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Abstract

Accurate identification and delineation of Salt Domes from seismic images
play a critical role in geological studies and resource exploration. How-
ever, traditional methods often struggle with complex geological structures
and require extensive manual intervention. This work addresses these chal-
lenges by proposing a deep learning-based approach for semantic segmen-
tation of Salt Domes. We introduce novel techniques including Transform-
ers for spatial context aggregation, U-Net for precise feature extraction, and
VAE-Liquid layers for enhanced representation learning. Through rigorous
experimentation and evaluation on real-world datasets, we demonstrate the
effectiveness of our approach in automating and improving the accuracy of
Salt Dome identification. This work contributes to advancing automated ge-
ological analysis, offering insights into subsurface structures vital for both
exploration and hazard assessment.

Keywords— Semantic Segmentation, Seismic Images, Salt Domes, Resource
Exploration, Deep Learning, Transformers, U-Net, VAE-Liquid Layers



As when a fog disperseth gradually

Our vision traces what the mist involves
Condens’d in air; so piercing through the gross
And gloomy atmosphere, as more and more
We near’d toward the brink, mine error fled ...

The Divine Comedy, Vol. 1 (Inferno) - Canto XXXI , Dante Alighieri
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General Introduction

Salt domes are critical geological formations with substantial subsurface salt
concentrations, playing key roles in various industrial applications, includ-
ing hydrocarbon reservoirs and potential nuclear waste storage sites. Found
in sedimentary basins, these structures significantly influence geological
history and resource extraction processes.

They also impact geohazard assessment and environmental management
due to risks like subsidence and groundwater contamination. Understand-
ing salt domes’ complex structure is essential, yet challenging, due to the
limitations of traditional imaging techniques.

Seismic surveying is a primary method for imaging salt domes, utilizing
seismic waves to create detailed subsurface images. However, salt’s unique
properties complicate this process, requiring advanced imaging approaches.

With the rise of deep learning, especially in semantic segmentation, these
techniques are now being applied to seismic imaging. In 2018, TGS’s Kaggle
competition (https://www.kaggle.com/c/tgs-salt-identification-challenge) show-
cased the potential of deep learning for segmenting salt domes in seismic im-
ages, achieving an IoU score of 87%, despite the absence of advanced models
like transformers at the time. This highlighted the promising intersection
of deep learning and seismic imaging for better salt dome characterization.

Imaging salt domes with seismic surveying is challenging due to the rapid
seismic wave velocities in salt, which create complex interference patterns
and obscure underlying geological features. Traditional methods, such as
U-Net [1], struggle with these complexities because seismic waves in salt
act like lenses, leading to unpredictable focusing and refraction, and gener-
ating numerical artifacts like multiples and diffractions that distort seismic


(https://www.kaggle.com/c/tgs-salt-identification-challenge)

data. Additionally, the scarcity of annotated data limits the development
and training of robust segmentation models, resulting in less effective and
poorly generalized solutions.

Goals

The main aim of this dissertation is to tackle the current challenges in seg-
menting salt domes and to develop a new, efficient model that can overcome
these obstacles. The objectives include:

« Developing an innovative segmentation model tailored specifically for
salt dome imaging, leveraging state-of-the-art deep learning techniques.

« Enhancing segmentation accuracy and robustness by incorporating ad-
vanced methodologies, such as mixed-transformer architectures and
novel loss functions.

- Mitigating the impact of data scarcity by implementing effective data
augmentation strategies and transfer learning techniques.

« Validating the proposed model through comprehensive quantitative
and qualitative evaluations, comparing its performance against exist-
ing methodologies.

Work Plan

The dissertation is structured into four chapters:

1. Chapter 1:Salt Domes and Seismic Survey : This chapter provides
an in-depth overview of seismic surveying, salt dome imaging chal-
lenges, and the state of the art in segmentation methodologies.

2. Chapter 2: Machine Learning and Deep Learning : Here, we de-
tail the development of our proposed segmentation model, outlining
the architectural design, training procedures, and data augmentation
strategies.

3. Chapter 3 & Chapter 4 : Experimental Evaluation and Results :
This chapter presents the comparative evaluation results of our model

-2 -



GENERAL INTRODUCTION

against existing techniques, emphasizing its superior performance and
implications.



Chapter 1

Salt Domes and Seismic Survey

1.1 Introduction

Salt Domes and Seismic Surveys are vital in hydrocarbon exploration. Salt
Domes trap oil and gas, while Seismic Surveys visualize subsurface struc-
tures. This chapter outlines Salt Dome significance and detection methods,
followed by an exploration of Seismic Surveys, their purpose, applications,
and role in Salt Dome detection.

1.2 Salt Domes

1.2.1 Definition

Salt Domes, also known as salt diapirs, are geological structures that form
when underground salt layers or beds rise toward the Earth’s surface. These
salt layers, composed primarily of halite (rock salt), are less dense than the
surrounding sedimentary rocks. As a result, they can migrate vertically over
geological time, pushing their way through the layers of sedimentary rock
above them (see Figure 1.1). Over millions of years, the salt can intrude
and deform the overlying rock layers, causing the formation of a dome-like
structure. These Salt Domes can vary in size from a few meters to several
kilometers in height and width [2].
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Figure 1.1: Formation of a Salt Dome Through Sedimentary Rock Layers [3].

1.2.2 Importance of Salt Domes

Salt Domes hold significant relevance in hydrocarbon exploration, serving
as potential reservoirs for oil and gas. They are a focal point of interest
due to their role as geological structures that can trap hydrocarbons, mak-
ing them crucial in the energy industry. Understanding and detecting Salt
Domes are essential for efficient hydrocarbon resource exploration.

Salt deposits are found all over the world, but they are most concentrated
in certain regions. The following is a list of some of the countries with the
largest salt deposits (see Figure 1.2) :

« North America: United States, Canada, Mexico

« South America: Brazil, Argentina, Chile

« Europe: Russia, Germany, United Kingdom, France, Poland
« Asia: China, India, Iran, Pakistan, Saudi Arabia

« Africa: Algeria, Angola, Egypt, Libya

- 5-



Salt Domes and Seismic Survey

Figure 1.2: Salt deposits world wide [4].

« Australia
That is, the importance of these structures derives from these reasons [3]:

« Hydrocarbon Traps : Salt Domes can serve as traps for hydrocarbons,
such as oil and natural gas. Over millions of years, salt can create struc-
tural deformations in the overlying sedimentary rock layers, forming
pockets where hydrocarbons can accumulate. This makes Salt Domes
important targets for oil and gas exploration.

« A Source of Sulfur : Sulfur recovery from Salt Domes with sulfur-rich
cap rock involves drilling a well and injecting superheated water and
air to melt and bring the sulfur to the surface. However, this method
is generally less cost-effective than obtaining sulfur as a byproduct of
crude oil refining and natural gas processing, which is the primary
source of sulfur production today.

« Salt Production : Certain Salt Domes have been utilized for under-
ground mining operations, extracting salt used as a raw material in the
chemical industry and for de-icing snowy highways. In some instances,
Salt Domes are mined through a solution mining technique, where hot
water is injected down a well to dissolve the salt. The saline solution

-6 -
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is then brought to the surface through production wells, where the salt
is recovered through evaporation or employed in chemical processes.

« Underground Storage Reservoirs : Certain Salt Dome mines have
been deliberately sealed and repurposed as storage facilities for oil,
natural gas, and hydrogen. In both the United States and Russia, Salt
Domes are utilized as national repositories for government reserves of
helium gas. The unique quality of salt as a rock with exceptionally low
permeability ! enables it to securely retain even the smallest helium
atoms.

« Waste Disposal : Salt’s impermeable nature and ability to self-seal
fractures make Salt Domes suitable for hazardous waste disposal, in-
cluding oil field drilling waste, while also being considered for high-
level nuclear waste storage in the United States.

1.2.3 The Detection of Salt Domes

There are variety of techniques used for detecting Salt Domes, including;:

- Seismic surveys : Seismic surveys are the most common method for
detecting Salt Domes. Seismic waves are generated at the surface and
travel through the subsurface, reflecting off of geological interfaces.
The reflected waves are recorded at receivers on the surface and then
processed to create images of the subsurface. Salt Domes can be iden-
tified on seismic images by their characteristic diapiric shape and high
acoustic impedance [5].

« Gravity surveys : Gravity surveys measure the variations in the Earth’s
gravity field. Salt Domes have a high density, so they cause a positive
anomaly in the gravity field. This anomaly can be used to identify the
location and extent of Salt Domes [6].

- Magnetic surveys : Magnetic surveys measure the variations in the
Earth’s magnetic field. Salt Domes can sometimes cause magnetic anoma-
lies, but these anomalies can be difficult to interpret [6].

!Permeability is how easily a liquid or gas can move through a material with tiny holes, like water soaking
through a sponge.
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« Borehole data : Borehole data, such as well logs and core samples, can
be used to identify Salt Domes. Salt Domes typically have a distinctive
well log response and lithology [7].

« Machine learning : In addition to these traditional methods,some of
ML techniques are developed recently for detecting Salt Domes [8].

1.3 Seismic Exploration

1.3.1 Definition

Seismic Surveying is the most important geophysical exploration method
because it can detect subsurface features of all sizes. Seismic methods in-
volve sending sound waves into the Earth and measuring their reflections
to determine the shapes and properties of subsurface layers. Early oil explor-
ers found oil by drilling at natural oil seeps and large folds in exposed rocks.
Once these easy targets were depleted, geologists turned to seismic survey-
ing to find more elusive oil and gas traps. Seismic technology has been used
to measure water depths and detect icebergs since the early 1900s. In 1924,
seismic data was first used to discover an oil field in Texas [9].

Seismic exploration is used in a wide variety of industries, including:

« Oil and gas: Seismic exploration is used to find and map oil and gas
deposits [10].

« Mining: Seismic exploration is used to find and map mineral deposits,
such as gold, copper, and iron [10].

« Geotechnical engineering: Seismic exploration is used to assess the
stability of soil and rock formations for construction projects [11].

- Environmental science: Seismic exploration is used to study the sub-
surface environment and to identify potential hazards, such as ground-
water contamination and seismic faults [12].

« Archaeology: Seismic exploration is used to map buried archaeologi-
cal sites[13].
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1.3.2 Basic Principles

Seismology is based on the transmission of sound waves by the rocks of the
crust. Strong earthquakes create pressure waves (natural sources of seis-
mic waves) that are transmitted through the entire Earth and detected by
seismographs (receivers) on the other side (see Figure 1.4) [9].

Seismic exploration, however, as employed by the petroleum geologist, makes
use of artificially generated pulses (seismic sources).

An impulse source sends acoustic energy into the Earth. This energy prop-
agates in many directions and is reflected and refracted when it encounters
boundaries between two layers. Sensors (seismic receivers) placed on the
surface measure the reflected or refracted acoustic energy.

Different seismic sources are used in land and marine seismic acquisitions
(see Figure 1.3). In marine environments, arrays of air guns are used to

generate seismic energy. In land seismic, explosives or vibrators are used
(see Table 1.1).

Table 1.1: Different seismic sources used in land and marine seismic acquisitions

Seismic source | Environment | Advantages Disadvantages
Air gun Marine Relatively inexpensive and | Can be affected by weather
environmentally friendly conditions
Vibrator Land Less expensive and disruptive | Not as powerful as explosives
than explosives
Dynamite Land Most powerful seismic source | Most expensive and disrup-
tive seismic source

Seismic receivers are devices that detect seismic energy and convert it into

an electrical signal. The two most common types of seismic receivers are
hydrophones and geophones (see Table 1.2).

