucial step before data analysis and interpretation of
subsurface structures. In addition to the normal processing flow, that is performed
also on the earth GPR data, we observed problems related to duplicated traces and
data file stitching (Lai et al., 2020). Redundant data removal is a critical step due to
the acquisition system, since the rover Yutu-2 stops to acquire other measurements
like panoramic cam or visible near infrared spectroscopy without interrupting the
acquisition of LPR data. This process generates raw data with local redundancies
that need to be removed. We have designed an algorithm capable of performing this
removal automatically and minimizing the subjectivity of the procedure, saving time,
and avoiding residual duplications (Fig. Sup. S13); see Roncoroni et al. (tteda) and
https://github.com/Giacomo-Roncoroni/LPR_CE4/ for further detail about the

algorithm and its application on data.

Moreover, data acquired in different days are stored separately in different files (SOL)
and need to be merged to get a manageable full dataset. 634,419 A-scans (i.e. traces)
for a total length of the path equal to ~ 1440m within the SOL range between 01
(4" January 2019) and 286 (27" March 2023) have been released at the moment of
writing (August 2023). The complete original dataset after duplicated trace removal
encompasses 40022 traces and is made available in different formats and versions in
Roncoroni et al., submitted where all the data parameters, processing details, and

data at various steps are also provided.

Beside standard processing steps, one of the commonly applied GPR processing
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algorithms is migration: its purpose is to correct for the distortions that can occur in
the recorded signals due to both subsurface dipping reflectors, and diffraction of the
electromagnetic waves (scattering).

The migration changes the reflector dip, location and length only if they are not
horizontal, while in the latter case they are not modified anymore (Yilmaz, 2001b).
Since for migration EM velocity model is the most crucial parameter, we chose not
to apply it since the rover’s non-linear path (Fig. Sup. S8, S9) and the out-of-plane
hyperbolas (Jiao et al., 2000) did not allow us to retrieve a trustful velocity model. On
the other hand, migration can surely focus diffraction hyperbolas, but such a peculiar
shape is very helpful in localizing scatterers.

Therefore, the migration procedure would not allow us to retrieve better resolution on
the horizon and would potentially heavily degrade the imaging of deeper horizons, for
which there are no reliable constraints on the velocity model and signal degradation is
expected due to border effects (Yilmaz, 2001b).

For similar reasons, time-to-depth conversion was done using a constant EM ve-
locity equal to 0.16 m/ns (Roncoroni et al., tteda). It is certainly true that a
more detailed velocity field could be reconstructed exploiting diffraction hyperbolas,

but as previously pointed out, there are relevant and insuperable issues and limitations.

LPR Horizon extraction

For the automatic horizon extraction, Fig. 2b and b’, we modified the workflow
proposed in Roncoroni et al. (2022a) and Roncoroni et al. (2022b), for GPR measure-
ments, implementing and exploiting a Neural Network (NN) that takes both the data
amplitude and the cosine of the instantaneous phase, as input. The entire train model
and codes can be found in https://github.com/Giacomo-Roncoroni/CE4-HrEx.
The algorithm utilizes a Long Short-Term Memory (LSTM) (Hochreiter and Schmid-
huber, 1997b) architecture to maintain the causality of the data and take advantage of
its ability to better fit the physics behind wave propagation. The use of Bi-Directional
LSTM is also employed to improve the accuracy of NN classification. The output of
the NN is driven by a dense layer with two neurons and a SoftMax activation function
(Mannor et al., 2005b) that outputs a probability value indicating the presence of
reflections as a function of time.

We trained the NN using a synthetic dataset to eliminate potential biases arising from
the field dataset and to exert full control over the NN performance through the known
subsurface model that generated the training data. Therefore, the first prediction

output is given as a probability set, where each point is associated with a probability
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value indicating its likelihood of belonging to a reflecting surface. Then, to obtain
a binary indicator we set a threshold. The reference output in this way represented
by a binary indicator [0 — 1] labeling each sample as either reflection or no reflection,
respectively. The optimum threshold is estimated by evaluating the number of points
classified as reflectors at various threshold values, and selecting the sharp inflection
point visible in the resulting curve. This method minimizes the subjectivity of the
choice and is applied as a constant on all data.

Since we are working with a 1-D methodology, to reduce the noise effect we trained
the NN to predict the whole wave package and not only its maximum phase, as
performed in Roncoroni et al. (2022a). To mitigate the uncertainty in predictions, an
ensemble learning strategy was employed. This strategy leverages multiple learning
algorithms to achieve improved predictive outcomes (Mendes-Moreira et al., 2009a).
This methodology resulted in two separate predictions, which were then combined
using their geometric mean, as it provided better results compared to the arithmetic
mean. This can be attributed to the nature of the prediction, where probabilities in

the range [0 — 1] are being predicted.

LPR attributes analysis

Attribute analysis is a technique used to extract features and information from GPR
data to support interpretation and data analysis and at first exploited for reflection
seismic data (Chopra and Marfurt, 2007). In this paper we used several attributes to
get a more detailed and constrained LPR interpretation and to verify and validate

the results obtained with the automated horizon extraction. in particular we calculated:

» Cosine of the instantaneous phase (Chopra and Marfurt, 2007) (a.k.a. cosine of
phase): it is a complex and amplitude independent attribute that clearly displays
bedding (Fig. E1).

 Instantaneous Frequency (Chopra and Marfurt, 2007) it is a complex attribute,
commonly used for highlighting specific events, such as abnormal attenuation and
thin bed tuning (Fig. E4).

o Sweetness (Oliveros and Radovich, 1997): It is an attribute computed by dividing
the trace envelope by the square root of the instantaneous frequency (Fig. E3,
E8, E9). It is able to characterize and emphasize differences between various

facies.

121



Results
Topography and DTM analysis of the landing site

The topography of the terrain where the rover landed is dominated by sub-parallel
ejecta rays interpreted to be originated mainly from the Finsen crater (Fig. Sup. S3).
This is reflected in the distribution of alternating ~ 400 — 500m wide topographic low
and high zones, occasionally connected by lower-lying bridging material (Figure 5.3.1,
Fig. Sup. S5). The rover has landed on a relatively high zone and the first 400 m of
the path covered these ejecta-rich strata. The path then continues across a lower zone
about 500 m wide that is followed by another high zone from about 1,000 to 1,400 m
along the path (Figure 5.3.1). The final ~ 100m of the path, disclosed until now, are
towards another low elevation zone. This topography plays an essential role in ejecta

distribution, but earlier studies have not fully considered it.

LPR profile interpretation and stratigraphy

We describe different stratigraphic units interpreted by exploiting LPR data of the
~ 1,440m long rover path, focusing on the first &~ 50m depth. The rover path is
presented in Figure 5.3.1 (the landing site is marked by the red dot), and the radar
profile in Figure 5.3.2 (the landing site is on the left side). In discussing the results,
we outline the general stratigraphic units as obtained by automated NN extraction
integrated by radar attributes evaluation (see Methods).

The new Deep Learning horizon extraction (Figure 5.3.2b) interpreted some reflectors
which are almost continuous along the entire profile, as well as other horizons present
only in specific locations. By integrating the reflector probability (Figure 5.3.2b) with
the reflection amplitude (Figure 5.3.2a) and integrated attribute analyses (Figure 5.3.3;
Fig. Sup. S15-S20) we can interpret single horizons and both their spatial correlation
and facies: similar colours represent the same stratigraphic level along the radar profile
(Figure 5.3.2b, c; Figure 5.3.3).
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Figure 5.3.2: Total interpreted LPR dataset in amplitude (a, a’) and automated Deep
Learning horizons extraction (b, b’). Light red dots represent localized scatterers, while
continuous, dashed and dotted lines follow the main recognized reflectors.
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Figure 5.3.3: LPR total interpreted dataset: smoothed dominant frequency (a, a’);
sweetness (b, b’).
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Moreover, we interpreted beneath the entire rover path different electromagnetic (EM)
units (U1-U4) on the basis of their EM signature, geometry and relative location, as
detailed below (Figure 5.3.4).

U1 has a low overall reflectivity without clear and coherent high amplitude reflections.
This unit can be observed from the topographic surface down to an almost constant
depth of ~ 12m, seen from the landing site position to a distance of 275 m, decreasing
down to as low as 6 m at a distance of 380 m and then approaching 15 m between
500 and 950 m (Figure 5.3.4). Its thickness is again lower (5-10m) until 1,350 m then
increases again at the end of the profile. Within Ul we imaged two new types of
structures, namely: several (at least 20) with a concave shape, while several others are
local sub-horizontal reflectors. None of these features have been previously reported,
probably because they have an overall low signal amplitude, but appear very clear
when phase or other composite attributes like sweetness (see Methods) are considered
(Figure 5.3.3, S17). The concave structures appear close to the surface and have a
mean width equal to 16.4 m (maximum 23.2 m; minimum 8.3 m) and some of them are
partially overlapping. We interpret all those structures as filled craters produced by
either small meteorites or, most likely, as secondary craters that are very frequent in
this area. Some of these craters appear concealed at the top with quite discontinuous
but still recognizable sub-horizontal reflector. In addition to these reflectors, some
other deeper and significantly longer ones have been imaged within Ul and specifically
between 450 and 780 m. They show a maximum (apparent) equal to 6% between 450
and 500 m where they lie over dipping layers of U2. The maximum lateral extension of
a single reflector reaches 70 m, demonstrating that the regolith is not entirely chaotic
but, at least locally, layered and showing stratification that follows the former (i.e.
deeper) morphology.

Stronger reflectors are beneath ~ 12m depth from the beginning of the profile,
including discrete horizontal and slightly dipping reflectors down to a depth of ~ 30m.
These layered zones can be classified into two separate stratigraphic units based on
their amplitude, signature and lateral continuity (Fig. Sup. S16-S18): the top one
(U2) that is ~ 8 — 10m thick and entails two roughly equally thick layers (green in
Figure 5.3.2 and 5.3.4), and the slightly thicker beneath (=~ 12m, U3) that contains
up to three layers (orange to red in Figure 5.3.2, light blue in Figure 5.3.4). U2 is
present in the first 480 m of the profile and from ~ 950 to 1350 m, while U3 can be
observed throughout the profile. At a depth of ~ 30m, a strong reflector appears (with
local lower reflectivity) with significantly different characteristics from those of the
facies above (see e.g. Fig. Sup. S18), and persists laterally throughout the observed
profile (U4 in Figure 5.3.4). Actual stratigraphic structure is also determined by the

excavated local materials mixed with that ejecta and reworked by multiple impacts.
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The final stratigraphic layers rather reflect the mixture of the primary ejecta and the
excavated local materials (i.e., ejecta deposits) (Xu et al., 2021) and the thicknesses of
the U1-U4 layers described here are broadly in agreement with previously interpreted
thicknesses. In this regard, the Ul has been interpreted as fine-grained regolith
(e.g. Lai et al. (2020); Chen et al. (2022); Zhang et al. (2021)) dominated by Finsen
ejecta which was then reworked, mixed and overturned by numerous impacts but
compositionally it is very similar to the ejecta itself (Dong et al., 2020; Ling et al.,
2019; Guo et al., 2021). In addition to several low amplitude interfering events made
clear by phase analysis (see e.g. Figs.S16), there are some localized scatterers having
different amplitudes, alternatively interpreted as decimeter-sized boulders ejected
during the formation of Finsen crater, including an unknown fraction of local rocks
(Chen et al., 2022), or as broken pieces of glass-bearing breccia projectiles excavated
from pre-existing small craters on the lunar far side Ling et al. (2019). Some authors
further divide Ul into two sub-units: the topmost is more homogeneous with weaker
amplitude because the surface materials have undergone a longer weathering period,
while the lower portion has a high overall reflectivity interpreted as a less weathered
material (Zhang et al., 2021). This division is not apparent in our analysis, even if the
shallower part of Ul seems to have higher numbers of scatterers than the deeper one.
Scatterers produce diffractions hyperbolas on radar sections which have been exploited
to estimate the EM velocity (and from it the dielectric permittivity) of this shallow
zone (e.g. refs. (Dong et al., 2020, 2021; Lai et al., 2020; Chen et al., 2022) even if
the rover path is not straight and its speed is not constant thus resulting in distorted
hyperbolic patterns, as previously pointed out.

Discrete layers within U2 and U3 (= 12 — 30m deep) correspond to what has been
previously described as different coarse ejecta deposits (i.e., the mixture zone of
Finsen’s primary ejecta, pre-Finsen primary ejecta (Maksutov, Von Karmén L’, and
Von Karman L), and local basalt materials) (Xu et al., 2021)).
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Figure 5.3.4: Subsurface units assessment from LPR data interpretation (Figures 5.3.2,
5.3.3). Ul (grey), U2 (in green), U3 (in light blue), U4 (in blue) represent different
macro units. C1, C2’, C3 and C4 are interpreted as paleo-crater filling and related
materials, while dotted and dashed lines mark layering and peculiar structures within
the main units (see text for description and details).

