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Abstract

Salt Domes are subsurface geological formations critical for hydrocarbon exploration and
storage. They often serve as traps for hydrocarbons, significantly contributing to the defin-
ing characteristics of reservoirs in the oil and gas industry. Accurately identifying and
delineating these structures is essential for efficient resource management. Traditional
methods for detecting salt domes rely heavily on manual interpretation, which is time-
consuming and prone to errors. Recent advancements in Deep Learning, particularly in
Semantic Segmentation, offer promising solutions to automate and enhance this process.
This study explores the application of state-of-the-art Deep Learning models, including
Convolutional Neural Networks (CNNs), U-Net architectures, and Transformer-based ap-
proaches, for the Semantic Segmentation of Salt Domes in Seismic Images. Generative Al
techniques are also examined for data augmentation and enhancing model robustness. The
integration of these advanced models aims to improve the precision and reliability of Salt
Dome identification, potentially transforming the field of geophysical exploration.

Keywords— Salt Domes, Semantic Segmentation, Deep Learning, Generative Al, CNN, U-
Net, Transformers, Seismic Imaging, Hydrocarbon Exploration



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

The exploration and extraction of hydrocarbon resources, such as oil and natural gas, have
long been crucial endeavors for meeting the world’s ever-increasing energy demands. One
of the key challenges in this domain lies in accurately identifying and mapping geological
structures that can serve as potential reservoirs for these valuable resources. Among these
structures, salt domes have garnered significant attention due to their propensity to trap
hydrocarbons within their intricate formations.

Salt domes are massive underground deposits of salt that have been pushed upward through
overlying sedimentary rock layers over millions of years, creating dome-like structures.
These formations can act as traps for hydrocarbons, making their precise delineation a
critical step in the exploration and extraction processes. Traditionally, the interpretation of
seismic data has relied on manual analysis by skilled experts, a time-consuming and labor-
intensive task that can take weeks or even months to complete. With the advent of deep
learning techniques, particularly in the field of computer vision, new opportunities have
emerged to automate and expedite the interpretation of seismic data.

Semantic segmentation, a foundational task in computer vision, aims to partition an im-
age into semantically meaningful regions, offering a promising solution for the accurate
delineation of salt domes in seismic images. By leveraging state-of-the-art deep learning
architectures, this research endeavors to develop robust and accurate models for automat-
ing the detection and segmentation of salt domes in seismic data.

The overarching goal of this research is to explore and evaluate various deep learning tech-
niques for semantic segmentation, with a specific focus on their application in the detection
and delineation of salt domes in seismic images. Through a comprehensive literature re-
view, dataset acquisition and preprocessing, model implementation and fine-tuning, and
rigorous evaluation, this study aims to contribute to the advancement of automated seis-
mic data interpretation.

The work plan for this research will involve several key steps, including:

1. Conducting a thorough literature review to understand the current state-of-the-art
techniques and methodologies employed in semantic segmentation, with a particular
emphasis on their applications in seismic data analysis.

2. Evaluate the performance of the developed models using appropriate metrics, such as
intersection over union (IoU) and compare their results against established baselines
and state-of-the-art methods.



3. Investigate techniques for semi-supervised learning and domain adaptation to ad-
dress the challenges of limited labeled data and domain gaps across different seis-
mic datasets, analyze the strengths and limitations of the employed deep learning
techniques, identifying areas for further improvement and potential future research
directions.

By addressing these objectives, this research aims to contribute to the advancement of au-
tomated seismic data interpretation, ultimately facilitating more efficient and cost-effective
hydrocarbon exploration while promoting sustainable energy practices.



Chapter 1

Fundamental Concepts

1.1 Introduction

This chapter covers the essential concepts underpinning our study, beginning with Seis-
mic Imaging and its pivotal role in geosciences. We then explore the geological formation
and significance of Salt Domes, followed by Semantic Segmentation, highlighting its im-
portance in precise image analysis and interpretation. Finally we delve Deep Learning (DL)
principles, particularly Neural Networks.