Table 1.2: Different seismic receivers used in land and marine seismic acquisitions

Seismic receiver Type Application
Hydrophone | Underwater Marine seismic surveys
Geophone Surface Surface seismic surveys (land and offshore)
3C geophone Surface Seafloor seismic surveys
4C detector unit Surface Seafloor seismic acquisition
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Figure 1.3: (a) Seismic acquisition in a desert where vibrator is the most common source of
seismic energy. (b) An air-gun before deployment in the water. It releases compressed air
into the water during marine seismic survey. (c) Explosives (top) [9].

Figure 1.4: (a) Hydrophone, (b) geophone and (c) multi-component geophone (Courtesy
ION Geophysical) [9].

_10_
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1.3.3 The Process of Detecting Salt Domes

The process of using a geophysical method to estimate subsoil parameters
typically involves the following steps [14]:

1. Collect data: This typically involves deploying sensors on the surface
of the ground and recording the response of the subsoil to a controlled
source of energy, such as a seismic vibrator or electrical transmitter.

2. Process the data: Once the data has been collected, it must be pro-
cessed to remove noise and artifacts. This can be done using a variety
of software programs according to the following steps :

(a) Preprocessing:data are converted to a convenient format for the
next processing steps. Preprocessing also involves trace editing,
where noisy traces could be eliminated. Gaining also could be per-
formed at this stage, which involves amplitude compensation due
to geometric dispersion.

(b) Deconvolution: Deconvolution is a process that is used to im-
prove the resolution of the seismic data. It does this by compress-
ing the seismic wavelet, which is the signature of the seismic source.

(c) Stacking:Stacking is the process of combining multiple traces of
seismic data to improve the signal-to-noise ratio.

(d) Migration:Migration is a process that is used to image the subsur-
face in its true spatial position. This is done by correcting for the
effects of wave propagation.

3. Interpret the data: Once the data has been processed, it must be inter-
preted to determine the subsoil parameters of interest. This typically
involves using a combination of forward modeling and inverse model-
ing techniques.

1.3.4 Scientific Problems

Interpreting salt structures in the context of geology and geophysics can
be particularly challenging due to several factors. In fact ,The density of
Salt Domes and the surrounding rocks can vary significantly. Salt is typi-

- 11 -
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cally less dense than sandstone and limestone, but more dense than shale
(2.16 g/cm® for Halite, whereas 2.71g/cm®for sandstone). This can lead to
significant acoustic impedance contrasts between Salt Domes and the sur-
rounding rocks. Acoustic impedance is a measure of how much a material
resists the passage of sound waves.therefore, Seismic waves travel through
salt at much higher velocities than through other rocks. This is because salt
is more elastic than other rocks (4.5km/s for salt structures whereas 3.5km/s
for the surronding structures) [15, 14].

Here are some problems which make salt interpretation difficult:

« Interpret seismic data using a prior model based on the geological knowl-
edge of the region.

« Steeply inclined flanks are difficult to map because seismic waves graze
on them, making it hard to define their boundaries. This can be im-
proved by increasing the distance between the source and receiver.

- High impedance contrast between salt and sediments traps seismic waves
inside salt structures, generating multiples that interfere with primary
events, making sub-saline sediments difficult to image.

« Seismic waves follow complex paths in the vicinity of Salt Domes, re-
sulting in weak correlation between real and predicted data, lower im-
age quality, and prism waves. Prism waves are generated by two reflec-
tions along the travel path from source to receiver, creating spurious
artifacts. They are common in regions with steeply sloping flanks, such
as Salt Domes.

This is why it can take weeks and demand higher quality experts to detect
Salt Domes in seismic images as shown in Figure 1.5 [16], efforts have been
made to expedite the process. In response to this challenge, scientists have
started exploring the application of deep learning techniques in the domain
like [8], which has shown interesting and promising results, underscoring
the potential transformative impact these technologies hold in rapidly and
accurately detecting Salt Domes within seismic imagery, we will explore
more in the next chapter.

- 12 -



CHAPTER 1

o, g
'!-.--‘-l"f:-._rf.n .:-!_!:ﬁ_’i 1
"

S o T ,..-_\,'.i:
; _'.SALTDUME%
i R

o

Figure 1.5: Example of a seismic image of a Salt Dome [14].

1.4 State of The Art

In this section ,we present some of works related to seismic data processing
techniques used as a means for salt delineation.

1.4.1 Traditional Methods (Classical Signal-Image Processing meth-
ods)

Below, we present notable works that have employed traditional image pro-
cessing techniques :

N. KESKES & al. (1982) - APPLICATION OF IMAGE ANALYSIS TECHNIQUES TO
SEISMIC DATA [17]: It’s the first paper that mention the using of basics of
digital image processing to segment cross-sections seismical images either
in 3D or in 2D.The article focuses on applying digital image analysis tech-
niques to seismic cross-sections, which are 2D vertical slices through 3D
seismic data volumes used in oil/gas exploration. It presents an edge de-
tection algorithm to automatically detect seismic horizons/rock interfaces,
and employs statistical texture analysis using first and second-order statis-
tics to characterize and classify different seismic facies regions based on
textural patterns. The article also describes using dynamic clustering with
texture/depth features to classify points into classes, and a split-and-merge

_13_
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segmentation technique utilizing local edge orientation to identify geolog-
ical features like faults and channels. Overall, it demonstrates how adapt-
ing image processing methods can aid seismic interpretation by automating
horizon/facies detection and delineating structures.

I. PITAS & al. (1987) - AGIS [18]: The paper presents an expert system called
AGIS for automated interpretation of seismic images in oil exploration. It
employs techniques like edge detection, texture analysis, and line extraction
for low-level image processing. At the high-level, it uses a semantic network
with frames to represent geological knowledge about seismic patterns like
horizons, anticlines, faults, and Salt Domes. Hypothesis verification with
certainty factors is used for pattern matching and recognition. The system
combines image processing routines with expert knowledge to automate
seismic interpretation tasks like detecting traps, faults, and geological for-
mations.

Adam D. Halpert & al. (2013) - Salt delineation via interpreter-guided 3D seismic
image segmentation [19]: This paper presents a semi-automatic method for
delineating salt bodies in 3D seismic images using a graph-based image seg-
mentation algorithm. The technique modifies the efficient pairwise region
comparison (PRC) algorithm by using larger stencils and edge weighting
schemes tailored for seismic data. In areas where salt boundaries are poorly
imaged, limited manual interpretations on 2D slices can guide the 3D seg-
mentation by modifying the input image amplitudes. The method combines
computational efficiency, accurate automatic segmentation, and the ability
to incorporate interpreter insight for challenging areas, making it a promis-
ing tool for salt interpretation workflows.

M.DERICHE & al. (2015) - A Novel Approach for Salt Dome Detection using A
Dictionary-based Classifier [20] The paper presents a novel dictionary-based
classification approach for detecting Salt Domes in seismic data using tex-
ture attributes. It combines Gray Level Co-occurrence Matrix (GLCM) at-
tributes and Gradient of Texture (GoT) attributes with a dictionary-based
learning model to classify salt boundary and non-salt boundary patches. The
proposed algorithm is shown to work well even with weak reflectors along
the salt boundary and outperforms existing gradient-based and texture-based
techniques when used separately, while using a minimal set of features.
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M.DERICHE & al. (2015) - A new approach for Salt Dome detection using a 3D
multidirectional edge detector [21] The paper presents a new approach for
accurate Salt Dome detection from 3D seismic data using a novel 3D multidi-
rectional edge detector. It combines gradient maps computed along diagonal
directions with those computed in the x, y, and z directions using modified
3D Sobel operators. This overcomes the limitations of existing techniques
that consider edges only along the inline, crossline, and time directions. The
proposed algorithm first normalizes the data, computes the multidirectional
gradients, combines them, and applies thresholding and morphological op-
erations to delineate the Salt Dome boundaries. Results on the Netherlands
offshore F3 block data show superior accuracy compared to existing edge-
based and texture-based techniques.

1.4.2 Machine Learning and Deep Learning methods

Below, we exhibit some of works that used machine learning and deep learn-
ing methode to overcome the probleme :

Haibin Di & Al. (2017) - Seismic Multi-attribute Classification for Salt Bound-
ary Detection:A Comparison [22] The paper compares the performance of
various machine learning algorithms including logistic regression, decision
trees, random forests, support vector machines, artificial neural networks,
and k-means clustering for detecting salt boundaries in 3D seismic data
using multi-attribute analysis. The proposed workflow involves attribute
selection (using 12 different seismic attributes including a novel saliency
attribute), training sample picking, model training with the different algo-
rithms, and volumetric processing to generate salt probability volumes and
extract the salt surface. The results indicate similar performance across most
algorithms except k-means clustering, with the potential for further accu-
racy improvement using more training samples and advanced techniques
like convolutional neural networks.

M.Karchevskiy & al. (2018) - Automatic salt deposits segmentation: A deep learn-
ing approach [23]: Deep learning methods were employed for salt deposits
segmentation in seismic images, utilizing a U-Net architecture with SE-ResNeXt-
50 encoder and attention gates. Training involved Adam optimizer, cyclic
learning rate, and snapshot ensembling techniques. Data augmentation,
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including horizontal flips, was used to increase the training dataset. The
approach achieved the 27th place in a Kaggle competition, showcasing the
effectiveness of the implemented techniques. The code for the solution is
available as an open-source project for further exploration.

Y. Babakhin & AL. (2019) - Semi-Supervised Segmentation of Salt Bodies in Seismic
Images using an Ensemble of Convolutional Neural Networks [24]: The method-
ology employed in this study involves an iterative self-training process for
semantic segmentation, where pseudo-labels are generated for unlabeled
data to improve model accuracy. By utilizing an ensemble of U-ResNet34
and U-ResNeXt50 architectures and incorporating Hypercolumns for seg-
mentation mask prediction, the model achieves top performance in salt body
delineation. Leveraging 18000 unlabeled images for self-training, the ap-
proach demonstrates state-of-the-art results in this domain, showcasing the
effectiveness of the proposed methodology.

A. Milosavljevi (2019) - Identification of Salt Deposits on Seismic Images Using
Deep Learning Method for Semantic Segmentation [25]: The research presented
anovel CNN architecture for seismic salt-body delineation, originating from
U-Net. The implementation utilized Python and the Keras library with Ten-
sorFlow backend. Training strategy involved ensemble learning with 5 net-
works and 5-fold cross-validation to ensure robustness. Results highlighted
the FPN model’s superior public performance, while the proposed model
without dropout excelled in private scoring. A comparison of diverse seg-
mentation models showcased subtle score disparities. The final output was
generated using a sigmoid activation function for binary mask prediction,
ensuring accurate delineation of salt bodies in seismic images.

M. DERICHE (2022) & al. - Robust Concurrent Detection of Salt Domes and Faults
in Seismic Surveys Using an Improved UNet Architecture [26] : The methodol-
ogy employed in this study focused on leveraging deep learning techniques
for seismic interpretation, specifically utilizing pre-trained convolutional
neural network models such as UNet and ResNet. The approach involved
a hybrid architecture that combined these models to enhance the detection
of Salt Domes and faults in seismic data. Evaluation of the methodology
included both qualitative and quantitative assessments, with the training
conducted on the F3 block seismic dataset. By comparing the performance
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of the hybrid architecture with a basic UNet model, the study demonstrated
improved fault detection capabilities through the integration of pre-trained
networks, highlighting the efficacy of this approach in seismic event detec-
tion.

1.4.3 Softwares for Seismic Data Analysis

There are numerous softwares used for seismic processing and analysis where
the images which are stored ad datasets in SEGY format for each can be
loaded into structures or images that can be loaded in Python , but the used
ones by algerian engineers are ProMAX and SeisSpace [27].

ProMAX : is a knowledge-based seismic data processing system that pro-
vides interactive analysis tools, effective algorithms, and data management
capabilities for maximizing the value of seismic data investments. Key fea-
tures include 3D visualization, velocity analysis, noise reduction, migration,
reservoir characterization workflows, and efficient management of large 3D
surveys through parallelization and batch processing. The system is de-
signed to leverage user expertise, optimize processing sequences, increase
productivity, and reduce project cycle times for better drilling decisions.