The lowest U4 most probably represents a mare basalt layer ; 30 m deep, as already
pointed out by several studies (e.g. Zhang et al. (2021); Guo et al. (2021)), with some
discontinuous highly attenuated internal layers also due to low overall signal-to-noise
ratio. This seems to be confirmed by the signal frequency behaviour (Figure 5.3.3);
however, a conclusive interpretation of such a unit is not possible just from the analysis
of LPR data. In general, the observed stratigraphy is quite in agreement with strata
described earlier (Xu et al., 2021; Zhang et al., 2021; Lai et al., 2021), while notable
discrepancies and new imaged structures will be discussed especially regarding U1, U2

and paleo craters and related structures C1 to C4.
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Results

The landing site of Chang’E-4 shows a morphology with alternating topographic lows
and highs reflecting Finsen ejecta rays, which are transected by the Yutu-2 rover (Fig-
ure 5.3.1, 5.3.5 + supplementary). In particular, based on a fine-scale DTM map we
detected four crater shapes (C1 to C4 in Figure 5.3.1, 5.3.5) crossed or very close to
the rover path. Crater Cl1 is buried just below the regolith and developed within U2. It
was first interpreted by Zhou et al. (2021) and then confirmed by several other authors.
We estimated its maximal excavation depth (d) as a function of the crater diameter
(D) using the relation d = 0.084D (Melosh, 1989; Warner et al., 2017) (Figure 5.3.4).
The obtained result of 8.8m, being D = 105m, is in very good agreement with the
interpreted paleo-crater which extends to a maximum depth based on the LPR data
of 8.0m. If we consider the entire zone in which the layering is absent as the crater
diameter, having an extension at its top of about 125m, an excavation depth of 10.5 m
is obtained: it matches the vertical extension in which the layers are absent i.e., from
the white dashed line (top of the crater filling materials) down to the red dashed line
(Figure 5.3.2).

The same analysis was performed on C3 and C4. C3 has a diameter equal to about
142m and an estimated excavation depth from LPR data of 12.4m while C4 has a
similar width and a depth of just 6m. By applying the previously reported relation,
we obtain a d value equal to 11.9m which is in good agreement with C3 while it is
not with C4 possible because this latter crater was modified after the main impact, as
suggested also by its very irregular shape.

A similar analysis performed on the 20 shallow craters (some of them being coalescent),
(Figure 5.3.2) gives a mean diameter of 16.4m and a consequent excavation depth of
1.4m; also, in this case, it is quite similar to the one imaged by the LPR data, which
values range from 0.9 to 2.4m. The similar size and their close and regular spatial
distribution suggest they were created as secondary craters.

A peculiar structure is labelled as C2’ in Figure 5.3.4. It lies on the top of U2 and is
apparent between 360 — 460m on the profile. In this portion LPR path crosses the rim
of crater C2 whose center is to the south of the profile. C2 is an elliptical crater evident
of the surface; it is ~ 145m (North-South) by ~ 195m (East-West) wide.

This smaller (max wideness in NW-SE direction equal to about 115 m) and younger
crater (Figure 5.3.6) superimposed on main crater C2 rim (estimated to be younger
than 100Ma, REF) appears quite fresh. In particular, it is apparent when considering
the surface azimuth (Figure 5.3.6¢), even if the surface slope is smooth (Figure 5.3.6d).
Indeed, from the satellite imagery (Figure 5.3.6a) this structure is not recognizable.
Very high reflectivity and reflection continuity of the LPR horizon (light green in Figure
5.3.2) imply that it entails, at least partially, possible impact melt that was created on
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the rim of C2.

Deep Learning driven interpretation of the LPR data, linked with integrated attribute
analysis and satellite imagery, can extract the stratigraphic horizons, correlate them
spatially and group their main units, instead of obtaining by a more subjective manual
line drawing. While the overall structure revealed by this method agrees reasonably
well with previous observations (Feng et al., 2022; Chen et al., 2022; Zhang et al., 2021;
Lai et al., 2021), among the others, it allows for the first time the recognition of unex-
pected and less evident sub-surface structures. Importantly, using this method, we were
able to distinguish stratigraphic units with different electromagnetic characteristics, as
well as recognize their correlation with the present-day topography. For instance, U2
is not present in the central part of the LPR profile (480 — 950m). Notably, based on
topography and distribution of lows and highs, it can be observed that this segment
of missing U2 unit corresponds to the low terrain where Finsen ejecta were originally
less deposited (Figure 5.3.5). Based on this observation, we suggest that the U2 unit,
whose top is the first strong layered reflector beneath the regolith, corresponding to
the top of the Finsen ejecta. At the end of the released data, U2 is no longer present
since the path is approaching another low topographic area in which Finsen ejecta is
not expected (Figures 5.3.1, 5.3.5). Therefore, U2 layer can be identified as directly

deposited by Finsen event.

Figure 5.3.5: Correlation of surface and sub-surface structures. Plain view of the Rover
path and correlation with LPR processed profile (in amplitude). Red and blue segments
highlight high and low topography zones, respectively. The red dot marks the landing
point. Data from: https://quickmap.lroc.asu.edu/.
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Figure 5.3.6: Analysis of the LPR portion between SOL 95 and 145 and comparison
with surface morphology. a) satellite photograph; b) surface elevation; c) aspect; d)
slope; e) LPR interpreted data. See discussion for details.
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All available studies consider a homogeneous regolith without clear internal reflectors,
only with local high amplitude scatterers with the exception of Feng et al. (2023)
which did not directly recognize layering within the regolith but evidenced lateral and
vertical macro electrical permittivity changes within it, on the base of an algorithm for
permittivity estimation exploiting a new approach for diffraction hyperbolas fitting,
limited to the shallower 150ns (i.e. 12m considering a constant EM velocity equal
to 0.16m/ns). In any case, their proposed model is 1-D and so, by definition, the
obtained layers are perfectly parallel and horizontal. We here show not only that the
layering is visible and clearly imaged on the radar profile but that it is slightly dipping
and follows the deeper paleo-topography. This observation is an independent support
toward the fact that the Finsen ejecta were deposited in alternating lows and highs
which formed a paleo-topography of the terrain as early as ~ 3Ga ago, or even earlier.
The regolith layers were then deposited following this paleo-relief and were not entirely
annihilated by the subsequent impacts. As layers do not show complete homogeneous
mixing, it is expected that the Finsen ejecta would not completely mix with ejecta
from previous craters and the layers dominated by previous ejecta may still exist;
however the topmost layer is a mixture of dominantly Finsen ejecta with pre-materials,
in agreement with geological mapping suggesting dominance of the Finsen ejecta in
this entire portion of the VK crater, crossed by SW-NE ejecta rays from Finsen and
dominated by characteristic orthopyroxene (LCP) (Huang et al., 2018), Fig. Sup. S3.
In addition to regolith internal layering, for the first time at least 20 shallow buried
craters have been detected directly on the LPR dataset. They are not apparent on
the base of reflection amplitude (Figure 5.3.7) suggesting, as expected, that the filling
material is very similar to the surrounding one. However, using signal attributes and
in particular phase attributes (Figure 5.3.7) the lateral limit of such a crater is evident
and can be quite easily laterally recognized even when the Deep Learning horizon

extraction does not clearly recognize apparent structures.
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Figure 5.3.7: Details of layering and shallow crateriform structures within the regolith
(Ul), a) and b). ¢) and d) show the cosine of instantaneous phase within red boxes in
b).
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Conclusions

New LPR data and Deep Learning-based interpretation allowed to identify new
and somewhat unexpected subsurface structures on the far side of the Moon. In
particular, while available studies consider a homogeneous regolith with only local
scatterers and no apparent reflectors, we not only show that several layers are visible
on the LPR data, but also that they are not always horizontal but rather follow
the deeper paleo-topography. The DL automated horizon probability procedure
integrated with the analysis of combined signal attributes allowed the discovery of
fine-scale features in regolith and ejecta layers which were not previously imaged,
probably due to their low overall amplitude and elusive nature. In particular, we
recognized at least 20 shallow buried crater-like structures within the regolith and
further four developed deeper within different stratigraphic units. We made a relevant
step forward in correlating layers and defining their different geological meaning.
The LPR dataset was not interpreted as a stand-alone information, but it was fully
integrated with satellite-derived information, and specifically to surface photographs
and detailed elevation models, finding that subsurface units are well correlated with
the present-day topography. This observation is an independent support toward the
fact that the Finsen ejecta was deposited in alternating lows and highs which formed a
paleo-topography of the terrain. Thanks to the exploited integrated data approach, we
assigned specific geological and geomorphological meaning to the identified subsurface
reflectors, defining four different units along the considered rover path, and describing
their relationship.

The obtained results proved the importance of integrated analysis of Lunar data
for subsurface assessment and structure identification, which are in turn crucial for
possible resources evaluation. Further research will be addressed to the calculation of
DL-based attributes
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Chapter 6

Data Fusion

6.1 Merging gated Frequency-Modulated Continuous-
Wave Mars2020 RIMFAX GPR data

This paper presents a novel approach to merging gated frequency-modulated
continuous-wave Mars2020 RIMFAX ground-penetrating radar data using a semi-
unsupervised DL algorithm based on Bi-didirectional LSTM. The proposed method-
ology allows the automatic merging of a varying numbers of dataset at different
frequencies, providing more comprehensive subsurface analysis.

The algorithm is trained directly on the inference data by minimizing a custom
loss function based on the L2 norm of all the input data, weighted on the custom
merging area, and the single output trace. The introduction of a user-defined
merging area provides additional control over the final merged profile, but the
algorithm can also handle different merging areas. This approach has the potential
to be applied to other types of ground-penetrating radar data and can contribute

to the development of more efficient and accurate active wavefield geophysical methods.

The supplementary material related to this article is available at: https:
//library.seg.org/doi/suppl/10.1190/ge02022-0466.1 and at https:
//figshare.com/s/c6a22136b8005003bced.
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e Merging Mars2020 GPR data

¢ Deep Learning-based merging of Frequency-Modulated Continuous-Wave GPR

Introduction

Based on the spatial decay rate of electromagnetic waves propagating through lossy
dielectrics, higher frequency ground-penetrating radar (GPR) signals allow for higher
resolution but lower overall penetration and vice versa for lower-frequency data. With
the increasing availability of instruments offering multi-frequency capabilities, such
as the swept-frequency Radar Imager for Mars’ Subsurface Exploration (RIMFAX)
(Hamran et al., 2020) adopted during Mars2020 NASA mission or the dual-frequency
radar mounted under the Yutu-2 rover in mission Chang E4 (Li et al., 2021), a fast,
robust, and computationally efficient data fusion methodology is essential to combine
and exploit all available information and to overcome the trade-off between penetration
and resolution.

The state-of-the-art GPR data fusion approaches integrate data at different frequencies
performing semiautomatic merging based on statistical methods and probabilistic
techniques, in time or frequency (Booth et al., 2009; Bi et al., 2020). Other methods
rely on the 2D wavelet transform to derive a dynamic fusion weighted scheme (Lu
et al., 2020) or exploit genetic algorithms adapting the weight of different combined
data (Zhao et al., 2021a). De Coster and Lambot (2018) propose a method and apply
it after removing the specific effects of antennas from GPR data, whereas Soldovieri
and Orlando (2009) suggest a strategy based on tomographic inversions and then

combining partially overlapping frequency bands. Interestingly, data fusion approaches
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also have been proposed and tested to combine different data from nondestructive
techniques (e.g., Scott et al. (2004); Kohl et al. (2005)) as well as in different other
topics such as the detection of cracks based on eddy currents (Efremov et al., 2022).
Although important advances have been achieved in most of the proposed approaches,
it is difficult to obtain a smooth transition in the sections obtained by merging
different frequency profiles. Indeed, data fusion procedures often require nonphysical
amplitude equalization and amplitude balance (De Coster and Lambot, 2018) as well
as arbitrary window selections to optimize the output because fusion results typically
have unwanted ”cut and paste” effects between the different combined windows.

We propose a new approach that uses a recurrent neural network (Rumelhart et al.,
1986), in particular a long short-term memory (LSTM) (Hochreiter and Schmidhuber,
1997), to automatically merge variable numbers of data sets at different frequencies,
without specific requirements and limitations of input data. The introduction of a
user-defined merging area can provide the analyst with additional control over the final
merged profile, but the algorithm also can handle different merging areas. RIMFAX
data are collected in three different and partially overlapping windows (reported as
"surface”, "shallow” and ”deep” modes, respectively; Hamran et al. (2020), Figure
18), having three different bandwidths (equal in free space to 1050, 750, and 450 MHz,
respectively) (Hamran et al. (2020), Table 5).