1.2 Seismic Survey and Salt Domes

1.2.1 Salt Domes

Salt Domes, also known as salt diapirs, are geological structures that form when under-
ground salt layers or beds rise toward the Earth’s surface [1]. 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 [1].

Salt Domes hold significant relevance in hydrocarbon exploration, serving as potential
reservoirs for oil and gas, making them crucial in the energy industry. Understanding and
detecting Salt Domes are essential for efficient hydrocarbon resource exploration for theses
reasons [2] :

« Hydrocarbon Traps : Salt Domes can serve as traps for hydrocarbons, such as oil
and natural gas. Over millions of years, salt can create structural deformations in the
overlying sedimentary rock layers, forming pockets where hydrocarbons can accu-
mulate. This makes Salt Domes important targets for oil and gas exploration.
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Figure 1.1: Formation of a Salt Dome through Sedimentary Rock layers [2].

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 underground 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 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 deliber-
ately 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 ex-
ceptionally 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, including oil field drilling waste,
while also being considered for high-level nuclear waste storage in the United States.

!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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There are a variety of techniques used for detecting Salt Domes but the cheapest, the least
dangerous, the effective method is by using Seismic Surveys.

1.2.2 Seismic Survey

As stated in [3], Seismic Surveying is an important geophysical exploration method because
it can detect subsurface features of all sizes. Seismic methods involve sending sound waves
into the Earth and measuring their reflections to determine the shapes and properties of
subsurface layers. Early oil explorers found oil by drilling at natural oil seeps and large
folds in exposed rocks. Once these easy targets were depleted, geologists turned to seismic
surveying 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. Seismic Surveys rely on the propagation of
seismic waves through the Earth. These waves are generated artificially at the surface
using specialized equipment and then travel through the subsurface layers. By recording
and analyzing the arrival times and characteristics of these waves at different receivers
(seismic sensors), geophysicists can infer information about the subsurface structure. Once
seismic data is collected, it undergoes processing to remove noise, correct for variations in
the Earth’s surface, and enhance the signal. After processing, geophysicists interpret the
data to create subsurface images, maps, and models. Interpretation involves identifying
geological features, such as rock layers, faults, and fluid reservoirs, based on seismic wave
reflections, refractions, and diffractions.

1.3 Influence of Salt Domes in Characterization of Hy-

drocarbon Reservoirs

Salt Domes significantly influence the characterization of oil and gas reservoirs. They create
trapping structures, sealing layers, and compartmentalized reservoirs with varying prop-
erties. Salt domes pose challenges for seismic imaging and drilling operations due to their
unique properties and mobility. Understanding salt behavior is crucial for field develop-
ment, production strategies, and long-term management as salt movement impacts well
performance and reservoir drainage. Integrating geological, geophysical, and engineering
data is essential for accurately characterizing Salt Domes and optimizing exploration, de-
velopment, and production from hydrocarbon reservoirs influenced by these geological fea-
tures. Additionally, studying Salt Dome structures provides insights into depositional en-
vironments, hydrocarbon generation timing, and basin evolution, aiding in understanding
reservoir distribution and characteristics. Seismic data and advanced imaging techniques
are vital for identifying and mapping Salt Domes, while well data refines the understanding
of Salt Dome structures and their impact on reservoirs (from the introduction of [4]).

1.4 Seismic Surveying Challenges

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

- 5-
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rocks can vary significantly. Salt is typically 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 surrounding
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 surrounding structures) [5].

Here are some problems which make salt interpretation difficult [6]:

« Interpret seismic data using a prior model based on the geological knowledge 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 improved 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, resulting in weak
correlation between real and predicted data, lower image quality, and prism waves.
Prism waves are generated by two reflections 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 [7], efforts have been made to expedite the process. With the mention that
tracing 1km? of the subsurface can generate large amount of data up to 600 Gigabytes of
space which first demand high computational hardware especially for 3D visualisation (it’s
just an accumulation of 2D images) it takes years to interpret all the scans manually [8](see
Figure 1.2). That’s led to an increasing demand to automate the interpretation process.
Since it’s is a relatively recent research focus, numerous methods were proposed but for the
scope of the study we will remain only on Artificial Intelligence (especially Deep Learning)
contributions.