SeisSpace: is seismic processing suite enables easily and efficiently process
large volumes of seismic data to develop an insightful and accurate under-
standing of the subsurface even in the most challenging and complex envi-
ronments, equiped with intuitive analysis tools, state-of-the-art geophysi-
cal algorithms and an optimized parallel infrastructure, the software helps
teams get the most out of seismic data, increase productivity and reduce
project cycle times (in reality it was built on ProMax, so it is referred as
SeisSpace/Promax instead).

1.5 Conclusion

The significance of Salt Domes and the indispensable role of Seismic Sur-
veys in hydrocarbon exploration have been highlighted in this chapter. Salt
Domes, as natural reservoir traps, and Seismic Surveys, as imaging tools,
are foundational in the quest for valuable oil and gas resources beneath
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the Earth’s surface,where we addressed the inherent challenges of apply-
ing these classical methods. As we move forward into the next chapter, we
step into the realm of cutting-edge technology: Deep Learning and Machine
Learning. These powerful techniques hold the promise of revolutionizing
the way we approach exploration, detection, and extraction processes in
the hydrocarbon industry
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Machine Learning and Deep Learning

2.1 Introduction

Machine Learning and Deep Learning have revolutionized Artificial Intelli-
gence by enabling computers to learn from data and make informed deci-
sions. These techniques have found widespread applications in areas such as
image recognition, speech processing, and autonomous systems. By lever-
aging sophisticated algorithms and Neural Networks, Machine Learning and
Deep Learning have fundamentally transformed the way computers process
information. In this chapter, we delve into their theoretical underpinnings
and explore the intricate relationship between these influential methodolo-
gies.

2.2 Machine Learning

2.2.1 Definition

Many academics and researchers perceive "Machine Learning" (ML) as an
integral component of Artificial Intelligence, although it is often used inter-
changeably with the broader term. This distinction will be further explored
later in this discussion [28]. In the literature, researchers have proposed
numerous definitions for Machine Learning. One notable definition (Koza
et al., 1996) offers insights into the nature of this field and its underlying
principles:
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“ML describes a set of methods commonly used to solve a variety of real-
world problems with the help of computer systems, which can learn to solve
a problem instead of being explicitly programmed to do so.”

2.2.2 Machine Learning and Artificial Intelligence

Artificial Intelligence is defined as systems that display intelligent behaviour
by analysing their environment and taking actions — with some degree of
autonomy - to achieve specific goals [29].

Artificial intelligence (Al) is frequently associated with cutting-edge tech-
nologies, and in recent years, it has gained significant momentum largely
due to advancements in Machine Learning. Consequently, the terms Al and
Machine Learning are often used interchangeably. However, it is important
to note that while Machine Learning is a part of Al, the two terms are not
synonymous (see Figure 2.1).

Number of articles containing the terms artificial intelligence (grey) and machine
learning (black) in AIS Senior Scholars’ Basket

w

N nn.nnﬂﬂn.nn-ﬂﬂlﬂlﬂ

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 20102011 20122013 2014 20152016 2017 2018 2019 2020 2021

Figure 2.1: Appearance of the terms “artifcial intelligence” and “Machine Learning” and in
AIS Senior Scholars [28].

Machine Learning is a technology that enables computers to learn directly
from data and examples, distinguishing it from traditional programming
methods that rely on predefined rules. In Machine Learning, systems are
provided with a specific task and a substantial amount of data to learn from,
either as examples or patterns. Through this process, the system learns how
to achieve the desired output by analyzing and extracting insights from the
given data. Machine Learning can be considered as a form of Narrow Arti-
ficial Intelligence (Al), as it focuses on training intelligent systems to learn
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specific functions based on provided data.

On the other hand, Al encompasses a broader spectrum of technologies,
ranging from traditional Al, such as Good Old Fashion AI (GOFAI), to more
advanced connectionist architectures like Deep Learning. Machine Learning
is a subfield of Al that specifically deals with learning algorithms and their
application to data (see Figure 2.2). It encompasses various techniques (we
will demonstrate them later) [29].

Artificial Intelligence

(Al) To incorporate human behavior and

intelligence to machine or systems.

Machine Learning

Methods to learn from data or past
(ML)

experience, which automates
analytical model building.

Deep
Learning
(DL)

Computation through multi-layer
neural networks and processing.

Figure 2.2: An illustration depicting the relationship between Deep Learning (DL), Machine
Learning (ML), and Artificial Intelligence (AI) [30].

2.2.3 Types of Machine Learning

Machine Learning algorithms can be broadly categorized into four main
types: Supervised Learning, unsupervised learning, Semi-Supervised Learn-
ing, and Reinforcement Learning as shown in Figure 2.3 [31]. Each of these
techniques has its own scope and applicability in solving real-world prob-
lems [32]:

« Supervised : Supervised learning is a core aspect of Machine Learn-
ing, wherein the objective is to acquire knowledge about a function
that can map input data to corresponding output values, leveraging
labeled training instances [33]. This approach involves utilizing a set
of input-output pairs to deduce the underlying function. By adopting a
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task-oriented perspective [34], Supervised Learning focuses on achiev-
ing specific goals given a defined input space. The most prevalent su-
pervised tasks encompass classification, which involves categorizing
data into distinct classes, and regression, which entails fitting data to
a continuous output. For instance, an exemplification of Supervised
Learning is the prediction of sentiment or classification labels for tex-
tual data like tweets or product reviews.

« Unsupervised: Unsupervised learning, in contrast to Supervised Learn-
ing, involves analyzing unlabeled datasets without the need for human
intervention, making it a data-centric process [33]. This approach is
commonly employed to extract generative features, identify significant
trends and structures, uncover groupings in results, and facilitate ex-
ploratory analysis. Various tasks fall under the domain of unsupervised
learning, including clustering, density estimation, feature learning, di-
mensionality reduction, finding association rules, and anomaly detec-
tion, among others. These techniques enable the algorithm to uncover
hidden patterns and structures within the data without prior knowl-
edge of the desired output, allowing for a more holistic understanding
of the underlying information.

« Semi-supervised : Semi-supervised learning can be described as a hy-
brid approach that combines elements of both supervised and unsuper-
vised methods, leveraging both labeled and unlabeled data [33, 34]. It
lies between the realms of "learning without supervision" and "learn-
ing with supervision". In many real-world scenarios, labeled data may
be scarce while unlabeled data are abundant, making Semi-Supervised
Learning particularly valuable [31]. The primary objective of a Semi-
Supervised Learning model is to yield better prediction outcomes than
what can be achieved using solely labeled data. This approach finds
applications in various domains, including machine translation, fraud
detection, data labeling, and text classification. By harnessing the ad-
vantages of both labeled and unlabeled data, Semi-Supervised Learning
offers a powerful framework for addressing challenges in these areas.

« Reinforcement : Reinforcement learning is a Machine Learning algo-
rithm that empowers software agents and machines to autonomously
evaluate optimal behavior within a specific context or environment,
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with the aim of improving efficiency [35]. It follows an environment-
driven approach, where the learning process is driven by the interac-
tions between the agent and its environment. This type of learning
relies on the concept of rewards and penalties, with the ultimate goal
of using insights gained from environmental feedback to take actions
that maximize rewards or minimize risks [31]. Reinforcement learning
serves as a powerful tool for training Al models that can enhance au-
tomation and optimize operational efficiency in complex systems such
as robotics, autonomous driving, manufacturing, and supply chain lo-
gistics. However, it may not be the preferred choice for addressing
basic or straightforward problems, as its full potential is best realized
in more intricate and challenging scenarios.

2.2.4 Machine Learning Tasks and Algorithms

In this part, we delve more to the most important tasks in Machine Learning
and the most used algorithms for each task [32]:

Unlabeled Data Learns from
Combined Data
(Labeled +

Unlabeled)

Negatve
(Penalty)

Clustering

Figure 2.3: Various types of Machine Learning techniques [32].

I Classifcation Analysis

Classification is a Supervised Learning technique in Machine Learning that
involves predicting a class label for a given input example [33]. It mathe-
matically maps a function (f) from input variables (X) to output variables
(Y), representing target labels or categories. Classification can be applied to
structured or unstructured data to predict the class of data points. An ex-
ample of classification is spam detection in email service providers, where
the problem involves classifying emails as "spam" or "not spam".the most
common algorithms are :
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« Naive Bayes (NB) : The naive Bayes algorithm, assuming feature in-
dependence based on Bayes’ theorem, is effective for both binary and
multi-class categorization tasks [36]. It finds applications in various
real-world scenarios, including document classification and spam fil-
tering.

« Logistic Regression (LR) : Logistic Regression (LR) is a widely used
statistical model in Machine Learning for classification tasks [37]. It
estimates probabilities using a logistic function (sigmoid function) and
performs well when data can be linearly separated, although it can
overfit high-dimensional datasets. Regularization techniques (L1 and
L2) can mitigate overfitting [38]. The assumption of linearity between
dependent and independent variables is a limitation of Logistic Regres-
sion.

« K-Nearest Neighbors (KNN) : K-Nearest Neighbors (KNN) is an instance-
based learning algorithm that stores training data instances in an n-
dimensional space and classifies new data points based on similarity
measures [39]. It relies on a simple majority vote of the k nearest neigh-
bors and is robust to noisy training data, with accuracy dependent on
data quality. Choosing the optimal number of neighbors is a key con-
sideration, and KNN can be used for both classification and regression
tasks [32].

« Support Vector Machine (SVM) : Support Vector Machine (SVM) is
a commonly used technique in Machine Learning for classification,
regression, and other tasks [40]. It constructs hyperplanes in high-
or infinite-dimensional space, aiming to achieve strong separation be-
tween classes by maximizing the margin from the nearest training data
points. SVM is particularly effective in high-dimensional spaces and
can employ different mathematical functions, known as kernels, such
as linear, polynomial, radial basis function (RBF), and sigmoid [38].
However, SVM may not perform well when dealing with noisy datasets
that contain overlapping target classes[32].

« Decision Tree (DT): Decision Tree (DT) is a widely used non-parametric
Supervised Learning method that can be applied to both classification
and regression tasks . DT classifies instances by traversing the tree
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from the root to leaf nodes, evaluating attributes at each node and mov-
ing down the corresponding tree branch based on the attribute value.
Popular splitting criteria include "gini" for Gini impurity and "entropy”
for information gain [38].

Random Forest (RF) : Random Forest (Figure 2.4) classifier is a widely
recognized ensemble classification technique used in Machine Learn-
ing and data science across various applications [41]. This method em-
ploys parallel classifiers on different sub-samples of the dataset, com-
bining their predictions through majority voting or averaging [38]. By
minimizing overfitting and enhancing prediction accuracy and control,
Random Forest outperforms single decision tree models [42]. It con-
structs a series of decision trees with controlled variation by combining
bootstrap aggregation (bagging) and random feature selection [43][44].
Random Forest is adaptable to both classification and regression prob-
lems and performs well with categorical and continuous values.

A SNEN

Decision Tree-1 Demsuon Tree-2 Demsuon Tree-N

l

Result-1 Result 2 Result N

u Majority Voting / Averaging }-—J

Final Result

Figure 2.4: An example of a random forest structure considering multiple decision trees

II Regression Analysis

Regression analysis is a Machine Learning method that predicts a continu-
ous outcome variable (y) based on one or more predictor variables (x). Unlike
classification, which predicts class labels, regression focuses on estimating

continuous quantities. Regression models find applications in various fields,
such as financial forecasting, cost estimation, trend analysis, and drug re-
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sponse modeling. Common types of regression algorithms include linear re-
gression, polynomial regression, lasso regression, and ridge regression [33].
The most common algorithms are :

- Simple and Multiple Linear Regression : Linear Regression is a
widely used and popular Machine Learning and regression technique.
It models the relationship between a continuous dependent variable (Y)
and one or more independent variables (X) using a straight line (regres-
sion line) that provides the best fit [33]. The independent variables can
be continuous or discrete, while the dependent variable is continuous.