The application of the proposed algorithm on RIMFAX radar data is here critically
evaluated, analyzed, and discussed, demonstrating that the merged results are robust,
the bandwidth is expanded, and, in turn, the overall resolution is increased allowing a

better interpretation of such a unique GPR data set.

Methods

The proposed methodology is based on the training and inference of a neural network
(NN) trained on a small portion (typically 10%) of the analyzed data set. This approach
can be classified as a semi-unsupervised DL procedure that exploits a fully 1D approach,
i.e., is made trace by trace. To merge data sets characterized by different frequency
bands and by different time windows locations and lengths as for RIMFAX data, we use
typical tools implemented for NN training, such as the gradient-descent optimizations
algorithms, and the power given by a custom transformation based only on a few
neuron weights. The basis of this approach is that the fusion should be performed by
three layers of a bidirectional LSTM (Schuster and Paliwal, 1997), with four, two, and
one bidirectional layer and a single LSTM neuron for the output, trying to minimize
the custom loss function with a single prediction from both input data. Using a few
parameters for all data, as a consequence of using a very small NN, offers a robust

method for outliers and even for variations of noise and amplitude between adjacent
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traces, which typically affect the analyzed data set. A graphical representation of this
training scheme is provided in Figure 6.1.1. In addition, the user can set an optional
input parameter, hereafter referred to as "merging interval”. This parameter, ”alFoJ] in
the following equations, is introduced into the algorithm directly in the loss function
and should limit the NN to not consider as input areas lacking useful information, such
as typically near the end of some recording windows in which the signal-to-noise ratio

is very low.

Figure 6.1.1: Graphical representation of the training scheme: on the left side, i.e.,
input, we have the three input data namely surface, shallow, and deep, respectively,
with the merging interval marked with the solid lines. The green lines represent val}
for each input, whereas the red lines represent vallk for each input (Equation 6.3). NN
represents the LSTM neurons into a bidirectional wrapper, and in output, we find the
prediction i.e., the merged data.

The loss function is expressed by the equation:

loss = Z Ailoosy, (6.1)
k=1

where n is equal to three for RIMFAX data and lossy is defined as:

lossy, = ||[targety — prediction||3 (6.2)

where the merged prediction is compared with the kﬁlz]v whereas Apis defined as a
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piece-wise function:
0 ift < valk,

Ae(t) = 1 if valf <t < wvalk, (6.3)

0 ift > wval}

where val and val} are the lower and the upper boundary of the k" data, respectively,
as shown in Figure 6.1.1.

First, we tested such a method on synthetic data simulating the expected subsurface
of Mars (Figure 6.1.2).

Figure 6.1.2: Synthetic simulation and merging obtained on a random model. (a)
The model and the (b—d) surface, shallow, and deep simulation modes, respectively.
We applied the same time windows imposed by the RIMFAX Radar system, and we
merged the data with the proposed methodology obtaining the results in (e). See text
for further details.

We defined a random 1-D model, as shown in Figure 6.1.2a, defining two main layers,
i.e., 10 m of sedimentary cover with ¢ = 2.8 and a bedrock with ¢ = 7.8, as proposed
by Hamran et al. (2020). To make the merging more meaningful, we introduced
a vertical variability in the sediments randomizing e within the range 2.8 £ 1 and
generating a random model with four layers in the first 2m and a layer per meter until
the bedrock. We set a constant electrical conductivity ¢ = 0.002Wm to see how the
merging algorithm would deal with amplitude attenuation.

The modeling is performed with GprMax (Warren et al., 2016), and as a source, we
used a Ricker wavelet with the central frequencies reported in Hamran et al. (2020) for
surface, shallow, and deep acquisition modes. To simulate our target acquisition, we
deleted data outside of the receiver window for each specific frequency, as summarized
by Hamran et al. (2020).

146



The merged results (Figure 6.1.2e) are very accurate in time as compared with the
surface, shallow, and deep traces (Figure 6.1.2b - d, respectively) and well balanced
in amplitude. For instance, the reflection at approximately 45ns appears properly
reconstructed with a mix between shallow and deep modes. In addition, the procedure
does not have any specific problem and does not introduce artifacts when abrupt

velocity changes or velocity inversions are present.

Results and Discussion

After selecting data from the entire RIMFAX data set (from SOL 072 to SOL 204) to
avoid redundant data due to continuing data acquisition during rover stops based on
the analysis of the amplitude of the raw data, we applied an exponential gain function
to compensate for the observed amplitude decay.

We then started the NN training after selecting one trace out of 10. We chose to
perform the training on only the 10% of the data set only for computational efficiency:
in theory, it would be possible to use the whole data set, as we do not overfit the
problem with this approach.

Because the entire data set is quite long and contains a total of 23,199 traces (after
removing repeated ones as previously described; supplemental Figures S1, S2, and
S3), we analyze two specific portions characterized by slightly different features and
structures, namely: sub-horizontal layers with lenses (Figure 6.1.3) and monocline
dipping reflectors (Figure 6.1.4). Merged results are in both cases quite good (for the
amplitude spectra, see supplemental Figures S4, S5, S6, S7, and S8). In particular,
no artifacts are introduced, and the continuity of reflectors is preserved. Moreover,
merged data in Figure 6.1.3 clearly show the vertical sequence of layers, which is
difficult to understand by separately analyzing the three RIMFAX acquisition modes
(for the interpretation, also see supplemental Figures S11 and S12). In fact, from
approximately 20 and 55 ns, two separated sub-parallel reflectors are imaged, as
well as two superimposed lenses. In Figure 6.1.4, the dipping reflectors are perfectly
reconstructed with no vertical gaps from only a few nanoseconds down to 250 ns.
Abrupt lateral amplitude variations in the merged profiles are not introduced by the
application of the fusion algorithm because they also are present (and sometimes even
more apparent) in the three single acquisition modes. In any case, they could be
easily reduced by applying lateral trace balance or, for instance, f-x adaptive trace
interpolation (e.g., Naghizadeh and Sacchi (2009)).
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Figure 6.1.3: SOL 113-116 RIMFAX data. (a—d) Surface, shallow, deep, and merged
data, respectively.
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Figure 6.1.4: SOL 200-203 RIMFAX data. (a—d) Surface, shallow, deep, and merged
data, respectively.

However, lateral phase continuity is high and no trace gaps such as the previously de-

scribed cut-and-paste effects are introduced by the merging algorithm (supplemental
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Figures S9 and S10); as a consequence, merged data can be further processed and ana-
lyzed (or even inverted) without losing information or the risk of introducing outliers,
artifacts, or coherent noise components.

In Figure 6.1.5, we provide a comparison between the results obtained with the pro-
posed procedure and the ones recently published by Hamran et al. (2022) where the
cut-and-paste effect is apparent on all of the traces (Figure 6.1.5c1 and 6.1.5d1) in
which an abrupt frequency variation is present. This does not occur with the proposed
procedure (Figure 6.1.5¢2 and 6.1.5d2), obtaining a smoothed variation of the spec-
tral content. Moreover, some horizons (h labels) are clearer and show higher lateral

continuity.

Figure 6.1.5: Comparison between data published in Hamran et al. (2022), (b) Figure
4b in Hamran et al. (2022) and the results of the proposed algorithm. (c1 and d1) Two
close up of Hamran et al. (2022) figure, whereas (c2 and d2) the same portion of the
data obtained with the proposed merging strategy. Vertical arrows highlight the cut-
and-paste effect apparent in Hamran et al. (2022), whereas "h” labels mark horizons
made cleared on data merged with the new proposed procedure.

Regarding the computation times over the entire data set, a matrix with 23,000
traces, 5000 time samples for the three modes, and training time with 10% of the
data, as described previously, takes only 970s on a laptop with Intel(R) Core (TM)
17— 10875H, 32GBRAM and an Nvidia GeForce RTX 2070 Super with 8GB. On the

same laptop, the prediction time for the entire data set takes 24s
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Conclusion

We succeeded in creating a DIL-based methodology that can merge RIMFAX mul-
tifrequency GPR data that is robust, fast, and does not require particular data
preprocessing and conditioning.

The introduction of specific user-defined merging windows allows for making the
methodology more accurate and controlled, according to the selection of those time
windows in which the signal-to-noise ratio is higher.

Merged data can be further analyzed, processed, and potentially inverted because they
do not suffer from the possible introduction of amplitude/phase gaps or local/coherent
artifacts (Figures S13, S14, and S15). Another strength of the methodology is that it
is completely data driven and can handle even very noisy data.

The application of the proposed strategy is definitely not limited to three windows
and/or frequency components similar to in the case of the RIMFAX data set but
can be applied to merge any type of data set with multiple spectral components and

recording windows.
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6.2 Deep Learning based multi-frequency GPR data

merging

This paper presents an approach to merge GPR data using artificial intelligence. We
provide a generalization on what presented in Roncoroni et al. (2023), with a efficient
and effective way to analyze subsurface structures of data acquired using different
antennas.

With this method, we can obtain more accurate and comprehensive information about
subsurface structures. The proposed approach is based on a new training procedure
based on unsupervised learning, using a Bi-Directional LSTM network. The results of
this study demonstrate the potential of LSTM networks in data fusion, providing a

starting point for future work in seismic, i.e. merge of DAS and active seismic data.
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Highlights

e Semi-supervised Deep Learning signal merging
e New multi frequency GPR datasets merging procedure

o Wide applicability without restrictions on number and range of frequencies demonstrated

after extensive synthetic and field data tests

e Wide applicability and robustness to combine A-, B-; C-scans datasets is shown

Introduction

Ground penetrating radar (GPR) exploits electromagnetic (EM) waves to investigate
the shallow subsurface. It is a versatile technique that can be adapted to different
applications spanning from geological, engineering, environmental, archaeological,
glaciological, and forensic investigations, among others (Lombardi et al., 2022). The
achievable resolution is a function of the physical characteristics of subsurface mate-
rials, being inversely proportional to the EM velocity and unavoidably decreases for
increasing depths, as for all the geophysical techniques. Resolution can be improved by
increasing the source frequency, i.e. the frequency content of the EM wavelet used for
sounding. However, this leads to a reduced depth of investigation due to the stronger
attenuation of high frequency signals. A trade-off between the desired resolution
and depth of investigation is therefore mandatory in all the GPR systems based on
a single central frequency. Moreover, by using a single central frequency signal, as
is usually done, imaging performance is limited, in particular when the subsurface
geometry is complex and the targets have different dimensions (Lu et al., 2020).

Modern multi-channel (or multi-array) systems can provide multi-frequency datasets
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but pose severe logistical constraints, especially when they operate on steep or rough
terrains. In addition, issues arise in interpretation due to the large amount of data
and their intrinsically different nature when collected with different central-frequencies

antennas.

In order to combine together at least two signals having different central frequencies,
several algorithms and procedures have been proposed. Dougherty et al. (1994)
were the first who suggested to exploit such a possibility. Since that time, several
other methods have been implemented and tested. The final objective is referred
as multi-frequency compositing (e.g. Endres et al. (2004)), multi-frequency fusion
(Xu et al., 2019; Zhao et al., 2021b), data fusion (e.g. Lu et al. (2020)) or merging
(e.g. Roncoroni et al. (2023)). A comprehensive review of the state-of-the-art of the
different proposed approaches and their peculiarities can be found in Alemdag et al.
(2022).

A detailed classification of the proposed methods to combine together data with
different frequency components is out of the scope of this study, but, in general, there
are two different strategies either based on 1-D fusion (i.e. considering each A-scan
- or portions of it - as separated entities), or based on 2-D fusion (i.e. combining
B-scans or portions of them as ”images”, see e.g. Lu et al. (2020)). The latter are
often also referred to as image fusion (Zhao et al., 2021a).Here, for the first time, we
propose a multi-frequency merging algorithm based on semi-supervised Bi-Directional
Long-Short Term Memory to automatically merge varying numbers of data sets with
different central frequencies. Training and inference of the Neural Network (NN) are

made on the same dataset to be merged.

In Roncoroni et al. (2023) merging of separated windows (i.e. partially overlapping
portions of B-scans) of the peculiar RIMFAX Mars radar dataset is presented; as an
improvement of the previous approach, we here propose a general procedure that can
be applied to merge any multi-frequency data without constraints in terms of time
window length and overlap, number and range of frequencies to be combined, sampling
interval and number of samples.The performance of the proposed algorithm is here
discussed considering both synthetic and field A-, B-, C-scans (i.e. 1-D, 2-D and 3-D
data, respectively). We demonstrate that the merged results are robust and do not
require any amplitude balance or other specific processing steps. The bandwidth is
expanded and the resolution is increased, while the phases are not distorted and no

noise or spikes are introduced. Such a strategy may prevent possible misinterpretations,
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making easier data interpretation from large to small scales, in turn providing a more
comprehensive understanding of the shallow subsurface. Merged results can be further
processed, used for automated advanced interpretation techniques or attribute-based
analyses, as well as exploited for data inversion.