1 km? seismic survey Seismic surveys: Peta Generate 1TB
for one hour Bytes of data migrated data

Up to 160 shots/] km?
20,000 traces per shot_ every 10s Years for manual

interpretation
500 samples per trace per second

L} Generate 600GB data

Figure 1.2: Data aquisation challenge [8].

-6 -
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1.5 Semantic Segmentation

Before we explain the concept of Semantic Segmentation, we should first give to the reader
some basics of Computer Vision since the segmentation task involves Computer Vision
techniques.

Based on [9]: Computer vision is a multidisciplinary domain focused on enabling com-
puters to interpret digital images and videos akin to human visual perception. It aims to
automate tasks that humans can perform with their vision. At its core, Computer Vision
involves extracting, analyzing, and comprehending useful information from individual im-
ages or sequences of images. This field spans theoretical development and algorithmic de-
sign to achieve automatic visual comprehension. It addresses various data formats, includ-
ing video streams, multi-camera perspectives, and complex medical imaging data. OpenCV
(https://opencv.org/), a widely used library, embodies real-time Computer Vision and inte-
grates with Artificial Intelligence frameworks (Deep Learning for instance) for image and
video processing. Fundamentally, Computer Vision revolves around pixel extraction from
images to discern and understand the contents within them. Here are several fundamental
aspects that Computer Vision endeavors to identify within photographs [10]:

+ Object Detection : Identifying the precise location of objects within the image.

+ Object Recognition : Recognizing the objects present in the image and determining
their respective positions.

« Object Classification : Categorizing objects into broader classes or categories.

+ Object Segmentation : Segmenting and isolating the pixels that belong to each object
within the image.

Over the years, advancements in Computer Vision have greatly enhanced the accuracy
and speed of processing images captured from cameras. Artificial Intelligence (Machine
Learning & Deep Learning) notably, has emerged as a dominant tool in this field. Previ-
ously, Computer Vision relied heavily on image processing algorithms, primarily focusing
on feature extraction. Detecting elements like color, edges, corners, and objects constituted
initial steps in Computer Vision tasks. These features, engineered by humans, directly in-
fluenced the accuracy and reliability of models. Traditional approaches, such as SIFT, SURF,
and BRIEF, were instrumental in extracting features from raw images as shown in Figure
1.3. However, a drawback of this feature extraction approach in image classification is the
need to predefine which features to seek in each image. As the number of classification
categories increases or image clarity diminishes, traditional Computer Vision algorithms
struggle to adapt effectively.

Due to Artificial Intelligence techniques (especially Deep Learning), Semantic segmentation
have witnessed a progression from coarse to fine inference within the realm of Computer
Vision research [11]. It is not an isolated field but rather an evolutionary step building
upon automated classification methods. Initially rooted in classification techniques, which
predict the class of objects in an image, Semantic Segmentation delves deeper by assigning
labels to individual pixels based on the objects or regions they belong to. This process aims
for precise inference by delineating boundaries between objects. Object Detection, a sub-
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Figure 1.3: Traditional way of Feature Extraction [10].

sequent step, refines this inference by not only classifying objects but also providing their
spatial locations through bounding boxes or centroids (see Figure 1.6). Previously, among
the research realm, there is claiming that among the best methods used before Deep Learn-
ing was Boosting and Random Forest. There is also Instance Segmentation, but it differs
from Semantic Segmentation, Instance Segmentation further refines the process by assign-
ing distinct labels to separate instances of objects within the same class, essentially com-
bining Object Detection and Semantic Segmentation tasks. This approach aims to achieve
simultaneous solutions to these tasks. Part-based segmentation takes this evolution further
by breaking down segmented objects into their constituent sub-components. Overall, Se-
mantic Segmentation and its related tasks represent a continuum of research efforts aiming
for increasingly granular and accurate understanding of visual data (see Figure 1.4).