« Polynomial Regression : Polynomial Regression is a regression tech-
nique that extends linear regression by using polynomial functions to
model the relationship between the dependent variable and the inde-
pendent variables. It allows for capturing non-linear patterns in the
data by fitting higher-degree polynomial curves to the data points [33].
This flexibility makes polynomial regression useful when the relation-
ship between variables is not strictly linear.

III Cluster Analysis

Cluster Analysis is a technique used in unsupervised Machine Learning to
identify groups or clusters within a dataset based on the similarity of data
points. The goal is to group similar data points together while maximizing
the dissimilarity between different clusters. Cluster Analysis has various
applications such as customer segmentation, anomaly detection, and im-
age segmentation [33]. K-Means is a widely used clustering algorithm that
partitions data into K distinct clusters based on their proximity to centroid
points. It is iteratively performed by assigning data points to their closest
cluster center and updating the centroids. While efficient and scalable, it re-
quires specifying the number of clusters in advance and assumes spherical
and similar-sized clusters[45].

IV Dimensionality Reduction

Dimensionality Reduction is a technique used to reduce the number of input
features in a dataset while preserving its essential information. It is bene-
ficial for several reasons, including reducing computational complexity, re-
moving redundant or irrelevant features, and visualizing high-dimensional
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data . the most Popular dimensionality reduction method is known as Prin-
cipal Component Analysis (PCA) [32].

V Association Rule Learning

Association Rule Learning is a data mining technique used to discover in-
teresting relationships or associations between items in large datasets. It
involves identifying frequent itemsets, which are sets of items that often oc-
cur together, and generating association rules based on these itemsets. The
support and confidence measures are used to evaluate the strength and sig-

nificance of the rules, we mentioned as most popular algorithms : A-PRIORI
and FP-GROWTH [32].

VI Neural Network

Deep Learning is a subset of Artificial Neural Networks (ANN) that involves
multiple layers of processing units to learn from data. It offers improved
performance, especially with large datasets, due to its computational archi-
tecture and representation learning capabilities. Deep Learning’s advan-
tages over traditional Machine Learning methods are evident in various do-
mains, as shown in its performance graph when considering increasing data
amounts. However, performance may vary based on data characteristics and
experimental setups [33, 34, 46].

2.3 Deep Learning

The term "Deep Learning" made its initial appearance in the field of Machine
Learning during a conference by Dechter in 1986. It was further associated
with Artificial Neural Networks in a publication by Aizenberg et al. in 2000
[20]. The introduction of this term marked a significant milestone in the
advancement of both fields, paving the way for the development and explo-
ration of Deep Learning algorithms and architectures [47].

Deep Learning, a subset of Artificial Neural Networks (ANNs) (see Figure
2.5), has emerged as a powerful approach in the field of Machine Learn-
ing (ML). Inspired by the information processing mechanisms in biological
systems, Artificial Neural Networks (ANNs) are flexible structures inspired
by biological systems that consist of interconnected processing units called
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neurons. ANNSs can be modified for various Machine Learning (ML) con-
texts and are characterized by the transmission of signals between neurons,
which are weighted and adjusted during the learning process. Neurons are
organized into networks with input, hidden, and output layers, and the con-
nections between them allow for non-linear mapping.

s ~| Machine learning algorithmsl N\
e.g., support vector machine, decision tree, k-nearest neighbors, ...
Shallow
—{ Artificial neural networksl } machine
learning
Machine < e.g., shallow autoencoders, ...
learning
==1 Deep neural networks --=-=="==="==-===------
| Deep
e.g., convolutionalneural networks, PR
recurrent neural networks, ... 9
\

Figure 2.5: Venn diagram of machine Machine Learning algorithms learning concepts and
classes (inspired by Goodfellow et al. 2016, p. 9) [48].

Deep Neural Networks, a type of ANN, have multiple hidden layers and
advanced neurons that enable them to automatically learn representations
from raw input data, known as Deep Learning (see Figure 2.6). Deep Learn-
ing excels in processing large and high-dimensional data like text, images,
and audio. However, for low-dimensional data and limited training data,
shallow ML algorithms can still produce superior and more interpretable
results. While Deep Learning can achieve superhuman performance in cer-
tain tasks, it falls short in solving problems requiring strong Al capabilities
[48].

2.3.1 Deep Learning’s Developement

The development of Neural Networks can be categorized into three genera-
tions (Figure 2.7) : the perceptron, the Deep Neural Network, and the Liquid
State Machine [49].

1. The Perceptron : proposed by Frank Rosenblatt in 1957, represented
the first generation of Neural Networks. It was a single-layer network
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Hidden Layer

B
v

(a) A Shallow Network (b) A Deep Neural Network

Figure 2.6: A general architecture of a a shallow network with one hidden layer and b a
deep Neural Network with multiple hidden layers [30].

capable of binary classification tasks. Rosenblatt’s work laid the foun-
dation for the study of Artificial Neural Networks and their learning
capabilities. However, perceptrons had limitations in their ability to
handle complex patterns and learn non-linear relationships, leading to
a decline in interest in Neural Networks during the 1960s and 1970s
[50].

2. The Deep Neural Networks : emerged in the 1980s and gained signif-
icant attention in the early 2000s [47]. Pioneering work by researchers
such as Geoffrey Hinton [51], Yann LeCun [52], and Yoshua Bengio [53]
contributed to the resurgence of interest in Deep Learning. Hinton’s
research on backpropagation algorithms and the development of multi-
layer Neural Networks enabled the training of deep architectures. Le-
Cun’s introduction of Convolutional Neural Networks (CNNs) revolu-
tionized image recognition tasks, while Bengio’s work on Deep Learn-
ing algorithms and architectures established the theoretical founda-
tions of Deep Neural Networks. The success of deep Neural Networks
in various domains, including computer vision and natural language
processing, propelled the second generation of Neural Networks to the
forefront of research and applications.

3. Liquid State Machines : emerged in the early 2000s. Proposed by
Maass et al. in 2002, Liquid State Machines (see Figure 2.8) aimed
to mimic the information processing capabilities of the brain’s neu-
ral circuits. These networks were designed to process temporal data
and demonstrated promising results in tasks such as speech recogni-
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tion and prediction. Liquid state machines introduced a new perspec-
tive on Neural Network architecture and dynamics, highlighting the
importance of recurrent connections and dynamic computations., it’s
considered as a Spiking Neural Network (SNN) model [54].

First Generation— Second Generation— Third Generation—
Perceptron Deep Learning SNN

Input Layer Reservair Readout Layer

Figure 2.8: The structure of Liquid State Machine LSM[54].

2.3.2 Deep Learning Techniques and Applications

DL models can be categorized into four main types: deep supervised, un-
supervised, Reinforcement Learning, and hybrid models. Figure 1 visually
represents these categories and provides examples of models within each
category. Brief descriptions of each category are provided below. Further-
more, Figure 2.9 presents the commonly used techniques for each category
[55]
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I Deep Supervised Learning

Deep Supervised Learning models play a crucial role in the field of Deep
Learning. They require labeled training data to train effectively. These mod-
els employ a loss function to assess their performance and iteratively update
the model’s weights to minimize the error until it reaches an acceptable level
[55].

DL Based Methods

PN

Deep Supervised Learning Deep Unsupervised Learning Deep Reinforcement Learning Hybrid Models

Value-Based

Convolutional Neural Network Restricted Boltzman Machine Policy-Based

Deep Neural Network Auto-Encoder

Recurrent Neural Network Deep Belief Neural Network

Generative Adversarial
Networks

Figure 2.9: DL Based Methods[55].

Among this models ,we have Convolutional Neural Networks (CNN) :

I.1 Convulutional Neural Networks

CNNss (see Figure 2.10) are widely recognized and extensively employed in
Deep Learning, offering several advantages over previous algorithms. One
notable benefit is their ability to autonomously identify relevant features
without human supervision. CNNs have found applications in various do-
mains, including computer vision, speech processing, and face recognition.
The structure of CNNs is inspired by the Neural Networks present in human
and animal brains, particularly the visual cortex.

[56] states that CNNs leverage shared weights and local connections to ex-
ploit the structures of input data, such as image signals. This approach re-
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duces the number of parameters, simplifies training, and improves network
speed. The concept is analogous to how cells in the visual cortex only sense
small regions of a scene rather than the entire scene, extracting local corre-
lations like local filters over the input.

A commonly used CNN architecture, similar to a Multi-Layer Perceptron
(MLP), comprises Convolution layers followed by sub-sampling (Pooling)
layers, with Fully Connected (FC) layers at the end.

[Not Dog\

Input image Convolution Layer ~ ReLU Layer Pooling Layer \\ / Output
/

b ’ Classes

Fully Connected
Layer

Figure 2.10: CNN model [56].

In a CNN model, the input data is organized in three dimensions: height,
width, and depth (channel number) or nxm=r where n=m. For example,
in an RGB image, the depth 7 is equal to three. Each Convolutional Layer
consists of multiple kernels k (filters) with the same dimensions as the input
image where they are of size nxnxq, but with a smaller depth where n<m
and ¢ < r. These kernels are responsible for generating feature maps by
convolving with the input using shared parameters (bias b* and weight x*)
(see Figure 2.11).

The Convolution Layer performs a dot product between the input and the
weights, followed by the application of a nonlinearity or activation function.

A = fw" - x4 bY) (1)

where h" are the features maps got by for each convulotion operation of size
m-—mn-—1.
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Subsequently, the sub-sampling layers downsample each feature map by ap-
plying a pooling function (such as Max or Average Pooling) to adjacent areas
of a specific size of length p, that is, of size p * p. This reduces the network
parameters, speeds up training, and helps address overfitting (see Figure
2.12).

The Fully Connected (FC) (see Figure 2.13) layers receive the extracted mid-
and low-level features and generate high-level abstractions, similar to a Con-
ventional Neural Network. The last-stage layers produce classification scores
using techniques like softmax. These scores represent the probabilities of
different classes for a given input instance, the whole process is shown in
figure.
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Figure 2.11: The process of convolution [56].
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Figure 2.12: The process of pooling [56].
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Figure 2.13: Fully connected layer [56].
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Common Convolution networks

There are numerous CNN’s which differ in their architecture, model archi-
tecture is an important key in enhancing the performance of different ap-
plications. Various modifications have been achieved in CNN architecture

from 1989 until today, so we present below some of the important and pop-
ular models:

a. Visual Geometry Group : VGG (Visual Geometry Group) (see Figure
2.14) is a convolutional Neural Network (CNN) architecture developed
by the University of Oxford. It is known for its deep network struc-
tures with multiple stacked Convolutional Layers. VGG models, such
as VGG16 and VGG19, have achieved state-of-the-art performance in
image classification tasks. The architecture features small 3x3 filters to
capture intricate image details. However, VGG’s main drawback is its
high computational cost and memory requirements.[57]
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Figure 2.14: VGG model [56].

b. ResNet : ResNet (Residual Network) (see Figure 2.15) is a popular
Convolutional Neural Network (CNN) architecture that addresses the
vanishing gradient problem in deep networks. It introduces the con-
cept of residual connections, which allow the network to skip over
layers and directly propagate information from earlier layers to later
ones. This enables the training of much deeper networks (e.g., ResNet-
50, ResNet-101) [58] while maintaining good accuracy. ResNet archi-
tectures have demonstrated outstanding performance in various com-
puter vision tasks, including image classification, object detection, and
segmentation[58, 59, 60]. The residual connections help alleviate the
degradation problem and enable the successful training of extremely
deep Neural Networks with improved accuracy and training efficiency.
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Figure 2.15: Resnet model [56].

c. Unet : UNet (see Figure 2.16) is a U-shaped Convolutional Neural Net-
work (CNN) architecture designed for semantic segmentation tasks. It
consists of an encoder path and a decoder path to capture and recover
spatial information. Skip connections enable the fusion of low-level
and high-level features for precise object boundary localization. UNet
has gained popularity in medical imaging. Its effectiveness, simplicity,
and ability to handle limited training data make it widely adopted. The
encoder path extracts hierarchical features through Convolutional and
Pooling Layers. The decoder path uses upsampling and concatenation
operations to generate pixel-wise segmentation maps. UNet’s skip con-
nections facilitate accurate delineation of objects or regions. Overall,
UNet has made significant contributions to the field of computer vision,
particularly in Semantic Segmentation tasks [1].