Method

The proposed approach is based on a new training procedure based on unsupervised
learning: this allows us to use the same dataset for both training and inference: the
kernel of the methodology is a Bi-Directional Long Short-Term Memory (LSTM, see e.g.
Schuster and Paliwal (1997)). The choice of this type of neuron is crucial for our goals.
Bi-Directional LSTM, represented in a simplified form in Figure 6.2.1, is a recurrent
neuron with long memory that takes, as input, both the time-dependent signal and its
reversal in time versions. This neuron is pivotal for the results and performances of
the methodology. Let’s consider a simple signal, i.e. a Ricker wavelet, at t = 10ns

discretized with sampling interval dt

1
W) = [1-5((t - di)e st (6.4)
With a normal LSTM neuron, we can get information from everything that happened
before (¢), but we cannot get any information on what is happening at ¢t > ¢t + At.
Therefore, we need to consider the signal from both sides with respect to each sample
to allow the Neural Network (NN) to correctly understand the waveform, its changes,

and how it moves over time.

Figure 6.2.1: Unwrapped neuron of a Bi-directional LSTM. We can see both the recur-
rent nature of the neurons and the union between normal and reversed in time version
with a sigmoid function.
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After the definition of the neuron characteristics, we have to define a target for the
training. Since we do not have a priori information on what we want to get and a
synthetic simulation of the merged target could be tricky and not easy to define, we
exploit a different strategy that mixes a supervised and an unsupervised methodology,

we can define this approach as hybrid learning.

Before merging, we need to apply some essential pre-processing: one important
step is the data amplitude recovery, usually exploiting exponential or more complex
functions. This phase is crucial to correctly weight events when computing Mean
Squared Errors (MSE). Another crucial step is to apply a normalization of the data,
thus obtaining comparable amplitudes. We tried different approaches and it turned
out that the optimum solution was to scale the integral of the amplitude spectrum
over the frequencies of interest to the same value, e.g. equal to 1. Another possibility
could be just to normalize the whole dataset to 1, but this would put excessive weight

on the low frequency components.

The proposed methodology is based on the training and inference of a NN, trained on
the same dataset to be merged. Specific limits and threshold can be inserted by the
operator, e.g. the definition of weighting window for each frequency - as discussed in
Roncoroni et al. (2023)-, but the procedure can also be applied to merge entire traces

(i.e. A-scans) collected with different central frequency antennas.

In order to merge data sets at different frequency bands, we used a procedure im-
plemented for NN training, namely the Gradient Descent optimizations algorithms
(Kingma and Ba (2014)), and the power given by a custom transformation based on
only a few neuron weights. The base of this approach is that merging should be per-
formed by a few layers of a Bi-Directional LSTM (Schuster and Paliwal (1997)), 3 in
this examples, with 4, 2 and 1 Bi-Directional layers and a single LSTM neuron for the
output, aiming at minimizing the custom loss function with a single prediction from all
input data. Exploiting only a few parameters for all data — as a result of using a very
compact NN - we implemented a methodology that is robust to outliers and noise. A
representation of this training scheme is depicted in Figure 6.2.2. Furthermore, the user
can provide an input parameter, which we will refer to as the merging interval. This
parameter (val; and valy in the following equations), is introduced into the algorithm
directly in the loss function and should allow the NN to disregard areas where no useful
input information is provided. If we want to keep information inside all input signals,

we can just set the full trace as the merging interval, obtaining in output a broader
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frequency spectrum signal:

loss = Alossy + Aalosss (6.5)

Where loss,, is defined as:

lossn = |linput frequency, — prediction)3 (6.6)

while A, is defined as a piece-wise function:

1 if 1 < vall,
M) = { (6.7)

0 if t() Z vall

1 if t1 > wals,
Ao(t) =
0 if tg < walsy

With A and Ag referring to high and low frequency data, respectively. The introduction
of waly and wals, if val; > vals, leads to the creation of 3 different zones, referring to

Figure 6.2.2, within the green box, yellow box, and overlapping part; in detail:
o High frequency zone (HFZ), where ¢t < valy, green box.
o Merging area (MA), where vals < t < valy, overlapping area.
o Low frequency zone (LFZ), where t > valy, yellow box.

In the HFZ the loss function is evaluated only on the highest frequency data. In MA
both data are weighted with the same value, while in LFZ only low frequency data are
taken into account. After defining the two parameters valy, vals, we train the NN with
the same data we want to merge. The loss values as a function of training epochs is
the measure of the convergence of the algorithm. So we have to consider these values
to decide whether we have reached a stable model. After few iterations (see discussion
paragraph), a minimum in the loss function is reached and the same trained NN can

be applied to infer the merged data.
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Figure 6.2.2: Neural Network training workflow. Starting from n inputs (just two are
here depicted) we retrieve a single mixed output. The network is trained to minimize
the L2 norm between each input and the output. A further mixing area constrain can
be given to enhance higher frequencies in the shallower data.

Results

Test on synthetic A-scan As each data set is different, depending on the specific
subsurface conditions being investigated, we may want different features to be enhanced
and we let this specific option to the interpreter. A user-defined area is the kernel of the
adopted strategy. Let us consider a double central frequency GPR signal, i.e. acquired
with two different antennas, e.g. 400M Hz and 200M Hz. We may want to retrieve
shallow information from the entire bandwidth and we may want to keep only the lower
frequency components in the deepest section of the record; we therefore can define this
as an information merging from now on.

If we are in a low loss medium, e.g. ice or dry sand, a higher central frequency can
carry the most information, but adding lower frequency components can extend the

bandwidth and improve resolution and information content. In Figure 6.2.3 we pointed
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out a typical simplified situation where we can see both HFZ (grey, left column), LFZ
(blue, right column), and the merging area (grey-blue in the central column). The
synthetic dataset was generated by convolving a maximum phase Ricker wavelet with
just 3 reflection coefficients and we set the training so that in the HFZ we just want to
get the 400M Hz component (Figure 6.2.3 , column A), in the LFZ just the 200M H z
one (Figure 6.2.3 , column C), and in the merging area both of them (Figure 6.2.3 ,
column B). As we can see, results are very good in terms of bandwidth widening of
the merged dataset, and the residuals are very low in the HFZ and LFZ for higher
and lower frequency components, respectively. As we can see, the merging interval can
retrieve a broader frequency version of the input wavelet, as apparent in the amplitude
spectra (Figure 6.2.3b).

Figure 6.2.3: Frequency merging on a simple 3-reflectors synthetic model. The figure
is divided into three columns: HFZ (column a), depicted in grey, LFZ (column c) in
blue, and the merging area (column b) is in grey-blue. In the first raw we can see input
signals and the merged result, in the second one the amplitude-frequency spectrum of
each area and in the last raw the residuals.
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Indeed, the residuals of the merged frequencies (Figure 6.2.3c, central column) are
almost perfectly symmetric and are null at the point at the peak of the wavelets, thus
demonstrating the effective combination of the two frequency components, without any
phase shift.

For the methodology the phase consistency between input and output data is a crucial
step. As we can see from the residuals, the phase is perfectly preserved, since residuals

have zero errors in both the wavelets at the maximum peak.

Test on Synthetic C-scan

As a more complex and realistic synthetic application, we tested the methodology on
the 3 — D synthetic Herten dataset (Koyan and Tronicke, 2020a), based on a publicly
available hydrofacies data set, which has been derived from sedimentological outcrop
mapping, direct sampling, and geostatistical simulations of an aquifer-analogue at
the Herten gravel pit (SW-Germany). The model is very realistic as it includes
several different sedimentary features, including accretionary structures, cut-and-fill
sequences, well-sorted sand-gravel bodies, and matrix-supported gravels. The dataset
originates from six parallel digitized outcrop images, which are interpreted in terms of
lithological facies resulting in six 16m long rasterized 2 — D facies sections.

These sections cover a depth range of 7m and with constant cell dimension equal
to 0.05m. Laboratory measurements of facies-specific hydrogeological properties
including porosity and hydraulic conductivity lead to a subdivision of the mapped
lithological facies into 10 different units, termed hydrofacies. ~The authors use
these 2 — D hydrofacies sections to perform geostatistical modeling resulting in
a 3 — D subsurface model discretization of 0.05m in all spatial dimensions, from
which the electrical parameters are derived. Such a model was used as input to
model 3 — D GPR data using gprMax (Warren et al., 2016, 2019). The Herten
subsurface model was used to simulate a GPR Common Offset (CO) dataset with
a 100M Hz central frequency source (Koyan and Tronicke, 2020b) then integrated
with two other datasets obtained on the same subsurface model, but with central
frequencies of 50 and 200M Hz (Koyan and Tronicke, 2020a). The three synthetic
GPR datasets are perfect for testing the proposed merging procedure because,
from one side, the data image different geometries and include diffractions and
interference phenomena, from the other the model parameter and geometries are
perfectly known. All the details about model discretization and parameters used to
derive the 50, 100 and 2000 H z datasets are reported in Koyan and Tronicke (2020a,b).

In Figure 6.2.4, wiggle-variable area plots of just a few input traces (A — scans) and

160



merged data are reported. We highlight not only the excellent phase preservation, but
also the introduction of low frequency components in the shallower part of the merged
plot. For instance, if we compare the 3 wavelets of the event between 25 and 50ns we

can clearly see the low- high- frequency mixing in the merged data (Figure 6.2.4c).

Figure 6.2.4: Merging test on 5 exemplary traces. Wiggle plots of the 100 MHz (a) and
200 MHz (b) inputs, and the obtained merging (c). Red lines mark an area where the
low- high- frequency mixing is apparent.

In this test we did not use the lowest frequency data (i.e. 50M Hz) since their infor-
mation is very limited compared to the higher frequency ones (i.e. 100 and 200M H z),
with a significantly lower resolution and without any addition of information in the

deeper part of the record.
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The merged profile (i.e. B-scan), (Figure 6.2.5¢) shows not only enhanced overall
resolution but also continuity of reflectors (see e.g. yellow arrows in the figure). The
proposed method does not introduce neither coherent nor random noise and ”cut and
paste” effects (Roncoroni et al., 2023). Furthermore, we have a general broadening of

the spectrum that can help inversion processes.

Figure 6.2.5: Merging test on a double-central frequency synthetic profile extracted
from the 3-D Herten dataset. 100 MHz profile (a); 200 MHz profile (b); merged profile
(c), and their respective amplitude spectra. In the merged spectral panel, the 100 and
200 MHz spectra are reported in light grey for a better visual comparison with the
merged one.
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We applied the workflow to the whole 3-D Herten dataset (Figure 6.2.6) to further test

the effectiveness and stability of the procedure.

Figure 6.2.6: Merging of the whole 3-D 100 and 200 MHz Herten datasets. 100 MHz
(a); 200 MHz (b); a1l00-200 MHz merged data (c).

The test proves the stability and robustness of the method and its effectiveness in
preserving not only the signal amplitude contrasts, but also its phases. As we can see
in the 3-D plot (Figure 6.2.6c) we obtained a good lateral continuity and reflectors
matching at all the crossing points. Also, the imaging of relatively high dipping
reflectors in the merged dataset is overall better than the one on the single-central

frequency volumes (e.g. yellow arrow in Figure 6.2.6).

Test on Field B-scan

The proposed merging method was finally applied to field GPR data. During
the XXXVIII Italian Expedition to Antarctica (austral summer 2022-2023), a multi-
frequency GPR dataset was acquired using a ProEx GPR instrument (Mala Geoscience)
first connected with 250MHz, then 500MHz and finally 800MHz shielded antennas. The
dataset is therefore composed of three GPR profiles collected on Boulder Clay glacier
(Victoria Land - East Antarctica) along the same path with the three different antenna
pairs. Details about the acquisition zone are reported in Azzaro et al. (2022). The
profiles are collected along a straight line with an approximate E-W direction, perpen-
dicular to the glacier low and with a 0.10 m trace interval. This dataset was chosen to
test the merging procedure because the different frequencies have a completely differ-
ent penetration depth and highlight different glacial features including diffractions and
reflections with a large dip range.