In recent years, semantic segmentation has been applied more and more widely. It plays an
important role in medical image analysis [12], automatic driving [13], virtual/augmented
reality [14], video surveillance [15] and more, thanks to the advancement of Deep Learning.
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stapler, corrector, pen

(a) Image Classification (b) Object Localization

Q"'§

\

(c) Semantic Segmentation (d) Instance Segmentation

Figure 1.4: An example of different vision tasks [11].

1.6 Machine Learning and Deep Learning

1.6.1 Machine Learning

Many academics and researchers perceive "Machine Learning" (ML) as an integral com-
ponent of Artificial Intelligence (AI), although it is often used interchangeably with the
broader term [16]. In the literature, researchers have proposed numerous definitions for
ML. One notable definition (Koza et al., 1996) offers insights into the nature of this field and
its underlying principles:

“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.”

Usually AI and ML are often used interchangeably. However, it is important to note that
while ML is a part of Al the two terms are not synonymous. ML is a technology that en-
ables computers to learn directly from data and examples, distinguishing it from traditional
programming methods that rely on predefined rules. In ML, 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. ML can be considered as a form of narrow Al (Al),
as it focuses on training intelligent systems to learn specific functions based on provided
data.
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On the other hand, Al encompasses a broader spectrum of technologies, ranging from tra-
ditional AL, such as Good Old Fashion AI (GOFAI), to more advanced connectionist archi-
tectures like DL. ML is a subfield of Al that specifically deals with learning algorithms and
their application to data and it encompasses various techniques [17].

1.6.2 Deep Learning

The term "Deep Learning" (DL) made its initial appearance in the field of ML during a con-
ference by Dechter in 1986. It was further associated with Artificial Neural Networks in a
publication by Aizenberg et al. in 2000 [18]. The introduction of this term marked a sig-
nificant milestone in the advancement of both fields, paving the way for the development
and exploration of DL algorithms and architectures [19]. DL, a subset of Artificial Neu-
ral Networks (ANNs) (see Figure 1.5), has emerged as a powerful approach in the field of
ML. Inspired by the information processing mechanisms in biological systems, Artificial
neural networks are flexible structures inspired by biological systems that consist of inter-
connected processing units called neurons. ANNs can be modified for various ML contexts
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 in-
put, hidden, and output layers, and the connections between them allow for non-linear

mapping.

s ~| Machine learning algorithmsl ~
e.g., support vector machine, decision tree, k-nearest neighbors, ...
Shallow
—‘ Artificial neural networksl > machine
learning
Maghine e.g., shallow autoencoders, ...
learning
=1 Deep neural networks------------7--------
i ] Deep
. e.g., convolutionalneural networks, Jaarain
i recurrent neural networks, ... g
\_ i

Figure 1.5: Venn diagram of machine ML algorithms learning concepts and classes (inspired
by Goodfellow et al. 2016, p. 9) [20].

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 DL
(see Figure 1.6). DL excels in processing large and high-dimensional data like text, images,
and audio. However, for low-dimensional data and limited training data, shallow ML al-
gorithms can still produce superior and more interpretable results. While DL can achieve
superhuman performance in certain tasks, it falls short in solving problems requiring strong
Al capabilities [20].

For instance, DL models excel at pattern recognition and prediction tasks but fall short

_10_
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(a) A Shallow Network (b) A Deep Neural Network

Figure 1.6: A general architecture of a shallow network with one hidden layer and a deep
neural network with multiple hidden layers [21].

when it comes to tasks requiring strong Al capabilities, such as literal understanding and
intentionality.

There are numerous DL models, but for the scope of this study, we stick in one type of the
models : Convulutional Neural Networks (CNN).

CNNs are widely recognized and extensively employed in DL, offering several advantages
over previous algorithms. One notable benefit is their ability to autonomously identify rel-
evant 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, particu-
larly the visual cortex (See 2.2) .