1.2 Transformers Neural Networks

Originally designed for machine translation, the Transformer model [61]
has found utility in a range of natural language processing tasks (see Fig-
ure 2.17). It combines a CNN with attention to address parallelization chal-
lenges and enhance computational efficiency. The Transformer follows a
sequence-to-sequence architecture, comprising six encoders and a decoder.
Its key feature is self-attention, a mechanism that enables the model to fo-
cus on different parts of the input sequence during processing. By leveraging
self-attention, the Transformer model has demonstrated impressive perfor-
mance in various NLP applications and recently in image processing with
the inception of Vision Transformer (ViT) (see Figure 2.18) Model especially
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[62].

The architecture of Transformers is composed of [63]:

Encoder

Within the Transformer architecture, each encoder is composed of two key
components: a feed-forward Neural Network and a self-attention layer. The
encoder’s input undergoes processing through the self-attention layer be-
fore further encoding. This self-attention mechanism enables the encoder
to take into account surrounding words within the input text, enhancing its
understanding and representation of individual words.
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Figure 2.17: Transformer model [61].
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Decoder

Similar to the encoder, the decoder in the Transformer architecture consists
of the feed-forward Neural Network and self-attention layers. However,
the decoder also incorporates an additional attention layer. This attention
mechanism empowers the decoder to selectively emphasize important ele-
ments within the input text, enabling it to generate more accurate and con-
textually relevant outputs. By integrating the attention layer, the decoder
enhances its ability to effectively process and interpret the information pro-
vided by the encoder.

Self-Attention

In the Transformer’s self-attention mechanism, each word within the en-
coder independently follows its designated path. However, in the self-attention
layer, these paths become interdependent, enabling the model to capture the
relationships among different words. Unlike the feed-forward layer, which
lacks these interdependencies, the self-attention layer allows for parallel
execution of multiple paths as the data flows through. This self-attention
mechanism plays a crucial role in capturing the intricate relationships be-
tween regions and words, facilitating the model’s understanding of contex-
tual dependencies within the input.

Multi-Head Attention

The multi-head attention technique in the Transformer design employs h
different learned projections to linearly project queries, keys, and values.
These h projections are processed in parallel through the attention mecha-
nism, resulting in A outputs. These outputs are then concatenated and pro-
jected once more to yield the final result. The purpose of multi-head atten-
tion is to enable the attention function to extract information from multiple
representation subspaces, which is not achievable with a single attention
head. This approach enhances the model’s ability to capture diverse and
nuanced relationships within the input data, contributing to its overall ef-
fectiveness and performance.
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Positional Encoding

In the Transformer’s encoding process, positional encoding plays a vital role
in representing the position of each word. Encoding the position of each
word is crucial as it directly impacts its translation. By incorporating posi-
tional encoding, the model can differentiate between words based on their
position in the input sequence, allowing for accurate and contextually rel-
evant translations. This mechanism enables the Transformer to effectively
capture the positional information and leverage it during the encoding pro-
cess, contributing to the overall quality of the translation .

Vision Transformer (ViT) Transformer Encoder

i
|
|
MLP I
|
Transformer Encoder | :
|

- | -

|
|
|
|
|
'

* Extra learnable
[ Linear Projection of Flattened Patches ]

[class] embedding

SEE N R B
ﬁEgHEIMMMWWE

Embedded
Patches

Figure 2.18: ViT model [62].The input image is first split in fixed-size patches, which are
linearly embedded, then position embeddings are added and fed to a Transformer encoder.
In order to perform classification, an extra learnable “classification token” (also known as
[CLS] or [CLASS]) is added to the sequence.

II Deep Unsupervised Learning

Deep unsupervised learning has emerged as a prominent branch of Deep
Learning models, garnering considerable attention. These models have proven
to be highly effective in scenarios where only a limited number of unla-
beled samples are available for training [55]. There are several types of
Deep Unsupervised models, including Autoencoders, restricted Boltzmann
Machines, and Generative Adversarial Networks. Notably, the Deep Belief
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Network encompasses the Variational Autoencoder (VAE) (see Figure 2.19),
which is the focus of our further explanation. VAEs are a crucial compo-
nent of the deep belief network and have been extensively utilized for tasks
involving unsupervised learning and generative modeling.
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Figure 2.19: AutoEncoder model [55].

II.1 Variational Autoencoder

A variational autoencoder (VAE) is a Neural Network designed to learn a
condensed representation of input data by encoding it into a lower-dimensional
latent space and subsequently reconstructing the original data from this
compressed representation. Unlike traditional autoencoders, VAEs employ
a probabilistic approach during the encoding and decoding process. This
probabilistic framework allows VAEs to capture the inherent structure and
variability in the data, enabling them to generate new data samples from the
learned latent space. VAEs find utility in diverse tasks, including anomaly
detection, data compression, as well as image and text generation. The work
by Kingma and Welling in 2013 introduced the concept of VAEs and their
probabilistic nature [64].

VaE Architecture

Autoencoder Neural Networks consist of an encoder and a decoder. The
encoder learns to map the input sequence to a latent space, while the decoder
reconstructs the input sequence. Vanilla autoencoders lack regularity in the
latent space, making it hard to interpolate for missing data points.

Variational autoencoders (VAEs) (see Figure 2.20) address this by introduc-
ing KL divergence regularization. The VAE encoder (E) maps data to vectors
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representing the mean and standard deviation of a Gaussian distribution.
Minimizing the Lprior loss encourages the encoder to compress the input
into a Gaussian distribution. This regularization improves reconstruction in
the decoder, which samples from a continuous distribution.

The decoder loss is computed using the distance between the reconstructed
sequence (Z) and the original input (x). Both Lprior and Lreconstruction
losses are backpropagated to train VAE parameters. This regularization and
reconstruction loss allow VAEs to learn a structured latent space, facilitating
interpolation and generating new data samples [65].

Lprior = DKL (E(z)[|N(0,1)) (2)
Lreconstruction — Lprior + |le - $|2 (3)
Input Image Reconstructed Image
Encoder - Decoder
Latent Space
Hraix
T gs(z | x) Z —>  pix|=) — &
E:i:l:
Standar_dDevait-ion
T Reconsiruction Loss + KL Divergence

Figure 2.20: Vae model [65].

III Deep Reinforcement Learning

Deep Reinforcement Learning combines Deep Learning techniques with Re-
inforcement Learning algorithms to enable agents to learn and make deci-
sions in complex environments. It leverages deep Neural Networks to ap-
proximate the value or policy functions, allowing agents to handle high-
dimensional input spaces. By using deep Neural Networks as function ap-
proximators, Deep Reinforcement Learning can learn directly from raw sen-
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sory inputs, such as images or text. This approach has achieved signifi-
cant success in various domains, including robotics, game playing, and au-
tonomous driving. However, training Deep Reinforcement Learning mod-
els can be challenging due to issues such as sample efficiency and instabil-

ity[55].

IV Hybrid Deep Learning

Deep Learning models have strengths and weaknesses in terms of hyperpa-
rameter tuning and data exploration. This weakness can limit their effec-
tiveness in different applications. To address these limitations, hybrid Deep
Learning models have been proposed, combining different models to over-
come specific shortcomings. Convolutional Neural Networks (CNNs) and
VaEs are popular and highly applicable in various studies, demonstrating
significant potential compared to other Deep Learning models[55].

2.4 Conclusion

In summary, this chapter provided a comprehensive overview of Machine
Learning, Deep Learning, and Artificial Intelligence. We explored different
algorithms and their applications across various domains. Machine Learn-
ing algorithms, including Supervised, Unsupervised, and Reinforcement Learn-
ing, were discussed in terms of their strengths and limitations.

Deep Learning emerged as a powerful subset of Machine Learning, capable
of learning intricate patterns from large datasets. We highlighted its appli-
cations in computer vision, natural language processing, and robotics.

In the next chapter, we will build upon the theoretical concepts covered in
this chapter to introduce our methodology and work. By leveraging the
knowledge gained, we will outline our approach, applying Machine Learn-
ing and Deep Learning techniques to address a specific problem or task. Our
aim is to contribute to the advancement of the field and provide innovative
solutions by incorporating the foundational understanding established in
this chapter.
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Proposed Method

3.1 Introduction

In this chapter, we present our novel method for Semantic Segmentation in
seismic data images, building upon the state-of-the-art Deep Learning tech-
niques explored in the previous chapter. Focusing on the specific domain of
Seismic Survey and Salt Deposits, our proposed method addresses the limita-
tions of existing approaches. By leveraging the power of Deep Learning ar-
chitectures, such as Convolutional Neural Networks (CNNs) with encoder-
decoder structures and attention mechanisms, we aim to achieve highly ac-
curate and efficient segmentation results. Throughout this chapter, we pro-
vide an explanation of our methodology, including the architecture, training
process, and optimization strategies employed. By introducing this novel
methodology, we aspire to contribute to the field of geological interpreta-
tion, enabling more accurate reservoir characterization and exploration in
the oil and gas industry.

3.2 Semantic Segmentation

Semantic Segmentation is a computer vision technique that labels each pixel
in an image with its corresponding category, such as ’car, ’tree, or ‘road’
Unlike object detection, which identifies and locates objects within an im-
age, Semantic Segmentation provides a detailed map by classifying every
part of the image. This detailed labeling is essential for tasks requiring a
comprehensive understanding of the scene.
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One of the significant challenges in Semantic Segmentation is dealing with
the complexity and variability of real-world images. Objects can overlap,
come in different shapes and sizes, and be seen from various angles, making
accurate segmentation a difficult task. Factors such as lighting, occlusions,
and changing scales further complicate the process.

To tackle these challenges, modern approaches use Deep Learning, particu-
larly Convolutional Neural Networks. CNNs excel in learning and recogniz-
ing patterns from raw image data. They can identify both fine details and
broader features necessary for accurately labeling each pixel. Semantic Seg-
mentation is widely used across different fields. In medical imaging, it helps
in detecting tumors and segmenting organs. In autonomous driving, it en-
ables the understanding of road scenes and the identification of objects like
pedestrians and vehicles. In remote sensing, it assists in land cover classi-
fication and urban planning. By providing precise pixel-level classification,
Semantic Segmentation plays a crucial role in these and many other appli-
cations [66].

3.3 Methodology

In this section, we detail the methodology employed in our study, Guided by
principles of the data science methodology (except for Data Deployment),
encompassing our dataset, data processing, model development, and evalu-
ation (see Figure 3.1).
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Figure 3.1: Our Methodology

3.3.1 The Dataset

There are three open datasets existed on the web:

« Netherlands Offshore F3 Block Dataset: This dataset consists of
seismic data collected offshore in the Netherlands, specifically in the
F3 block area. It is commonly used in geophysics and seismic imaging
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research for testing and benchmarking various algorithms and tech-
niques related to seismic interpretation, imaging, and inversion. The
dataset typically includes 2D or 3D seismic reflection data, well logs,
and geological interpretations.

« LANDMASS Dataset: The LANDMASS dataset is a collection of seis-
mic reflection data acquired onshore, primarily used for research and
development in seismic imaging and interpretation. It may cover vari-
ous geological regions and terrains, providing seismic data from differ-
ent environments such as basins, mountains, or plains. Researchers uti-
lize the LANDMASS dataset for studying geological structures, imag-
ing subsurface features, and testing seismic processing algorithms.