The typical characteristics of GPR datasets, in which high central frequency antennas

ensure high resolution but have a limited penetration depth while the opposite is true
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for low frequency ones, is well highlighted by Figure 6.2.7, where the 800MHz GPR
profile (Figure 6.2.7a) provides clear identification of reflectors in the first 60 — 70ns. In
particular, it images a strong continuous horizon very close to the surface, which can be
associated to the transition between firn and ice. In the 500MHz data (Figure 6.2.7b)
some internal glacial structures can be recognized, as well as the ice-bedrock high am-
plitude reflection, imaged with higher continuity and toward its maximum depth (i.e.
about 400ns) in 250MHz data (Figure 6.2.7c).

Figure 6.2.7: Merging test on a field dataset: (a) 800 MHz profile; (b) 500 MHz profile;
(¢) 250 MHz profile; (d) merged profile, and their respective amplitude spectra. In the
merged spectral panel, the 250, 500 and 800 MHz spectra are reported in light grey for
a better visual comparison with the merged one.

The corresponding amplitude spectra (bottom row of Figure 6.2.7) show the widened
frequency band of the merged data. The comparison between single-central frequency
profiles (Figure 6.2.7a,b,c) and the merged data (Figure 6.2.7d) highlights the overall
improvement of resolution while ensuring a signal penetration depth which is com-
parable with the 250MHz one. In fact, all features characterizing each GPR profile
can be recognized in the merged data, from the firm-ice transition to all internal high

dipping layers and the ice-bedrock interface.
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The 250MHz antenna allows for optimal imaging of the bedrock, but the imaging
offered by the merged data extends simultaneously from surface to deep targets
ensuring for all of them optimal detectability and a very good resolution. In addition,
low frequencies favour the identification of several dipping layers especially in the first

100m of the profile, which were not clearly resolved from the 800 and 500MHz antennas.

Discussion

Most GPR data merging studies focus on synthetic datasets based on models that are
very simple in terms of geometry and physical properties, i.e. planar reflectors with
constant dip and constant electromagnetic properties of each layer (Xiao and Liu, 2016;
Bi et al., 2020; Alemdag et al., 2022). In some cases, random noise or spikes are added
after forward modeling (e.g. Alemdag et al. (2022)). On the contrary, we tested our
procedure on one of the most realistic synthetic 3-D GPR dataset at present available,
and derived from a real outcrop through mapping, direct sampling and geostatistical
simulations (Koyan and Tronicke, 2020a).As far as real data is concerned, a typical
problem is not only that low central-frequency GPR data yields lower resolution, but
the shallower portion is masked by the air and ground waves arrivals (Jol, 2009)
Figure 6.2.8 shows the same merged data as in Figure 6.2.7: the shallow unconformity
(black arrows) cutting the dipping layers (red arrows) which onlap on it, can be easily
identified especially in the first 100m of the profile.

Figure 6.2.8: Merged data profile and amplitude spectra of the data in Figure 6.2.7d
calculated with 20ns long sliding time windows. The profile has a gradual frequency
decay with depth down to about 300ns. At greater depths the frequency content is
more stable showing a dominant frequency of about 250MHz. Red and black arrows
mark specific reflectors described in the text.
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At least 10 distinct internal layers, including continuous and discontinuous horizons,
can also be displayed and recognized, whereas in a single central-frequency acquisition
could not be possible to image such internal features. The amplitude spectra on the
right of Figure 6.2.8 demonstrate the spectral shift with depth due to the quick decay
of high frequencies components, but also the effectiveness of merging which increased
the resolution especially in the shallow portion of the profile, where the bandwidth is
remarkably wide and the peak amplitude is greater than 800MHz. In the bottom part
the amplitude spectra are more constant and are characterized by a dominant frequency
of about 250MHz. The stability of the method was tested by calculating some signal
attributes and by migrating the merged data. The cosine of the instantaneous phase
attribute (Figure 6.2.9) allows us to better evaluate the continuity of reflectors and it
is therefore optimal to assess the effectiveness and robustness of the merging method.
In Figure 6.2.9, the ice-bedrock reflection can be traced clearly and continuously even
where it has greater inclination (cyan arrows in Figure 6.2.9) as well as all the internal
layers of the glacier. This example highlights the performance of the proposed method
in preserving the continuity of the events without creating distortions or jumps related

to the juxtaposition of different frequency bands.

Figure 6.2.9: Cosine of the instantaneous phase calculated on the merged data of
Figure 6.2.7d and 6.2.8. Time is limited to 250ns with two close-ups on areas A and
B, respectively.
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Another test of the validity and efficiency of the merging methodology is the applica-
tion of a migration algorithm to the merged data (Figure 6.2.10). Migration focuses
the diffractions’ energy to the apex and places the reflectors at their correct position.
All migration algorithms are indeed very sensitive to noise and abrupt spectral (both
in frequency and phase) variations of the signal (see e.g. Lehmann and Green (2000)).

After applying the topographic correction with a constant velocity equal to 0.17m ns™!,

we applied a Stolt F-K migration algorithm with a constant velocity equal to 0.17m ns~!
which corresponds to a 3.2 relative electrical permittivity, typical of pure ice. This is
surely an oversimplified velocity field but it does not represent a crucial parameter for
our test. The merged depth-migrated section, (Figure 6.2.10), provides the most realis-
tic imaging of the internal structure of the glacier, allowing us to better appreciate the
correlation between the morphology of the bedrock and the shape of the internal layers,
onlapping on the almost horizontal unconformity that cuts the deeper glacial strata.
No apparent over- or under-migration effects are present, while the lateral continuity
of the reflectors is always preserved thus demonstrating once again the stability, ro-
bustness and validity of the merging procedure. Merged data can be further processed
and analyzed, considering that no artifacts, outliers or coherent noise components are

added by the data merging process.

Figure 6.2.10: Depth-migrated merged field data as in Figure 6.2.7D and 6.2.7.

Many of the existing merging algorithms need to be applied to datasets after intensive
pre-processing. In fact, in several procedures, amplitude recovery (i.e. gain) and spec-
tral balance are mandatory (Xiao and Liu, 2015; De Coster and Lambot, 2018; Alemdag

et al., 2022). This introduces some subjectivity in the merged output and the sections
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obtained by combining different frequency profiles present abrupt transitions between
areas dominated by different central frequencies. In addition, data fusion procedures
often require non-physical amplitude balance and pre-equalization, user-defined time
window selections and post-processing procedures to minimize unwanted cut and paste
effects (Lu et al., 2020; Roncoroni et al., 2023). On the contrary, our approach does
not require any specific pre/post-processing and can be applied even on raw data when
the signal-to-noise ratio is high enough. In our procedure, the integral of the amplitude
spectra is scaled to the same normalization value before data merging, thus obtain-
ing a spectral balance and normalization at the same time. In addition, the proposed
procedure does not have specific requirements on the frequency range to be merged,
nor to the number and sampling characteristics of the GPR profiles. The tests on real
data (Figure 6.2.9, 6.2.10) show that merged data can be further processed without
any remarkable issue, both in time and frequency domains. The test of the proposed
merging procedure on the field dataset (i.e. the Antarctic glacier) took the following
computation times on a laptop with Intel(R) Core (TM) i7 — 10875H, 32GbRAM and
a Nvidia GeForce RTX 2070 Super with 8Gb of memory: training over 50% of each
dataset (i.e. every two traces) corresponding to 1200 by 4000 matrix took 1635s, while
merging (i.e. prediction) time less than 4s. The trained NN, once calculated, can be
applied to any dataset with similar acquisition parameters. The computational costs

are small enough to be managed by a laptop/pc.

Conclusion

Merging GPR data with different central frequencies can optimize the unavoidable
trade-off between resolution and penetration depth when using the standard approach
exploiting just a single couple of antennas. We proposed a new merging algorithm
that can effectively manage the complementarity of information at different central
frequencies, properly exploiting data redundancy. We tested the method on different
synthetic and real cases in totally different situations and with different acquisition
parameters and frequency ranges. Stability tests demonstrated the robustness of the
algorithm and the improved quality of the results which can be further processed
and analyzed. The proposed procedure is helpful not only to improve the response
of reflectors but also of diffractors and in complex subsurface conditions, such as
e.g. heterogeneous materials and conflicting dips. It can successfully manage even
interfering events without introducing noise or artifacts. Amnother strength of the
methodology is that it is totally data driven and can deal with noisy data. The
training model requires a three order of magnitude longer computational time than
the prediction. However, the training can be done just once and can then be used to
merge any dataset with similar spectral, geological and geometrical characteristics.

The proposed procedure is not limited to specific frequency components or geological
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setting and can be potentially exploited to merge any type of dataset having different
spectral components. Further research will be focused on the application of this
methodology to merging data coming from 3D GPR datasets. We would also focus on
possible applications on Common Shot Gather (CSG) stacking procedures, exploiting

a modified version of this methodology.
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Chapter 7
Frequency Inference

The research for low-frequency seismic data, crucial for deep subsurface understanding,
remains a fundamental challenge. These low-frequency components carry vital
information about geological features, but noise and natural Earth filters hinder
their acquisition. The Earth acts as a low-pass filter for seismic waves, attenuating
high-frequency components more than low-frequency ones. These low-frequency
signals are invaluable for deep seismic studies, imaging beneath high-velocity layers,
and exploring complex geological areas. However, capturing reliable low-frequency

data below 10H z is complex due to increasing noise and marine ghost reflections.

Efforts to address this issue include developing low-frequency energy sources and
innovative streamer configurations. Data processing techniques aim to extend seismic
bandwidth and enhance signal-to-noise ratios, yet challenges persist, especially in the
presence of ghost reflections. Deep learning, using neural networks, has emerged as a

promising solution for enhancing low-frequency seismic data.

Our proposed methodologies employ Bi-Directional LSTM neural networks to enhance
low-frequency seismic data. In this chapter we present two approaches, where the
loss function considers both time and frequency domains: one to enhancement low
frequency in a processed post-stack data for deep seismic imaging and the other one is
a three-step approach to fill the low frequency null space gap on CSG.

By applying this methodologies, we aim to bridge the gap in low-frequency seismic

data, advancing our understanding of Earth’s geological features.
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7.1 Low frequency enhancement for deep seismic imaging

The Earth acts as a low-pass filter for seismic waves, where high frequency components
of energy are attenuated more than low frequency components which travel much
further into the earth. Therefore, the lower end of the seismic spectrum is important
for deep seismic studies, seismic imaging beneath high-velocity layers such as salt
bodies (Etgen et al., 2016) or basalts (Ziolkowski and Kipple, 2003), as well as in
complex geology areas such as thrust-fold belt (Brenders, 2011). Furthermore, low
frequency components are crucial for quantitative imaging using seismic full waveform
(Li and Demanet, 2016; Ovcharenko et al., 2019). However, extending the useful
bandwidth of seismic data much below 10Hz is not trivial Ten Kroode et al. (2013).
in fact, the level of noise tends to increase exponentially as frequency decreases.
Furthermore, in marine environments, source- and receiver-side reflections from the sea
surface (ghosts) produce periodic frequency notches (the first one at 0Hz) and cause
a low-cut filtering effect making low frequencies propagation and imaging challenging
(Singh et al., 1996).

Efforts have recently been made to develop low frequency energy sources (Reust
et al., 2015; Abma and Ross, 2013; Ronen and Chelminski, 2017; Morozov, 2021), but
these sources are complicated to use and thus have had limited success up to now.
For example, to increase the low frequency content down to 1.5 — 4Hz, Ronen and
Chelminski (2017) proposed sources with enormous volume (28,000 cubic inches) and
low firing pressure, which pose significant operational challenges and are difficult to

effectively implement in scientific or industrial surveys.

To address the problem associated with streamer ghost, different solutions have been
proposed. Instead of deploying the streamer at a constant depth, slant (Ruan et al.,
2014) or curved (Amundsen and Reitan, 2014) streamer configurations were proposed.
As receivers are at different depths along the streamer, the notches would arrive
at different frequencies and the resulting spectrum would be broadened (Soubaras
and Whiting, 2011). Another strategy was to deploy two streamers at two different
depths, in under/over configurations, allowing to simulate a third streamer: the sum
of all the streamers would broaden the spectrum as well (Singh et al., 1996). These
ideas have had some success but extending the lower frequencies below 2-3 Hz still
remains a challenge. More recently, multi-sensor technology has been developed, where
both pressure and vertical components data is recorded at the same depth (Farouki
et al., 2010). As the notches on the pressure sensor coincide with the peaks on the

vertical component sensor, adding these two data sets would cancel the notch, broaden
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the spectrum, and enhance frequencies towards zero. However, noise on geophone
components is very high at frequencies below 10 Hz, hence only pressure data are used
below 10 Hz (Olofsson, 2010).