1.7 Conclusion

In this chapter, we have presented the fundamental concepts to understanding Semantic
Segmentation in Seismic Imaging of Salt Domes. We covered the basics of Seismic Imaging
and its significance, the geological formation and importance of Salt Domes, the essential
role of Semantic Segmentation in image analysis and the definition of Deep Learning with
a focus on Neural Networks. These concepts provide the necessary foundation for delv-
ing into advanced segmentation methodologies and their applications in the subsequent
chapters.

- 11 -



Chapter 2

Deep Learning Techniques for
Semantic Segmentation

2.1 Introduction

In this chapter, we will conduct a comprehensive review of the state-of-the-art deep learn-
ing architectures utilized in Semantic Segmentation tasks. Where we will delve into key
Deep Learning architectures, elucidating their fundamental principles and applications in
Semantic Segmentation. Additionally, advanced techniques and methods aimed at enhanc-
ing segmentation performance are discussed, alongside evaluation metrics and real-world
applications across various domains. This chapter serves as a foundation for understanding
the advancements and complexities in Semantic Segmentation using Deep Learning.

2.2 Concepts of CNNs

A Convolutional Neural Network (CNN) is a specialized type of Artificial Neural Network
designed to effectively process structured grid data, such as images or videos.

Based on what was mentioned on [22], CNNs leverage shared weights and local connections
to exploit the 2D and 3D structures of input data, such as image signals. This approach
reduces the number of parameters, simplifies training, and improves network speed. The
idea is similar to how cells in the visual cortex perceive small portions of a scene rather
than the entire scene, capturing local patterns akin to local filters applied across the input.

A commonly used CNN architecture, which is a Multi-Layer Perceptron (MLP), comprises
Convolution Layers (ConvLay) followed by sub-sampling (Pooling) layers, with Fully Con-
nected (FC) layers at the end. Figure 2.1 provides an example of a CNN architecture designed
for image classification.

In a CNN model, the input data is structured across three dimensions: height, width, and
depth (which represents the number of channels) or nxmxr where n=m. For example, in
an RGB image, the depth r is equal to three. Each Convolutional Layer consists of multiple

12
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Figure 2.1: CNN model [22].

kernels £ (filters) with the same dimensions as the input image where they are of size
n*nx*q, 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 %) as shown in Figure 2.2.

The Convolutional Layer conducts a mathematical operation by taking the dot product
between the input and its weights, and subsequently applies a nonlinearity or activation
function (Formula (2.1)).

Y = f(wh -z + b (2.1)

where h* are the features maps got by for each convolution operation of size m — n — 1.
Subsequently, the sub-sampling layers downsample each feature map By using a Pooling
function (like Max or Average Pooling), you aggregate information from neighboring re-
gions of a defined length p, that is, of size p * p. This reduces the network parameters,
speeds up training, and helps address overfitting as shown in Figure 2.3.

The fully connected (FC) layers take the extracted mid- and low-level features and trans-
form them into higher-level abstractions, resembling the operation of a traditional 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 2.4.

2.2.1 Advantages and Limitations of CNN

Advantages

[23] mentioned that CNNs offer several advantages that render them potent tools for an-
alyzing both visual and sequential data. One primary strength lies in their capacity to
acquire hierarchical representations of input data, wherein higher-level features are con-
structed atop lower-level features. This capability enables the model to discern intricate
patterns within the data and yield precise predictions.

Furthermore, CNNs possess the capability to accommodate inputs with varying sizes and
aspect ratios. This adaptability stems from the Convolutional Layers ability to discern fea-
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Figure 2.2: The process of Convolution [22].

tures that exhibit translation invariance, allowing recognition of patterns irrespective of
their location within the input. Additionally, the integration of Max-Pooling layers aids in
Downsampling the input, facilitating the handling of diverse input sizes and aspect ratios.