« TGS Dataset: The TGS dataset, often referred to as the TGS Salt Iden-
tification Challenge dataset, is a publicly available dataset provided by
the geoscience company TGS. It contains seismic reflection data with
a focus on salt dome identification within the subsurface. Salt domes
are geological structures formed by the movement of salt deposits be-
neath the Earth’s surface and are of significant interest in hydrocarbon
exploration. The TGS dataset is commonly used for developing and
evaluating algorithms for automatic salt dome detection and seismic
interpretation tasks.

We used the data of the TGS Salt Identification Challenge competition

P iEERERN
TS T

Figure 3.2: Overview of original data

3.3.2 Data Processing

Data processing plays a pivotal role in the context of deep learning, serv-
ing as the cornerstone for model training, validation, and inference. In the
realm of deep learning, where algorithms learn from vast amounts of data
to make decisions or predictions, the quality and efficiency of data process-
ing directly impact the performance and reliability of the models. Effec-
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tive data preprocessing techniques, such as normalization, augmentation,
and feature extraction, ensure that the input data is appropriately format-
ted and optimized for consumption by deep learning algorithms. Moreover,
data processing facilitates tasks such as data cleaning, outlier detection, and
handling imbalanced datasets, which are critical for improving model ro-
bustness and generalization capabilities. By streamlining data processing
workflows and harnessing the power of advanced techniques, deep learning
practitioners can unlock the full potential of their models, driving advance-
ments in various domains, in our case, Semantic Segmentation.

Prior to model development, there are multiple ways to alter images and
preprocessing techniques (For instance data sampling), but this project will
fixed to the following after multiple experiments:

1. Blurring: To enhance convergence and mitigate noise, we applied a
5x5 kernel blur to the images.

2. Statistical Sampling: Given the class imbalance, where 54% of images
lacked salt masks, we undertook statistical sampling. Specifically, we
randomly selected 500 non-salt images for empirical reasons, balancing
the dataset.

3. Mask Processing: Utilizing the cropNonEmptyMaskIfExists
function, we cropped images based on non-empty masks, focusing on
pertinent regions. Subsequently, padding was applied to standardize
image dimensions to (192, 192) for empirical reasons.

4. Train-Test Split: Following preprocessing, we performed a stratified
train-test split, allocating 80% of the dataset for training and reserv-
ing 10% each for validation and testing, where the classes are equally
distributed for each group.

3.3.3 Model Development

For model development, we designed a Deep Learning architecture tailored
to the task of salt identification. The architecture proposed (see Figure 3.2)
in our study is seen as a combination of the MT-UNet architecture with the
VAE (Variational Autoencoder) model and the custom layer "LiquidLayer".
It’s a complex structure that integrates different components in an inter-
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connected manner for image processing. First, the integration of a VAE en-
coder enriches the latent representation of image features, favoring more
structured representations and the generation of diverse image. This VAE
includes strategically stacked convolution layers, such as two layers of 3x3
convolution followed by 2x2 max-pooling layers (see the figure), gradually
reducing the dimensionality of the input image. These encoder layers gener-
ate the latent space, where each point represents a unique feature of the im-
age. By combining this generation capability with the segmentation power
of the U-Net structure with a pre-trained backbone such as ResNet18 (Wang
et al., 2015), the model is able to provide accurate results for image segmen-
tation. Adding transformer blocks to the U-Net model output strengthens its
ability to capture complex relationships in the data, thereby improving class
separability. Drive stability is promoted by the use of VAE loss, providing
natural regularization. Furthermore, the flexibility of the model is under-
lined by the possibility of specifying the number of transformation blocks,
allowing adaptation to the complexity of the data. These transformation
blocks dynamically adapt the features extracted by the backbone to capture
task-specific information. For instance, they may focus on detecting con-
tours, textures, or other important details in the image. Ultimately, the inter-
mediate outputs of the backbone and the transformed intermediate outputs
are concatenated to form a single final output. This fusion of information
from the backbone and transformed information allows the MT-UNet model
to combine high-level features learned by the backbone, potentially com-
prising multiple deep convolution layers, with task-adapted features from
the transformer blocks, consisting of additional convolution layers. Finally,
the custom layer "LiquidLayer" introduces an interpretable dimension by ad-
justing a parameter, thus providing insights into its impact on the model’s
predictions. The final model, thus constructed using convolution layers for
the encoder and backbone, is ready for training and evaluation in specific
image segmentation tasks, where it excels in capturing significant features
and adapting its representations. This interconnected and adaptable archi-
tectural approach is particularly useful for computer vision problems where
a rich representation of images is essential. The algorithm is shown below
(Algorithm 1) :
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Algorithm 1 MT-UNet-VAE-LSM
Require: Input image of size (192, 192, 3), specified backbone for the Unet model, number

of transformer blocks
Ensure: Trained MT-UNet-VAE model
1: procedure MT-UNET-VAE-LSM

2: Begin:
3: Initialize the VAE encoder:
4: « Create a Conv2D model with a LeakyReLU (alpha=0.2) activation for each
layer
5: « Flatten the encoder output and feed it into two distinct dense layers to obtain
the distribution parameters (z_mean and z_log_var) of the latent distribution
6: « Use a sampling layer to sample latent samples (z) based on the distribution
parameters
7: Initialize the VAE decoder:
8: « Create a dense and transposed Conv2D model to reconstruct the image
9: Initialize the MT-UNet model:
10: « Create a Unet model with the specified backbone
11: « Add the specified number of mixed transformer blocks to the MT-UNet model
12: « Apply the LiquidLayer to the output of the MT-UNet model
13: Compile the model:
14: + Compile the model with a Dice loss for segmentation and a VAE loss for
learning the latent distribution
15: Train the model:
16: « Train the model with the SGD optimizer, Dice loss, and metrics
17: End.

18: end procedure
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Figure 3.3: Proposed structure of MT-U-net-VAE-LSM model for salt detection.

This model consists of four main components: (1)- A VAE encoder/decoder, which takes
the input image and produces a latent representation. (2)- A U-Net model, which takes the
latent representation and produces a segmentation mask. (3)- A Liquid Layer (a custom
Liquid State Machines layer), which is a custom layer that applies a trainable weight to the
output of the U-Net model. (4)- Transformers are used in the MT-Unet model to improve
the accuracy of the mask segmentation produced by the U-Net model
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3.3.4 Evaluation

We conducted both qualitative and quantitative evaluations to assess the
efficacy of our model:

1. Qualitative Evaluation: We visually inspected model predictions against
ground truth labels to gauge segmentation accuracy and identify any
discrepancies or artifacts.

2. Quantitative Evaluation: Quantitative metrics, including Intersec-
tion over Union (IoU), Dice Similarity Coefficient (DSC), and Hausdorff
Distance (HD), were computed to quantify model performance objec-
tively. Furthermore, we compared our model’s performance against
baseline methods and state-of-the-art approaches to ascertain its effec-
tiveness.

3.4 Conclustion

This chapter has provided an exposition of our methodology for detecting
salt domes using Semantic Segmentation in seismic images. By meticulously
outlining the steps involved in data preprocessing, model development, and
evaluation. By establishing a robust framework for automating this crucial
geological task. Our methodology offers a promising avenue for accelerating
the identification of subsurface structures. The next chapter provide a detail
explanation for each step following by empirical results.
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Implementation and Results

4.1 Introduction

In this chapter, we will delve into the application of Deep Learning for de-
tecting salt domes in seismic images. We will discuss the setup of our devel-
opment environment, techniques for preprocessing data, the experiments
and the implementation of our model, metrics used for evaluation, and the
outcomes of our study.

4.2 Data Processing in Details

We created a mosaic using patches from the dataset to visualize the data. The
competition’s objective is to segment areas containing salt, with a unique
consideration: if a 101x101 image encompasses all salt pixels, it’s treated as
an empty mask, reflecting the emphasis on delineating salt deposit bound-
aries rather than the entire salt body. The dataset consists of 4000 training
images and 18000 test images, divided into two sets: "train" and "depths." The
"train" set has three columns: image ID, the depth at which the image was
captured, and the tokenized mask. It comprises 4000 rows, each represent-
ing specific training image information. As for the "depths" set, it has two
columns: image ID and depth, covering a total of 22000 images, including
both training and test images. It’s worth noting that some test images are
intentionally labeled. Out of the 14000 test images, 7499 have empty masks
(no salt rocks or the entire image is a salt dome). Figure 4.1 is visual includes
20 random images extracted from the dataset, providing an overview of the
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visual representation of information. The brightest white areas correspond
to masks identified as salt bodies. Although the images appear sharp, some
blurring has been applied with a mask of size (5, 5).

To promote efficient convergence of the machine learning model, normal-
ization and scaling of the data was performed, bringing the pixel values to
a common range of 0 to 1 by dividing by 255.0. The images, as well as the
masks, have original dimensions of (101, 101), but have been subjected to
padding up to (198, 198) for empirical reasons. This decision proved bene-
ficial, improving the performance of the neural network compared to later
changing the dimensions after padding. The precise selection of 198 dimen-
sions aligns with deep learning architectures that require images to have
dimensions divisible by 48 and 32, while taking into account compute ca-
pacity and memory constraints.

To eliminate the imbalance between positive and negative examples in the
dataset, imbalance handling techniques, such as oversampling or undersam-
pling, were deployed to balance the classes. Notably, 54% of the images in
the train dataset do not have a mask. Therefore, these images were elimi-
nated, and 500 no salt images were randomly selected. Our training dataset
consists of 5% non-salt images and 95% salted images. In the training set,
80% of the images are divided into 5% non-salt and 95% salted. Similarly,
both the validation and test sets contain 10% of the images each, with 5%
being non-salt and 95% salted. This distribution remains consistent across
all datasets, resulting in a balanced representation of non-salt and salted
images (Figure 4.1).

4.2.1 Dataset Description

We provide a comprehensive description of the dataset utilized in our study.
The dataset consists of multiple attributes (Figure 4.2), each playing a crucial
role in our analysis and model development.

1. Image ID (id) : This column contains unique identifiers for each image
in the dataset. These identifiers are essential for indexing and referenc-
ing specific images during data processing and analysis.

2. Depth (2) : The depth attribute represents the depth at which the im-
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Figure 4.1: Salt/No Salt images Repartition

age was captured. This information is valuable in understanding the
geological context of the images and their spatial distribution within
the Earth’s subsurface, from our analysis, we found that fortunately its
distribution follows normal distribution (Figure 4.3), so we didn’t have
to make any further selection based on this column .

3. Images : The dataset includes grayscale images depicting 2D slices
representing a 3D perspective of the Earth’s interior, obtained through
reflection seismology. These images capture the interfaces between
different rock types in random subsurface locations, the images are of
size 101"101 corresponding to the height and weight respictively.

4. Masks : Corresponding to each image, the dataset contains binary
masks that classify each pixel as either salt or sediment. These masks
are crucial for the segmentation task, delineating regions containing
salt deposits from the surrounding sedimentary layers.

5. Salt Amount : This attribute denotes the quantity of salt present in
each image, ranging from 0 to 1. It provides quantitative information
about the salt content within the subsurface formations represented by
the images.

6. Salt Coverage (1-10) : The salt coverage attribute provides a qualita-
tive assessment of the extent to which salt deposits are present in each
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image. It is rated on a scale from 1 to 10, with higher values indicating
greater coverage of salt within the image.