In addition, there have been efforts to enhance low frequency components during
processing, which can be broadly divided into two categories: extension of seismic
bandwidth towards the low frequency side (Sun et al., 2021) and improvement in
signal-to-noise ratio in low frequency regime (Chen et al., 2019). For example, the
application of zero-phase source deconvolution (Woodburn et al., 2011) and spectral
whitening (Masoomzadeh et al., 2005) can boost the low frequencies but the signal
to noise ratio tends to be poor. Another approach, called wavelet transform method
(Smith et al., 2008), is based on the convolution of a time-series (seismic trace)
with a scaled and translated wavelet (Morlet wavelet), resulting in the summation
of several sub-harmonic frequencies to the original time-series, and hence boosting
the low-frequency part of spectrum. However, frequencies available for harmonic
prediction and notch due to ghost reflections during seismic acquisition pose a barrier
in realizing this technique to its full potential. The application of a demodulation
operator to extract the envelope of a seismic trace can further provide low-frequency
information (Wu et al., 2014). Li and Demanet (2016) analytically extrapolating
the low frequencies by decomposing selected seismic records into elementary events
and considering inter-trace relations whereas Wang and Herrmann (2016) addressed
frequency extrapolation as a convex optimization problem with a total-variation
regularization that accounts for spatial correlation between traces. While these
methodologies have been successfully applied to synthetic data, they have failed to
yield useful results in their application to real data because these algorithms are very
sensitive to signal-to-noise ratio in the recorded data as they often track strong events

and treat weak events as noise.

Recently, Deep Learning based on neural network (NN) has been used to enhance the
low frequencies components of seismic records.

Aharchaou and Baumstein (2020) proposed to measure ultra-low frequency (1 —4H z)
on the seabed, then using such a data to train a NN to determine a bandwidth
extension function to enrich streamer data with low frequencies. However, as
mentioned above, acquiring low-frequency data can be very challenging and costly.
Ovcharenko et al. (2019) used high frequency data to train the NN to predict the
low frequencies. The main issue with this methodology is that NN can have general-
ization problems since the training is linked to data acquired in a specific geological

setting. With these premises, we propose a new method based on Bi-Directional
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Long Short-Term Memory (LSTM) to enhance the lo frequency components of reflec-

tion seismic data and we show its efficiency on synthetic and real deep seismic datasets.

We chose Bi-directional LSTM (Hochreiter and Schmidhuber, 1997) neurons because of
their capacity to deal with temporal dependencies and to predict any temporal length
due to the recurrent nature of the layer. There are three different conceptual steps in
our approach, namely: synthetic data computation, choice of the NN, and computation
of error functions. The first step is dedicated to generate synthetic data. To allow the
methods to deal with different amplitudes, frequency contents and noise levels, the
dataset (T'(t)) is randomly generated using a convolutional model of the form (Yilmaz,
2001),

T(t) = w(t)* (R(t) +ni(t)) + na(t) (7.1)

Where R(t) is a uniformly distributed reflection coefficient time series with random
values, n1(t) and ng(t) are random noise with uniform distribution, w(t) is the wavelet.
n1(t) has been added to simulate real data noise due to wave propagation or scattering
and no(t) represent instrumental or environmental noise. In our case, both n;(t) and

no(t) randomly vary between 0 and 5% of the maximum amplitude of the signal.

We used two types of wavelets to generate two different traces. For the first trace
we used a Ricker wavelet with a dominant frequency of 4H z, whereas for the second
trace we used a broadband Ricker wavelet with frequency from 0.5 to 8 Hz. These two
wavelets are used as input and output for the NN training, respectively. We choose a
broader frequency spectrum for the NN target to train and predict a very broad set of

frequencies.

The training dataset is intended to be a maximum phase: this is a crucial choice
since we need to avoid phase shifts in the training dataset to properly position the
reflections in the prediction. For example, a minimum phase wavelet will introduce a
phase shift that would be difficult to take into account in the field data prediction due
to the introduction of wide side lobes and, as a result, shifting the maximum phase of
the wavelet. Since LSTM works on the data only in one direction, we would not be
able to correctly reconstruct events after their maximum phase: to solve this problem,
we applied a Bi-Directional wrapper that allows the neuron to work both on the main

trace and on its time-reversed version.

After defining the training dataset and the types of neurons, we choose a NN geometry
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based on three hidden layers with 4, 2 and 1 Bi-Directional neurons (Figure 7.1.1).
The geometry of the NN was chosen after several tests by varying the complexity of
the NN. We find that very complex NN geometries required a significant increase in
training and prediction times with negligible reduction in errors, and therefore we chose
the above describe simple geometry. The last important step of the methodology is the
computation of the loss function. The loss function is defined by the sum of the Mean
Squared Error (MSE) between the real and predicted traces. Normally, the loss function
is computed in the time domain, but here we also include the frequency domain. This

double loss function can be written as:

X Y

) = H - R(X) R(Y)
max(|X|) max(|X])

loss(X, Y = =
max(R(X)) max(R(X))

+
2

(7.2)

2

where X is the reference output, Y is the NN prediction and R(X) and R(Y) are the
real part of their Fourier transforms, respectively. The first term is the classical loss
function, normalized according to the reference output, while the second term is its
frequency domain counterpart. We added a normalization according to the reference
output to avoid the use of a scaling coefficient, that would need further evaluation on
the best value and could introduce some subjectivity into the choice. Furthermore, this
kind of normalization allows the methodology to give the same weight to traces with
very high and very low reflectivity values, since they are both scaled to one in the loss
function. The addition of a frequency part to the classical loss function allows to give
an higher contribute to the lower frequencies, which is essential for further calculations.
Another advantage of considering both the time and frequency domain amplitudes is
that the low frequency content affects less the time domain part of the loss function
than the frequency domain part. For instance, if we compute the Mean Square Error
(MSE) between Figure 7.1.1 a-c and Figure 7.1.1 a’-c’ we get values of 1.43e~% for
the time-amplitude MSE, and 4.31e=%* for the amplitude-frequency counterpart. To
allow the NN to predict signals independent of amplitudes, the training dataset is
scaled by a random factor in the half interval of [0, 1]. This scale factor is balanced in
the loss function by normalizing the true data to 7.1.1 and then scaling the prediction
according to the true data re-normalization factor. In the second term of Equation
7.2, both R(X) and R(Y) are normalized according to max(R(X)).

This normalization approach has two advantages:

o It gives the same weight to signals with different amplitudes, which is crucial

when working with real data;
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e The two loss functions can be summed without requiring any further regulariza-

tion coefficient, since they have the same order of magnitude.

We trained the NN using 100,000 randomly traces generated obtained using an
optimizer Adamax (Kingma and Ba, 2014).

Figure 7.1.1: Schematic diagram showing the setup of the methodology: (a) Input
trace with a dominant frequency of 4Hz. The LSTM neurons and the bi-directional
wrapper are depicted (b). In (c) the broadband frequency output. Over the normal
loss, computed through input (a) and output (c), i.e. the first term in Equation 2,
we also have the amplitude-frequency counterpart (a’ and ¢’), i.e. the second term in
Equation 7.2.

The NN was first tested on a synthetic data set. The synthetic trace contains only
three events: one at 1.5s and the other two at 3.5s and 4.5s, interfering with each
other (Figure 7.1.2a). The time sampling is constant and equal to 2ms. The seismic
source is a Ricker wavelet with a dominant frequency of 3Hz (Figure 7.1.2b). We
added 5% of random noise before and 10% after convolution (see Equation 7.1). The

first event in Figure 2a has the maximum amplitude of —0.3 and the second event
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has two interfering reflections with maximum values of 0.87 and 0.92. We generated
100,000 data with randomly chosen number of events at random times and with
random amplitudes according to in Equation 7.1. The synthetic test on the blind
dataset of the trained NN shows that the NN has allowed to extend the frequency
bandwidth from 1 to 7 Hz. The side lobes present in the original signal have been
reduced and the events after the application of the NN prediction are sharper. From
this result we can also see that the phases are correctly retained by the method and
the amplitudes are preserved. Moreover, the two events at 3.5s and 4.5s are distinct
and clear. To quantitatively evaluate the obtained result we estimated the MSE both
in the time and in the frequency domains: The time-amplitude MSE was 6.72x107%,
while the frequency-amplitude MSE was 1.221073, about twice that of time-amplitude
MSE, indicating that the frequency amplitude has larger impact on the prediction. As
described, this is the key point that led us to include frequency-amplitude MSE in the

loss function.

Figure 7.1.2: Blind test of the NN for a synthetic data set. (a) Input at 4Hz (blue), tar-
get data (orange) and prediction (green) and (b) the corresponding amplitude-frequency
spectra.

To test this methodology on field data we used processed deep seismic reflection
data from the Atlantic Ocean (Audhkhasi and Singh, 2022). The original data were
acquired using a 12km long multi-sensor streamer and a 10170 cubic inch source.
The shot interval was 75m, and the record length was 31s. The data were processed
to enhance the low frequency energy reflected from the lithosphere-asthenosphere
boundary and the Gutenberg discontinuity. We have applied the trained NN in a
time window from 20 to 31s along a 220km long profile portion covering the oceanic
lithosphere from 27Ma to 47TMa (Audhkhasi and Singh, 2022). Further details about
data processing and interpretation can be found in Audhkhasi and Singh (2022).

Figure 7.1.3a shows a comparison between the full-processed seismic profile obtained
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by Audhkhasi and Singh (2022) and (Figure 7.1.3b) the results of the NN prediction.
To make possible a comparison of the signal amplitudes with synthetic data, we
applied a global normalization, setting to one the maximum amplitude of the whole
dataset . We then applied the NN trained as previously described on the field data.
The NN was applied trace by trace, i.e. strictly in 1-D thus inherently considering
each trace completely independent by all the others. The higher continuity of the
two target reflectors related to the lithosphere-asthenosphere boundary (lying between
about 22s and 26s) and to the Gutenberg discontinuity (at about 29s) on the enhanced
frequency profile is apparent. The resulting image is overall sharper and the signal
to noise has also increased. We can also observe small scale structural variations in
the two reflection events. Since our approach is locally 1-D, the lateral coherency is
real, and cannot be relater to artefacts introduced by the applied methodology. The
frequency spectrum shows the enhancement of low frequencies down to at least 1Hz

and the bandwidth was clearly enlarged.

Figure 7.1.3: Processed data (a) and enhanced frequency data (b) and the correspond-
ing amplitude-frequency spectra (a’ and b’ respectively). The two horizons described
in Audhkhasi and Singh (2022) are pointed out by black arrows. Solid red lines mark
the area analyzed in Figure 7.1.4.

To better highlight the low frequency enhancement, we vertically stacked 80 traces to
reduce random noise and to improve the interpretability of the reflection events in a
portion of the profile where the two reflection events are nearly flat and clearly visible

on the original processed section, i.e. at 120km along the profile. Figure 7.1.4 shows
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both the original and NN results. We can clearly see that the amplitudes of lobes have
been reduced and the signal-to-noise ratio has been improved. Our method is able to
preserve amplitudes, as we apply the inverse of the normalisation factor, and it does

not introduce phase shifts.

Figure 7.1.4: Plot of the waves from the processed (light blue) and the enhanced low
frequency data (orange). 12 seconds of the recordings stacked in one Km (a) and two
close up on the deep reflections analyzed in Audhkhasi and Singh (2022) ((b), the
shallower and (c) the deeper).

The procedure took 11 hours to train the network on the Cineca cluster Marconil00,
with the operation parallelized on a single node with 2x16 cores IBM POWER9 AC922
at 3.1, 4 NVIDIA Volta V100 GPUs and 256 GB RAM. After the training, the NN
prediction was performed on a laptop with 32Gb Ram and a Nvidia RTX 1080 with
8GB of GPU memory and took only 12 s for the whole dataset, i.e., 71,000 traces,
each with 3,500 samples.

We propose a methodology based on a LSTM NN for low frequency enhancement of
seismic data. The training of the NN is based on a synthetic dataset, similar to real
data, allowing to control different features of the algorithm and check its affordability.
We have used an innovative loss function based both on the minimization of MSE
between trained and predicted data (amplitude), and their Fourier transforms (am-
plitude spectra). This allows not only to have a faster and more precise convergence
during the training, but also to obtain a more accurate and reliable output. The
methodology is purely 1-D, i.e. independently applied trace by trace, thus allowing a
successful application even on very noisy datasets, while avoiding artifacts that 2-D
algorithms may introduce. The application of the method to real deep seismic data

shows that it can be successfully applied and provides sharper and more interpretable
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deep images. The methodology is very fast after the initial training and can be applied

to a large variety of seismic data in terms of scale, resolution, source type, dimensions.
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7.2 Low-frequency inference: filling null space gap with
LSTM.