Another notable advantage of CNNss lies in their adeptness at generalization to novel data,
signifying their ability to make accurate predictions on previously unseen data. This propen-
sity arises from the models acquisition of task-relevant features rather than memorization
of specific instances from the training data. Additionally, leveraging transfer learning can
further enhance model accuracy by transferring knowledge from pre-trained models to new
tasks, thereby mitigating the need for extensive training data.

Limitations

While CNNs offer numerous benefits, they also present certain limitations that warrant
consideration during their usage as state in this work [23]. One drawback is their depen-
dency on sizable labeled training datasets for optimal performance. Due to the vast number
of parameters in CNNs, extensive data variation is necessary to prevent overfitting, a pro-
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Figure 2.4: Fully connected layer [22].

cess that can be arduous and costly, particularly for tasks demanding detailed classification
or segmentation.

Moreover, CNNs can exhibit sensitivity to the quality of training data, especially in the
presence of noise or biases. If the data contains artifacts, the model might prioritize learning
these nuances over the underlying patterns, underscoring the importance of meticulous
curation and preprocessing to ensure data fidelity.

Additionally, the computational demands of training and evaluating CNNss, especially for
complex architectures, can be substantial. With their reliance on ample memory and pro-
cessing power, training large CNNs may pose challenges. However, advancements in hard-
ware and software have facilitated training on single or multiple GPUs, alongside the de-
velopment of techniques like model pruning and compression to mitigate computational
burdens.

Lastly, while CNNs excel in various tasks, they may not always be the most suitable choice.
For instance, if the input data follows a different structure, such as graphs or trees, al-
ternative Neural Network architectures like Graph Neural Networks or Recursive Neural
Networks might be preferable. Similarly, tasks necessitating reasoning over symbolic or
logical representations may benefit from models like Rule-Based or Logic-Based systems.
Thus, selecting the appropriate model architecture should be guided by the specific require-
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ments of the task at hand.

2.3 The Difference between Context Information and Fea-

ture Enhancement

The following table shows a comparaison between methods often repeated in various works
which Deep Learning models for Semantic Segmentation based on them, we should men-
tion here that the methods listed below depend on labeled data, so they are supervised
learners :

Aspect Context Information Feature Enhancement

Definition Broader understanding of scene, | Improving feature quality by lever-
including spatial relationships and | aging semantic and spatial infor-
global context mation from different layers

Focus Providing complementary infor- | Enhancing model’s ability to cap-
mation beyond pixel-level appear- | ture both semantic and spatial de-
ance tails

Mechanisms | Context aggregation modules, | Skip connections, feature recalibra-
multi-scale feature fusion tion (e.g, attention mechanisms),

adaptive feature selection

Usage Incorporating global context fea- | Improving feature richness for ac-
tures, spatial relationships between | curate segmentation
objects

Table 2.1: Comparison between context information and feature enhancement techniques.

2.4 Common Deep Network Models for Semantic Seg-

mentation

2.4.1 General Overview of Techniques Used for Semantic Segmen-
tation

Deep learning methods, particularly CNNs, have achieved remarkable success in various
high-level computer vision tasks. These tasks include image classification and object de-
tection, where supervised approaches utilizing CNNs have demonstrated superior perfor-
mance. This success has spurred interest in leveraging deep learning techniques for pixel-
level labeling tasks like Semantic Segmentation.

One of the primary advantages of deep learning models is their capacity to automatically
learn meaningful feature representations directly from data. Unlike traditional methods
that rely on hand-crafted features requiring domain expertise and extensive fine-tuning,
deep learning models can learn these representations in an end-to-end fashion. This means
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that the model learns to extract relevant features for the specific task, such as pixel labeling,
without the need for manual feature engineering. This capability greatly simplifies the de-
velopment process and often leads to improved performance on diverse datasets. There are
various methods which have managed to perform the segmentation task and then consid-
ered as state-of-the art solutions, we will not discuss all of them (Figure 2.5 visualise some of
the methods will be not discussed listed in ’A Review on Deep Learning Techniques Applied
to Semantic Segmentation’ (- A. Garcia-Garcia & al. - 2017) ), we will select few of them
which considered as relevant and used frequently in the industry and academic realms.
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Figure 2.5: Visualization of methods didn’t mention on this chapter. Image got from [24]