7. RLE Mask (Run-Length Encoded Mask) :This column contains the
run-length encoded representation of the binary masks corresponding
to each image. Run-length encoding is a compression technique used
to represent consecutive sequences of identical pixels efficiently.
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Figure 4.2: Dataset Description
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Figure 4.3: Depth Description

4.3 The Development Environement

A programming environment refers to the set of tools, libraries, and re-
sources that developers use to write, test, and debug software applications. It
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provides an integrated platform where programmers can create, modify, and
execute their code efficiently. A well-designed programming environment
streamlines the development process, enhances productivity, and facilitates
collaboration among developers. For this project we have used :

4.3.1 Kaggle

Kaggle (its website picture given in Figure 4.4) is an online platform known
for hosting data science and machine learning competitions. It serves as
a community hub for data scientists, machine learning practitioners, and
researchers to collaborate, learn, and showcase their skills. Kaggle offers
a wide range of datasets, competitions, tutorials, and forums, making it a
valuable resource for data-driven projects. Users can access diverse datasets
across various domains and participate in competitions to solve real-world
problems. Kaggle also facilitates collaboration through code sharing and
discussion forums. The platform provides opportunities for data scientists
to showcase their expertise, gain recognition, and connect with potential
employers or collaborators. In summary, Kaggle is a vibrant platform that
fosters learning, collaboration, and problem-solving in the field of data sci-
ence [67].

1]
I

Level up with the
largest Al & ML
community

Join over 18M+ machine learners to share, stress test, and stay up-
to-date on all the latest ML techniques and technologies. Discover
a huge repository of community-published models, data & code for
your next project.

s Register with Google Register with Email

Figure 4.4: Kaggle’s website [68]

4.3.2 Python

Python [69] is a high-level, interpreted programming language that is renowned
for its simplicity and readability. It features a clean and intuitive syntax,
utilizing indentation and minimalistic punctuation, making it easy to read
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and understand. Python has a vast ecosystem of libraries and frameworks,
such as NumPy, Pandas, and TensorFlow, which provide powerful tools for
scientific computing, data analysis, and machine learning. Its versatility ex-
tends to web development, automation, scripting, and system administra-
tion. Python’s strong community support fosters collaboration, with devel-
opers actively contributing to open-source projects and sharing knowledge.
It is cross-platform compatible and runs on various operating systems, al-
lowing for seamless deployment. Python’s popularity and ease of use have
led to its adoption in diverse domains, making it a preferred choice for both
beginners and experienced programmers (see Figure 4.5).

Python

e python’ . I

About Downloads Documentation Community Success Stories News Events

All the Flow You’d Expect

Py trol flow statements

The product is: 384

Python is a programming language that lets you work quickly
and integrate systems more effectively. »» Learn More

Figure 4.5: Python’s website

4.3.3 Tensorflow and Keras

TensorFlow [70] was developed by the Google Brain team, led by Jeff Dean
and Rajat Monga. It was released in 2015 and has become one of the most
widely used frameworks for machine learning and Al TensorFlow has ap-
plications in computer vision, NLP, speech recognition, and reinforcement
learning, enabling tasks like image classification, object detection, language
translation, and more.

Keras, created by Francois Chollet, is a high-level API running on top of
TensorFlow. It was released in 2015 and gained popularity for its simplicity.
Keras is widely used for building and training neural networks, particularly
for tasks like image recognition, sentiment analysis, and sequence genera-
tion.
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Both TensorFlow and Keras have active communities, providing extensive
documentation, tutorials, and resources. TensorFlow’s flexibility and scal-
ability make it suitable for research and production. Keras, with its user-
friendly interface, allows for quick prototyping and experimentation.

TensorFlow 2.0 onwards includes Keras as its official high-level API, solidi-
fying their integration. This merger enhances the capabilities and usability
of both libraries, combining TensorFlow’s power with Keras’ simplicity.

The integration of TensorFlow and Keras has made them leading libraries in
deep learning. They offer a wide range of applications and are accessible to
users of different skill levels, contributing to their widespread adoption in
academia and industry.

+

Tensor Keras

Figure 4.6: Keras & Tensorflow

4.4 Evaluation metrics

To evaluate the performance of our segmentation model, we opted to use
metrics commonly used in semantic segmentation problems. These met-
rics include Intersection over Union (IoU), Dice Similarity Coeflicient (DSC),
Hausdorff Distance (HD), and Mean Absolute Distance (MAD). Our aim is
to provide an accurate and realistic evaluation of our model. Thus, to gauge
accuracy and robustness, we prioritized the use of IoU as the primary eval-
uation criterion.

Concerning the model’s sensitivity and tolerance, we measured the Dice Co-
efficient. MAD and HD metrics were also employed to assess the similarity
between segmentation results and ground truth.
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4.4.1 Intersection over union (IoU)

The IoU between a predicted set of salt pixels and a set of true salt pixels is
determined by the formula (4.1).

_ Intersection(Pred,GI')  Pred N GT

IoU = = 4.1
? Union(Pred, GT) Pred U GT (*.1)
For binary classification, it is written as shwon in equation (4.2).
IoU = P (4.2)
T TPYFP+FN |

In the context of binary classification, we define:

TP = True Positive
FN = False Negative
FP = False Positive

4.4.2 The Dice Similarity Coefficient (DSC)

The dice Coefficient (DSC), one of the most common methods for evaluat-
ing segmentation results, indicates a level of similarity between the refer-
ence (manual segmentation) and segmented result (automatic segmentation)
(Raina et al., 2023). The formulation of DSC is given by the equation (4.3).

2 x (PredNGT)

DSC =
|Pred| + |GT|

(4.3)

where DSC € [0, 1]

4.4.3 The Hausdorff distance (HD)

HD is metric represents the spatial distance between two point sets. The
formulation of HD is given by the equation (4.4).

HD(A, B) = max {sup inf d(a, b), sup inf d(b, a)} (4.4)

where d(a, b) is the distance metric between points @ and b, and A and B
are sets of points.
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4.4.4 The Mean Absolute Distance (MAD)

MAD is a measure of the average distance between each data point and the
mean of the data set (Formula (4.5)). It is a robust measure of variability,
meaning that it is not as sensitive to outliers as some other measures, such
as the standard deviation.

MAD(A, B) |A\ Zmlnd a,b) (4.5)

beB

where A is the predicted set and B is the Ground Truth set.

4.5 Implementation Details

All experiments were conducted using the computational power of a 15
GB GPU provided by Kaggle (see Figure 4.7 and Figure 4.8). Our dataset
comprised 22,000 images divided into two main groups: 4,000 compressed
images for training and 18,000 compressed images originally, fortunately
more than 14,000 images for testing were later labeled where more than
50% of them have empty masks, so at the end there are 22,000 images, but
we worked only on the labeled data. Each group was accompanied by a
pandas DataFrame containing the image ID and the corresponding mask in
run-length encoding (RLE), additionally depth column for each image given,
each image can be either salt images or just sediment (which means they
have simply empty masks - simply just empty background images).

model_eval_unet_linknet_pspnet_fpnet_resnet... .« .0 e

= Q2 share
o File Edit View Run Add-ons Help o
+ + X D M > bb RnA Code ~ @ Draft Session off (run a cell to start) 59 Notebook
® e Input ~
@ > + Add Input 2. Upload
i COMPETITIONS
A + Code < T » w TGS Salt Identification Chal
DATASETS
<> B # unzip competition_data » 8 saltdata
ip /k aggle / npu t/tg alt-identification-challenge/competition_data

Archive: /kaggle/input/tgs-salt-identification-challenge/competition dat Output v

< a.zi

creating: competition_data/
. inflating: competition data/.DS_Store Submit to competition v
creating: _ MACOSX/
creating: _ MACOSX/competition_data/
) =) Session options o

»

Figure 4.7: Kaggle’s environment : (1) Menu bar for editing the notebook (2) Execute menu
bar (3) Notebook and command line interface at the bottom (4) Metadata about the environ-
ment including input files directory and output directory (5) Notebook file name (6) Share
button and Save Version button (7) Kaggle competitions panel.
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Session options ~
ACCELERATOR

GPU P100 -

Quota: 00:00/ 30 hrs
LANGUAGE

Python v

PERSISTEMCE

No persistence v

ENVIRONMENT ~

4

(Pin to original environment (...

You won't get new packages, but your
code is less likely to break. What is a
notebook environment? ©

Figure 4.8: Kaggle’s environnement of execution

We preprocessed these images by converting them into matrices of size
101 x 101 x 3 using OpenCV. This conversion applied to both sets of images,
which were then combined into a single dataset. We ensured there were no
duplicate images by cross-referencing IDs. The RLE masks were decoded
into 101 x 101 matrices in grayscale level (matrices of 0s and 1s) and added
to a new column named 'masks’ as shwon below in the first code snippet.

1 # LOAD IMAGES AND MASKS + NORMALISATION

; data_df["images"] = [cv2.imread("{}/{}.png".format(image_path,idx),cv2.
IMREAD_COLOR)/255.0 for idx in tqdm_notebook(data_df.id) ]

. data_df["masks"] = [cv2.imread("{}/{}.png".format(mask_path,idx),cv2.
IMREAD_UNCHANGED)/65535.0 for idx in tqdm_notebook(data_df.id)]

i def rle2mask(mask_rle, shape=(101,101)):

PR

3 mask_rle: run-length as string formated (start length)
4 shape: (width,height) of array to return
5 Returns numpy array, 1 - mask, 0 - background

8 s = mask_rle.split()
9 starts, lengths = [np.asarray(x, dtype=int) for x in (s[0:][::2], s
[(1:]1[::2])]

10 starts -= 1
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ends = starts + lengths
img = np.zeros(shape[0]*shape[1], dtype=np.uint8)
for lo, hi in zip(starts, ends):
img[lo:hi] = 1
return img.reshape(shape).T

To analyze the data, we examined the distribution of depths, which followed
a normal distribution (Figure 4.3). Additionally, we calculated the "salt cov-
erage" for each mask, representing the percentage of non-empty pixels (the
equation is given below (4.6)), and scaled this value to a range of 0 to 10.
This was added as a new column to the dataset. A bar plot revealed that 54%
of the masks had zero salt coverage. To address this, we downsampled the
dataset to retain only 500 images with zero coverage, ensuring a balanced
representation as shown on Figure 4.9, so . Than we moved to make blurring
to all the images presented in the dataset:

# DENOISING
training[’images’] = training[’images’].apply(lambda x :cv2.blur(x, (5,5))

)

ZiEmask pixeli
Image Size®

Coverage = (4.6)

LLLLL

0-

Figure 4.9: Distribution of salt coverage in the dataset (Left) before sampling (Right) after
sampling.

After adjusting the dataset, we redrew the depth distribution, which re-
mained normally distributed (Figure 4.10). Consequently, 95% of the dataset
comprised images with non-empty (salty) masks, while 5% had empty masks.

For model training, we split the data which contains more then 12,000 im-
ages into training (80%), validation (10%), and test (10%) sets, ensuring strat-
ification based on salt coverage to maintain the 5% no salt and 95% salt ratio
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Figure 4.10: Distribution of salt coverage in the dataset where the red distribution before
sampling and the blue one after sampling.
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Figure 4.11: Ensemble of test images alongside their masks.
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in each group. Figure 4.11 shows a set of images alongside their masks taken
randomly from the test set.

# SPLIT DATA TO TRAIN, VAL,TEST : 80% , 10%, 10%

train_idx ,val_idx = sklearn.model_selection.train_test_split(training,
test_size = 0.2, stratify = training.coverage_class, random_state =
42)

valid_idx,test_idx = sklearn.model_selection.train_test_split(val_idx,
test_size=0.5,stratify=val_idx.coverage_class,random_state=42)

Following the train-test split, we applied further modifications to the data
using the Albumentations library to enhance the robustness of our model.
Specifically, we employed the following augmentation pipeline:

## IMAGE TRANSFORMATIONS LIKE PADDING

: import albumentations as A

3

4

def aug(image_size = 192, crop_prob = 1, train = True):
if train:
return A.Compose([
A.PadIfNeeded(min_height=image_size, min_width=image_size, p
-1),
A.CropNonEmptyMaskIfExists (width = image_size, height =
image_size, p=crop_prob),
#A.ColorJitter(p=0.5),
IE p = 1)
else:
return A.Compose([
A.PadIfNeeded(min_height=image_size, min_width=image_size, p
=1),
A.CropNonEmptyMaskIfExists(width = image_size, height =
image_size, p=crop_prob),
I, p=1

- Padding and Cropping: Ensured that images were padded to the de-
sired size and cropped non-empty regions.