The absence of low-frequency signals in seismic data can lead to the emergence of
local minima, making the extraction of reliable information a challenge. To tackle this
issue, DL techniques have shown promise in improving the accuracy and effectiveness
of reconstructing missing low-frequency signals (Ovcharenko et al., 2019).

As seismic waves propagate through the Earth, they undergo a low-pass filtering
effect, where high-frequency energy components are rapidly attenuated, scattered, and
dispersed, while low-frequency signals travel more extensively through the subsurface
(Etgen et al., 2016). This low-frequency spectrum is of particular importance for
deep seismic studies in various geological contexts, including areas with high-velocity
layers such as salt bodies (Etgen et al., 2016), basaltic structures in sedimentary
environments (Ziolkowski and Kipple, 2003), and thrust-fold belt regions (Brenders
et al., 2010). Low-frequency energies also play a crucial role in quantitative imaging
using seismic full waveform inversion (FWI), enabling the characterization of rock
and fluid properties and reservoirs (Li and Demanet, 2016). However, extending the
useful bandwidth of seismic data well below 10 Hz is a challenging endeavor due

to the exponential increase in noise levels at lower frequencies (Ten Kroode et al., 2013).

In marine environments, the presence of source and receiver-side reflections at the
water surface (known as ”ghosts”) introduces periodic frequency notches and imposes
a low-cut filtering effect, further complicating low-frequency imaging (Singh et al.,
1996). Recent efforts have been made by various companies to develop low-frequency
energy sources to address this challenge (Aznar et al., 2022; Chelminski et al., 2019).
Solutions proposed to mitigate the steamer ghost problem include deploying slant or
curved streamers to introduce frequency diversity (Provenzano et al., 2020) and using
multi-sensor technology to cancel out notches (Mellier and Tellier, 2018).

Both the scientific and industrial communities have invested substantial efforts in
expanding the usable bandwidth of seismic data and improving low-frequency data
quality. These efforts involve modifications in both source and receiver configurations
(Chelminski et al., 2019) . On the source side, increasing the source volume and
adjusting the towing depth have been explored, albeit with certain limitations (Ronen
and Chelminski, 2017; Chelminski et al., 2019). Hyperclusters of air guns have been
tested to decrease the characteristic frequency, although they come with amplitude
trade-offs (F. Hopperstad et al., 2012) Asynchronous firing of air guns for constructive
interference has been proposed, with the "Popcorn” method showing promising results
(Abma, 2018).
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On the receiver side, various broadband streamer solutions have been proposed,
including deep-towed solid streamers, slanted streamers, over/under streamers, and
multi-component streamers (Singh et al., 1996; Soubaras and Whiting, 2011; Mellier
and Tellier, 2018).

Multi-sensor streamer technology, incorporating hydrophones and accelerometers, has
emerged as an advanced solution for improving seismic data quality Carlson et al.
(2007); Firth et al. (2018). It offers improved wavefield separation and deghosting
capabilities, enhancing the quality of seismic data (Firth et al., 2018). This tech-

nology is expected to drive future seismic imaging and reservoir characterization efforts.

In seismic data processing, efforts to address low-frequency challenges are catego-
rized into two main areas: extending seismic bandwidth toward lower frequencies
and improving signal-to-noise ratio at low frequencies (Masoomzadeh et al., 2005;
Woodburn et al., 2011; Li and Demanet, 2016). Techniques such as zero-phase source
deconvolution and spectral whitening have been applied to boost low frequencies, but
they often yield poor signal-to-noise ratios (Woodburn et al., 2011; Masoomzadeh
et al., 2005). Continuous Wavelet Transform has been used to add sub-harmonic
frequencies to the original time-series, enhancing low-frequency content (Smith et al.,
2008). Techniques for extending frequency bandwidth include demodulation operators,
analytical extrapolation of low frequencies, and convex optimization approaches (Wu
et al., 2014; Li and Demanet, 2016; Wang and Herrmann, 2016).

Machine learning approaches, such as artificial neural networks, have also been devel-
oped to extrapolate low frequencies from limited bandwidth seismic data Ovcharenko
et al. (2019). These methods offer potential solutions to enhance the quality of
low-frequency seismic data (Fang et al., 2020).

One of the ongoing challenges in low-frequency seismic data is the low signal-to-noise
ratio caused by surface noise contamination. Dense receiver spacing and high-fold
coverage have been suggested to mitigate this issue (Farouki et al., 2010). Additional
techniques, such as Empirical Mode Decomposition and Variational Mode Decomposi-
tion, aim to separate signal and noise components for better data quality (Liu et al.,
2023). Mathematical morphological filtering has also demonstrated improved results

with reduced computational demands (Liu et al., 2019).
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In conclusion, the quest to enhance low-frequency seismic data quality involves
innovations in acquisition technologies, data processing techniques, and the application
of advanced machine learning methods. While challenges persist, ongoing research
and development efforts continue to push the boundaries of what is achievable in the
field of seismic exploration.We tried to address the well-known and crucial problem of
the null space in the frequency domain with a methodology based on LSTM and a

training performed only on synthetic data.

The chosen neurons are Bi-directional LSTM due to their capacity to deal with
temporal dependencies and to predict any temporal length due to the intrinsic
recurrent nature of the layer.

If we feed a NN with a time series, the link between its temporal discretization and
the actual recording time is an unknown for the NN, because it takes as input only
amplitude information disregarding the time occurrence.

Starting from the theoretical description of LSTM, provided in Chapter 2, it is clear
that we provide, as input, the amplitude value at time ¢. This feature is crucial for the
approach and allows a novel formulation when dealing with signal discretization.
Since the NN has no information on the signal time-discretization, we can think at
the sampling frequency (i.e. the inverse of time-discretization) information as strictly
dependent to the At chosen. This is quite typical in signal processing and we can
both assume a conventional and constant At = 1 (i.e. applying an arbitrary time
sampling normalization, in turn producing a sampling frequency normalization) or as
an alternative approach, we can consider the signal nominal frequency as the length in

samples of the source wavelet, called sample duration from now on.

sample duration = — (7.3)

At
where T is the duration of a wavelet and At is the sampling interval.
What we do is training a NN to take wavelets with variable sample duration, e.g. from
100 samples, and return it to wavelets at maximum phase all with 200 samples.
Since the sample duration is often difficult to retrieve on real data, we can set the
this therm as related to the second zero of the auto-correlation of the trace (Yilmaz,
2001; Treitel, 1969), as often done in common seismic processing algorithms (Robinson
and Treitel, 2000). By doing this we are able to generalize the whole process and we
can train on a arbitrary frequency signal (e.g. equal to 32Hz with At = 0.0008s) and
generalize this to a Lag = 22 as obtained from the second zero of the auto-correlation
this signal.

If we take such a signal and we compare it to a 8Hz signal sampled at At = 0.0008s,
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as shown in Figure 7.2.1, we can compute the second zeros of the auto-correlation,

resulting in a Lag = 91 for 8H z.

Figure 7.2.1: General description of the auto-correlation process. On the left we have
2 Ricker wavelets, 32Hz, At = 0.001s (Blue) and 8 Hz, At = 0.001s (red). On the left
we can see the second zero of the auto-correlation for this two signals (top and middle)
and for the 8 H z resampled to At = 0.004s

If we now resample the 8Hz signal with a At = 0.0032s (i.e. one sample every four),
the resampled signal has still 8Hz frequency, but a Lag = 22. In this way, the NN will
treat as the same sampling frequency both the 32H z the resample 8Hz signals. This

can be extended to any input signal and any resampled version of it.

With this generalization, we can train the NN with the same strategy previously in-
troduced in Section 3.2, but with the possibility to scale and adapt the methodology
to, virtually, any wavelet by simply resampling it to the Lag used in the training, i.e.
Lag = 22 in the previously described example.

In Figure 7.2.2 we can see an exemplary trace from the training: Figure 7.2.2-A shows
the noisy reflection coefficient, as described in Equation 3.2, Figure 7.2.2-B shows the
computed trace at 32Hz with a sampling rate of 0.0008s, i.e. the input of the training,
and Figure 7.2.2-C shows the reference output, i.e. a trace at 8Hz with the same sam-
pling rate as before.

According to the Nyquist—-Shannon sampling theorem (Shannon, 1949), we can com-
pute the Nyquist frequency, which is equal to 625 Hz: this very large value is crucial for
avoiding the introduction of possible aliasing and to make possible a signal decimation
(to obtain the desired Lag) without substantial loss in amplitude (Dossi et al., 2018).
The use of the simple pure convolutive approach allows us to produce in 24s, 100,000

randomly simulated traces which can be use for any training purpose.
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Figure 7.2.2: Example from the 100,000 traces of the training dataset: reflection coeffi-
cient (A), high frequency, i.e. 32Hz, input (B) and low frequency, i.e. 8Hz, output (C)

We train the NN with the final aim to predict the 8 Hz counterpart starting from an
input with a frequency of 32H z . In order to ensure the NN is able to properly work in
the frequency domain, we used as the loss function the same introduced in the previous

section, avoiding any amplitude normalization:

loss(X, Y) = | X = Y], + A [R(X) - R(¥) (7.4)

.

where X is the reference output, Y is the NN prediction, R(X) and R(Y) are the real
and imaginary parts of their Fourier transforms, respectively, while A is a coefficient
to weight the frequency loss.

In the next part of this chapter we will refer to || X — Y|, as the amplitude part and
to HR(X) - IR(}A/)H2 as the frequency part of the loss.

In order to properly understand the stability of the NN, we performed a grid search on
the dimensions, training 7 NNs with a different numbers of HL. Assuming the number
of HL. equal to n, the geometry of the NN is assumed to have a decreasing number of
Bi-directional neurons starting from 2"~!, for the first HL, to 2°, for the last HL. We
could label the HL as: NN(i) 2"~* for i in n. At the end of each NN we used a
single LSTM neuron without the Bi-directional wrapper.

In Figure 7.2.3-A we plot the trends of the loss function, both for training and
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validation losses, of the 7 NN.
These were trained on the same dataset of 100,000 traces for 100 epochs, as optimizer

we used Adamax with a learning rate of 0.001.

Figure 7.2.3: NN geometry test: in A the training loss (solid line) and validation loss
(dashed line) for different number of Hidden Layer, from 1 to 7. In B the minimum
value of the loss reached at 100 Epochs.

The results of the training, provided in Figure 7.2.3-A, clearly show that from NN1 to
NN4 the training stops in a local minimum, while from NN5 from NN7 we reach lower
loss values. If we focus on the trend of NN7, we can also see that the descent direction
is more linear, which could be due to the amount of weights that are present in NN7
model, leading to a slower training.

In Figure 7.2.3-B we plot the minimum loss value for each NN. As we can see, we reach
a minimum between NN5 and NN6: NNb5 is chosen for computational profitability.

If we now look at the prediction of a blind data, Figure 7.2.4, we can see something
interesting: NNI1 is minimizing the amplitude part of the loss, while NN2 to NN4
minimize just the frequency part, leading to a prediction that has no phase consistency
with the reference output. Indeed, from NN5 to NN7 we have good results both in

amplitude-phase and in frequency.
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Figure 7.2.4: Prediction on a blind data for the NN trained as in Figure 7.2.3. We can
see the amplitude part is minimized in NN1, frequency part is taken into account from
NN2 to NN4,m but amplitude is wrong, while from NN5 the NN is able to minimize
both counterpart of the loss function, see equation7.4

Figure 7.2.5 shows the current methodology workflow: starting from input A, we com-
pute the second zero of the auto-correlation (a.k.a. data lag) and we compute the scale
factor as:

data lag

scale factor = (7.5)

train lag

where data lag is the lag value computed from target data (B), while train lag is the
value used for NN training (C).

Once we computed the scale factor, we resample the data according to the new value,
i.e. data sample - scale factor and we make the inference with the NN (E) and we

resample back to original data sample number (F).
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Figure 7.2.5: Representation of the workflow of the presented methodology, in green the
resample procedure, first resample according to the factor, i.e. scale factor, computed
between data-derived lag and the sample lag used for training. Second resample is to
bring the At to the initial one.

Synthetic example: Marmousi model

In order to test the entire above-described methodology, we at first applied it on
synthetic data, namely the well-known Marmousi model (Martin, 2004) We performed
an acoustic forward modelling on the whole model with, as simulated source, a Ricker

with 16Hz, 8Hz and 4Hz central frequencies, respectively (A, B and C in Figure 7.2.6).

As we have described before, the methodology starts from a defined auto-correlation
lag, set by the training, and brings the data down to a target lag. As set during the
training, a higher lag in the data will be always brought back to the target lag. This
means that, if we apply different resample factors to the input data, the application of

the NN would lead to an inference that has always the same target lag, but different At.
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Figure 7.2.6: Synthetic test on Marmousi model (Martin et al., 2002). In A), B), C) a
sample CSG at 16Hz, 8Hz and 4Hz, respectively.

Thanks to this, Figure 7.2.7 shows how the prediction, after the last resample depicted
in Figure 7.2.5, changes the actual frequency content.

In Figure 7.2.7 we plot the variation of the amplitude-frequency content in the predicted
data as a function of the variation of the scale factor. As we can see, the frequency

shift is consistent with the variation in the scale factor.
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Figure 7.2.7: Resample factor (applied to the input) vs predicted frequency spectrum:
all the predicted data are resampled to 0.001s before computing the spectrum. In A a
plain view of 200 different resample factor (linearly separated from 1 to 8 ). In B some
amplitude-frequency spectra are depicted.

If we now apply the methodology to the data shown in Figure 7.2.6-A and we predict
the data shown in Figure 7.2.6-B, we can see in Figure /7.2.8 that the low frequencies
are properly predicted in both domains, i.e. time-amplitude and the amplitude-
frequency. If we focus on the thin bed reflections at ~ 3000ns and ~ 3250ns we can
appreciate that even their constructive interference occurring at lower frequencies is
correctly predicted by the NN.
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Figure 7.2.8: Input at 16Hz (A), reference output at 8Hz (B) and NN prediction (C).
On the bottom the amplitude-frequency plots of each CSG.

If we try to further extent the methodology to lower frequencies, e.g. 4H z, we further
decimate the 16 Hz data and we make the prediction on that data. According to Figure
7.2.7 we apply a scale factor of 5 and we make the inference. In Figure 7.2.9 we can see
the results: we have a good match in the amplitude-frequency domain but we introduce
some errors. In particular, we have a reverberation of the 0-offset direct wave, due to its
very high amplitude, and we further introduce some artifacts at the beginning and at
the end of the record. However a standard processing can be easily applied to remove
this errors, e.g. an horizontal high pass filter.

If we focus again on the thin bed reflections at ~ 3000ns and ~ 3250ns, we can see
that we are not only reconstructing properly their interference, but we also manage to
locate the interference point at ~ 3500ns and offset #60 — 70.

194



Figure 7.2.9: Input at 16Hz (A), reference output at 4Hz (B) and NN prediction (C).
On the bottom the amplitude-frequency plots of each CSG.

If we now focus on a single trace (e.g. offset #10), we can see a comparison between the
16 Hz input, Figure 7.2.10-A, the computed and the predicted 8H z, Figure 7.2.10-B
and the computed and the predicted 4H z, Figure 7.2.10-C.

Although some amplitude issues, that could be due to errors in the signal decimation
(Dossi et al., 2018) or in the interference prediction, we can see that the overall predic-
tion is consistent with the target data and we do no have severe phase-shift introduced
by the methodology.

In Figure 7.2.10-C we can also clearly see the artifacts at the beginning of the trace and
at the end, that could be due to the absence of signal, for the beginning, since the NN
is trained only on noise data and by the abrupt cut of the signals at the end: further

investigation will be crucial for clarifying this issues.
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Figure 7.2.10: Single trace plot of the input (A), the 8Hz reference data, blue, and
prediction, orange (B) and the 4Hz reference data, blue, and prediction, orange (C)
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Field example: Western Sardinia

High-resolution seismic profiles covering a distance of 1430 kilometers were acquired as
part of the WS10 project by OGS (Geletti et al., 2014): this data were acquired with
a seismic source composed by a pair of GI-guns with a combined volume of 16.3 liters
(710 cubic inches). This data were chosen because of the wide frequency spectrum
recorded. Specifically, we used one CSG from line 11, applying just an FK filter to
remove the swell noise(Claerbout, 1976; Yilmaz, 2001).

After the application of a bandpass Butterworth filter between 8 — 100H z , we can see
the actually exploited data in Figure 7.2.11.

Figure 7.2.11: Sample CSG after F-K filter (A) and after application of a Butterworth
filter (B).
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Thanks to the wide spectrum of the data we are now able to apply two different Butter-
worth filters: one to retain the highest part of the spectrum, i.e. 30 — 90H z (hereafter
referred to as 60H z data) and a lower one set between 15 — 45H 2 (hereafter referred
to as 30Hz data). Results of the filtering procedure are shown in Figure 7.2.12: we
will now use 60H z data, Figure 7.2.12-B as input to predict 30H z data, Figure 7.2.12-C.

Figure 7.2.12: Filtered data (A) and Butterworth filter applied from 30Hz to 90Hz,
lately referred to as 60Hz data (B) and filtered from 15Hz to 45 Hz, a.k.a. 30Hz data.

Figure 7.2.13, shows the results of the prediction: we can see how even some details like
the low amplitude part, probably due to destructive interference, between 450 — 600ms
is properly predicted.

Further attention should be given to the interference: between 600 — 700ms at offset
#75 — 110 we can see a clearly recognizable destructive interference pattern that was

not present in the input, but is perfectly restored in the prediction.
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Figure 7.2.13: 60Hz data (A), i.e. the input to the NN, 30Hz data (B) and NN predic-
tion (C).

If we look at the waveform, Figure 7.2.14, we can see that some small amplitude errors

persist, but no relevant phase shifts are introduced.
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Figure 7.2.14: Single trace plot of the waveform predicted (orange) and filtered from
initial data (blue) for the 30Hz data (A) and residuals (B).

To further provide the applicability of the methodology, we can resample the 30H z
prediction and apply again the methodology to infer for instance the 15Hz version,
Figure 7.2.15.

In this case, without further processing and starting from 60H z, the methodology in-
troduces some noises but still predicts coherent events at their correct time position. In
particular, the interference between the two reflectors at about 600 and 700ms apparent
in both panels A and B is realistically predicted in panel C as a single low frequency
event. As far as the spectral content of the prediction, we can see that almost all the
components of the predicted spectrum was completely filtered out in the the 60H z

data, as previously discussed.
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Figure 7.2.15: 60Hz data (A), i.e. the input to the NN, 30Hz data predicted (B) and
15Hz data predicted by the methodology (C).

The methodology is quite profitable, the NN can be trained on a laptop with a GPU:
we used a NVIDIA RTX A4500 Laptop GPU with 16Gb of memory, with a total
training time of 411 minutes for the training.

Prediction is fast, for predicting 6000 single offsets it takes just 6 seconds (for traces

with 8000 time samples, each).
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Chapter 8

Conclusions

Geophysics has witnessed an increased adoption of Machine Learning (ML) techniques,
particularly focused on Deep Learning (DL). This trend is driven by the contemporary
surge in big data availability and improved computational power, which has enabled
more advanced data analysis methods. We outline several advantages of using DL
methods in geophysics including improved accuracy, the capability to handle large
and complex datasets, the reduced reliance on manual intervention in traditionally
labor-intensive tasks. These benefits make DL techniques, such as Convolutional
Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, highly
attractive for geophysical data analysis.

LSTM networks, the focus of this work, can be a suitable DL architecture for geo-
physics due to their ability to handle time-dependent processes and capture temporal
dependencies: these make them a good choice for studying non-stationary behaviors,

working on the frequency domain and classifying events, among the others applications.

In this thesis we were focusing on different tasks and applications. In the field of XAI,
the use of LSTM could be a fitting choice to establish a methodology for unsupervised
information extraction from a wave-based signal. This is due to its intrinsic nature
and could lead to the development of Deep Attributes (Roncoroni et al., tteda) for
seismic characterization and to a way to understand NN geometry, its limitations due

to the HL. dimensions, and its overall performance in generalization.

The recurrent task was one of the first applications of LSTM in geophysics we
explored (Roncoroni et al., 2021): it got to promising results for the waveform

prediction, but it pointed out severe limitations in digesting 2-D information about the

206



velocity model. Other way should be investigated to fix this issue, e.g. CNN-LSTM
or grid-LSTM. Although this, performance was better then with a CNN approach

in therms of errors and it turns out to be a faster approximation for 1-D velocity model.

In the classification task results were very good: the approach provides a pure
statistical estimation of the reflections, both in the binary task (Roncoroni et al.,
2022a) and in the multi-class task (Roncoroni et al., 2022b). The ability to make
trace-by-trace predictions can be exploited as a strength when dealing with noisy
signals, allowing the final user to have more statistics and a solid base to further
apply classical methodologies to extract horizons, or to improve data interpretation
(Roncoroni et al., ttedc), as we shown in the data from the Chang’E4 Chinese mission

on the moon (Roncoroni et al., ttedb).

Furthermore, this 1-D approach could also be valuable in the field of data fusion.
In order to test this method we first started from RIMFAX data, a NASA GPR
dataset acquired during the Mars2020 mission, and we succeeded to implement a
completely new methodology for the automated and accurate merging the three
separated output of the continuous modulated wavelet recorded by the GPR onboard
the rover (Roncoroni et al., 2023a). A further extension to ”classical” GPR data is
provided as a generalization of the previous algorithm in Roncoroni et al. (2023b),
with successfully applications on 1-, 2- and 3-D GPR data.

We introduced this methodology for GPR, since it is easier to acquire data with
different frequencies: although we are now working to extend this methodology for
seismic applications. One of the more intriguing and challenging tasks for this method-

ology could be its application to data recorded by geophones and by active DAS devices.

In conclusion, the frequency counterpart shows an important branch we think could
be crucial in the future of DL-geophysics methodology. After defining the approach
and the training procedure, as stated in Chapter 7, we can now apply it to a various
number of tasks: Frequency-FWI applications, NMO de-stretching and Seismic or GPR

deconvolution, among the others.
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Chapter 9

Side Projects

G. Roncoroni, E. Forte, I. Santin, A. Cernok, A. Rajsi¢, A. Frigeri, M. Pipan, High
frequency Lunar Penetrating Radar quality control, editing and processing of Chang’E-/

lunar mission, submitted to Scientific Data, Under Review.

This paper presents the quality control, editing, and processing of Lunar Penetrating
Radar (LPR) data acquired by the Chang’E-4 (CE-4) lunar mission. We describe the
pre-processing steps, including the removal of duplicated traces and the correction of
timing errors. They also discuss the partial processing, which involves the removal of
surface clutter and the application of a band-pass filter to enhance the signal-to-noise
ratio. Finally, the full processing is described with an open access python code. The
authors provide a comprehensive dataset that can be used for further analysis and
integration with other lunar data. The ultimate goal of this work is to improve the
interpretation and comprehension of lunar subsurface structures, which in some cases
were not previously imaged and properly considered. We demonstrate the effectiveness
of the processing techniques by presenting several examples of subsurface structures
imaged using the LPR data.

Overall, this paper provides a valuable resource for researchers interested in the study of
the Moon’s subsurface structure and composition. The authors’ processing techniques
and dataset can be used to improve the interpretation and comprehension of lunar
subsurface structures, and to guide the planning of future lunar missions.

I was working on the conceptualization, the computational part and the codes related

to the filtering and the processing of the data.
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We introduce a new methodology for inversion of GPR data to estimate the debris
content within glacier ice. We discuss the methodology, sensitivity tests, and the use
of a divide et impera approach for the inversion process. Furthermore, we evaluated
the effect of scatterers’ dimensions and rock fractions (i.e. volume of scatterers over
ice) on the scattering magnitude: sensitivity tests were conducted to analyze the
effect of various parameters on the scattering process, narrowing down on scatterers
dimensions and rock fractions. The divide et impera approach was used to minimize a
defined target function and provide an estimation of the rock fraction responsible for
the high-scattering zone (HSZ) in the GPR field data. The methodology provides a
completely new data-driven approach with successful application on real data. I was
working on the computational part of the approach: implementing both the random

input models, the forward model on HPC and the inversion part.

M. Venier, L. Ziberna, L. Mancini, A. Kao, F. Bernardini, G. Roncoroni, S. Milani, M.
Youbi, M. Yondon, A. De Min, D. Lenaz, Multi-scale and multi-modal imaging study of
mantle xenoliths and petrological implications, 2023, doi.org/10.2138/am-2022-8866.

This study uses advanced imaging techniques to investigate mantle xenoliths and de-
termine a representative elementary volume (REV') that accounts for their varying
properties. The research reveals that a multi-scale approach effectively defines the
REYV and uncovers the complex and heterogeneous nature of the samples. The authors
used micro-computed tomography (1 — CT) to analyze the samples at different scales.
Additionally, the study emphasizes the need for high-resolution 3 — D reconstructions
to obtain accurate modal estimates of mineral phases within the samples, addressing
the limitations of 2 — D analysis. This work provides insights into the petrological
implications and the role of mantle xenoliths in understanding the Earth’s mantle and
magma formation. I focused on the statistical analysis of the high-resolution 3 — D data

to provide a modal estimation through 2 — D analysis of randomly cut thin sections.
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