« Optional Color Jittering: Although commented out, this could be
used to introduce random variations in brightness, contrast, and satu-
ration.

Than we proceed to train the model over 200 epochs. Our model featured
a combination of MT-UNet and VAE architectures, enhanced with a custom
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"LiquidLayer." The images were processed in batches of 32 with dimensions
of 192 x 192 pixels. Key parameters included a latent space dimension of
64 and 15 transformer blocks. We used the SGD optimizer with a learn-
ing rate of 0.001 and a momentum of 0.9. The segmentation utilized the U-
Net model with a ResNet18 backbone, initialized with ‘imagenet’ weights,
and a sigmoid activation function for binary classification (Salt presented
by pixels of 1 and the background by 0 pixels). The dice loss function was
applied for segmentation, while the VAE loss combined reconstruction loss
with Kullback-Leibler divergence.

initial_learning_ rate = le-4

: optimizer = SGD(learning_rate=0.001, momentum=0.9)

s callbacks = [

ModelCheckpoint("./keras.model", save_best_only=True, verbose=1),
ReduceLROnPlateau(factor=0.5, patience=5, min_lr=0.01, verbose=1)

model.compile(optimizer=optimizer, loss=[dice_loss, vae_loss], metrics=[’
iou_score’, ’accuracy’])

The LiquidLayer, with its trainable weight initialized uniformly, provided an
interpretable component by adjusting its parameter and analyzing its impact
on predictions.

4.6 Results

4.6.1 Impact of each module on the overall model

Examining the impact of individual modules on the performance of our
model, our ablation studies reveal instructive subtleties. Starting with the
U-net model without transformer layers, VAE, or LSM, we established a
state-of-the-art IoU of 0.8964. Integrating transformers alongside the Un-
et’s ResNet 18 backbone showed a significant performance increase, raising
the IoU to 0.9515. The subsequent addition of VAE further improved accu-
racy to 0.9601, with LSM layers reaching a peak IoU of 0.9612. These incre-
mental improvements highlight the synergistic effect of module integration.
Beyond technical sophistication, our results underscore a nuanced under-
standing of individual contributions,advocating for a composite framework
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comprising MT-U-net, VAE, and LSM layers to maximize detection accuracy.

4.6.2 Quantitative Evaluations

In the field of advanced image analysis, our MT-UNet-VAE-LSM model sur-
passes state-of-the-art techniques described in references (Milosavljevic, 2020;
Karchevskiy et al., 2018; Li K, 2023). The study by (Milosavljevi¢, 2020) pro-
vides a detailed comparison of segmentation model performances such as
U-net, FPN Lin2016FPN, LinkNet [71], and PSPnet [72], alongside there ap-
proach. Our method distinctly stands out for its level of excellence, as evi-
denced by remarkable results in terms of precision and robustness compared
to these studies. Following a meticulous evaluation of 1,000 images, our
model achieved an average Intersection over Union (IoU) score of 0.96260,
showcasing its undeniable competence.

The comparative analysis, detailed in Table 4.1, demonstrates a significant
6% improvement in the overall average IoU compared to the results reported
in (Milosavljevi¢, 2020; Karchevskiy et al., 2018; Li K, 2023). These data com-
pellingly demonstrate the superiority of our model in the field of advanced
image analysis for identifying salt domes. Moreover, the model’s exceptional
performance is further validated by the impressive Dice Coefficient Similar-
ity (DCS) of 0.9417. This metric, approaching unity, elucidates the model’s
ability to closely align with ground truth in diverse scenarios, attesting to
its remarkable versatility. Delving into the minutiae, Table 4.2 showcases
minimal averages for Dice Coefficient Similarity (DCS), Hausdorff Distance
(HD) and Mean Absolute Deviation (MAD) Metrics, at 1.0781 and 0.01574
respectively. These results underscore the model’s precision in capturing
nuanced details while maintaining consistency. In the grand tapestry of im-
age analysis tasks, our approach stands as a robust and effective solution,
poised to redefine standards in the field. These compelling findings solid-
ity its position as a formidable contender in the ever evolving landscape of
advanced image processing and analysis.

To illustrate the training processes figure 4.12 presents two graphs detail-
ing IoU and accuracy measurements on both training and validation sets
through- out a training cycle. It’s noteworthy that our model demonstrates
remarkable stability at every stage of training and validation, enhancing its
reliability and effectiveness across various operational scenarios. This sta-
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bility is evidenced by comparing the training graphs of our model, as de-
picted in figure 4.12, with those of corresponding precision and IoU metrics
presented in the study (Milosavljevi¢, 2020) and represented in figures 4.13,
4.17,4.18, 4.19, 4.20. Given the use of the same training framework, all these
graphs exhibit similar behavior. Initially, the oscillations of the validation
metrics are more pronounced, but they gradually stabilize as the learning
rate decreases. A comparison of the IoU metric for the training set reveals a
significant difference: after the initial training phase, the models presented
in the study achieve around 50% to 60%, while our approach reaches 80%.
This behavior can be explained by our utilization of U-net with pre-trained
ResNet-18 instead of ResNet-34 alone as indicated in the study, providing us
with an initial advantage.
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Figure 4.12: Sample accuracy (a) and intersection over union (IoU) (b) plots. Graphs (a)
and (b) show the intersection-over-union (IoU) and sample accuracy metrics, respectively,
with values plotted for the training and validation sets when evaluating models across its
training phase

4.6.3 Qualitative Results

The qualitative results of our segmentation are depicted in Figure 4.21. This
visual representation clearly demonstrates that our segmentation (depicted
in brown) closely aligns with ground truth (in green), underscoring the pre-
cision of our approach. Upon closer examination, our model exhibits a re-
markable ability to capture the subtle nuances and details of the seismic im-
ages, evident in the precise segmentation regions observed across various
contexts. Furthermore, the consistency and robustness of our method are
highlighted through Figure 4.22. Part A of this figure displays the seismic
images used in our analysis, providing essential visual context for the sub-
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sequent evaluations. Part B showcases manual segmentations represented
in green, serving as the ground truth for our model’s predictions. This com-
parison illustrates the effectiveness of our approach by visually demonstrat-
ing the alignment between our model’s predictions (part C) and the ground
truth segmentations (part B), thus affirming the accuracy and reliability of
our results.
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Figure 4.13: Comparison of Intersection over Union (IoU) (a) and accuracy (b) metrics be-
tween the model proposed by (Milosavljevi¢, 2020) and our own model.

Table 4.1: Segmentation Model IoU scores

Model Description IoU Score
Model proposed in (Karchevskiy et Automatic salt deposits segmenta- 0.8880
al., 2018) tion using CNNs
Proposed and tested models in U-Net 0.76996
(Milosavljevi¢, 2020)
FPN 0.85219
LinkNet 0.84565
PSPNet 0.83137
Model proposed in (Milosavljevi¢, - 0.89646
2020)
Model proposed in (Li K, 2023) Models performance without inver- 0.90
sion on TGS dataset
Our method MT-UNet-VAE-LSM - 0.96260
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Table 4.2: DSC, HD, and MAD results of our model

Measures DSC HD MAD
Our model (Mean) 0.90707 2.31664 0.01753
Our model (Median) 0.98957 2.06614 0.00621
Our model (SD) 0.23555 1.79514 0.04236
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Figure 4.14: Model proposed in (Karchevskiy et al., 2018) : Input images are resized from

101x101 to 128x128 pixels with increased channels, processed through a pre-trained Resnet

encoder with Squeeze-and-Excitation blocks, and decoded using deconvolution blocks with

attention gates and deep supervision,implementing the Hypercolumn technique finally, all

of the DSV outputs are concatenated to the final convolution layer [73].
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Figure 4.15: (a) Unet and (b) Linknet models. The image is taken from segmentation models

repository on GitHub.
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Figure 4.16: (a) PSPnet and (b) FPNet models. The image is taken from segmentation models

repository on GitHub.
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Figure 4.17: Comparison of Intersection over Union (IoU) (a) and accuracy (b) metrics be-
tween the FPNet model in (Milosavljevi¢, 2020) and our own model.
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Figure 4.18: Comparison of Intersection over Union (IoU) (a) and accuracy (b) metrics be-
tween the Unet model in (Milosavljevi¢, 2020) and our own model.
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Figure 4.19: Comparison of Intersection over Union (IoU) (a) and accuracy (b) metrics be-
tween the LinkNet model proposed by (Milosavljevi¢, 2020) and our own model.
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Figure 4.20: Comparison of Intersection over Union (IoU) (a) and accuracy (b) metrics be-
tween the PSPNet model proposed by (Milosavljevi¢, 2020) and our own model.
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Coreen: zalt, Red: prediction. Top-lefl: coverage class, top-rght: salt coverages, bottom-left: depth

Figure 4.21: Seismic images, real filters, manual segmentations in green and predictions
from our model in brown.
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Figure 4.22: Seismic images, real filters, predicted filters.
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4.7 Conclusion

In this section, we presented a novel method for segmenting 2D seismic data
with the objective of identifying salt deposits, a critical task in subsurface
imaging. Our proposed method leverages deep learning techniques, exten-
sive preprocessing, and comprehensive evaluation to achieve state-of-the-
art performance.

Through TGS Salt Identification Challenge dataset on Kaggle, we collected
a diverse set of images capturing subsurface structures and corresponding
binary masks delineating salt and sediment regions. We meticulously pro-
cessed the data, including blurring to reduce noise, statistical sampling to
address class imbalance, and mask processing to focus on pertinent regions.

Our model development involved designing a deep learning architecture
tailored specifically for salt identification, integrating convolutional neural
network layers with advanced techniques such as dropout and batch nor-
malization. Through extensive experimentation and evaluation, we demon-
strated the effectiveness of our approach in accurately segmenting salt de-
posits.

Qualitative evaluation revealed the robustness of our model in capturing in-
tricate salt deposit boundaries, while quantitative evaluation using metrics
such as Intersection over Union (IoU) and Dice Similarity Coefficient (DSC)
showcased its superior performance compared to baseline methods and ex-
isting state-of-the-art approaches.

In conclusion, our proposed method represents a significant advancement
in the field of subsurface imaging and salt identification. By achieving state-
of-the-art performance, we contribute valuable insights and tools to aid geo-
scientists and researchers in accurately interpreting seismic data, ultimately
facilitating better understanding and characterization of subsurface struc-
tures.
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Conclusion and Perspectives

In this work, we delve into the realm of seismic image segmentation, fo-
cusing on the identification of salt deposits within subsurface structures.
Seismic surveys are crucial in geophysical exploration, providing insights
into the Earth’s subsurface. Salt domes, due to their complex nature, pose
significant challenges for accurate delineation in seismic data. We leverage
Deep Learning approaches to develop a robust methodology for automatic
segmentation of salt deposits.

We began with a literature review on Deep Learning techniques for seman-
tic segmentation, distilling best practices in data processing and model ar-
chitecture. Through rigorous experimentation, supported by platforms like
Kaggle, we achieved a significant improvement in Intersection over Union
(IOU) scores, reaching 96%. This was accomplished through strategic data
preprocessing and advanced feature extraction.

We also utilized transformer models for capturing long-range dependencies,
along with generative models and Liquid State Machines. This integration
of diverse techniques led to a unified model architecture.

Future directions include refining model architectures, exploring advanced
data augmentation, and combining different neural network paradigms. We
plan to deploy our model as a web service, enhancing accessibility and scal-
ability, thus contributing to the broader field of artificial intelligence.
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