2.4.2 AlexNet

AlexNet was the pioneering Deep CNN that won the ILSVRC-2012 with a TOP-5 test ac-
curacy of 84.6% while the closest competitor, which made use of traditional techniques
instead of deep architectures, achieved a 73.8% accuracy in the same challenge. The ar-
chitecture presented by Krizhevsky et al. [25] was relatively simple. It consists of five
convolutional layers, max-Pooling ones, Rectified Linear Units (ReLUs) as non-linearities,
three fully-connected layers, and dropout as shown on Figure 2.6.

2.4.3 ResNet (Residual Networks)

ResNet is a CNN architecture developed by Kaiming He et al. in 2015, initialy known as
RESNET50 which introduced the concept of residual connections (see Figure 2.7) to address
the problem of vanishing gradients in deep networks. The ResNet architecture consists of
multiple residual blocks, each of which includes multiple ConvLays and shortcut connec-
tions that bypass the ConvLays and add the original input to the output of the block. The
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Figure 2.6: The architecture of AlexNet taken from [25].

Fully Connected Layers use a softmax activation to output a probability distribution over
the possible classes. A large number of Semantic Segmentation methods make use of it as
their backbone, e.g, the DeepLab family and PSPNet, just to name but a few [23].

Resnets (see Figure 2.8) relie on Context information methodology. In the context of Se-
mantic Segmentation, it refers to the broader understanding of a scene beyond individual
pixel-level appearance. It encompasses spatial relationships, object interactions, and global
scene context, providing valuable cues for segmenting objects accurately. By analyzing
context, Semantic Segmentation models gain semantic awareness, allowing them to make
more informed decisions about the class labels of pixels based on their surrounding context.
Integrating context information enhances the model’s ability to understand the semantic
meaning of pixels within the context of the entire scene, leading to more robust and accu-
rate segmentation results.

Input ———

#

Weight layer (1) ‘

l

RelLU

%

Weight layer (m) ‘

RelLU

Figure 2.7: Residual connection [22].
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Figure 2.8: Resnet50 backbone architecture [26].

2.4.4 VGG Network

VGG (see Figure 2.9) is a CNN architecture developed by Karen Simonyan and Andrew Zis-
serman in 2014, which achieved state-of-the-art performance on the ImageNet dataset. The
VGG architecture consists of multiple layers of small 3 x 3 Convolutional Filters, followed
by Max PoolLays. The Fully Connected Layers use ReLU activation and dropout regular-
ization to prevent overfitting. There are different versions for VGG networks according to
the layer number, such as VGG-13, VGG-16, and VGG-19. They are also like ResNets, relie
on Context information methodology [23].

22 x 224 %3 X34 % 224 x G4

I 3 28 % 512 THTx512
S 4 1%1%4096 1% 11000
ﬂ convolution+RelT
A max pooling
: fully connected4+HRelL
soft max

Figure 2.9: VGG backbone architecture.The image is taken from [27]

2.4.5 Fully Convolutional Network (FCN)

Fully Convolutional Networks (FCNs) [28] played a crucial role in the transition from clas-
sification to segmentation, enabling end-to-end pixel-wise classification while preserving
spatial information through techniques like 1% 1 convolutions . This evolution from classi-

1A 1x 1 Convolution is a convolution with some special properties in that it can be used for dimensionality
reduction, efficient low dimensional embeddings, and applying non-linearity after convolutions. It maps an
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fiers to Semantic Segmentation reflects a deeper understanding and more nuanced analysis
of visual content, paving the way for applications ranging from autonomous driving to
medical imaging.

FCN (see Figure 2.10) stands out as one of the preferred models for Semantic Segmentation
tasks. A distinguishing feature of FCNs compared to traditional CNNs is the absence of
a Fully Connected Layer as the final layer. Instead, FCNs modify the number of output
channels through convolutional operations, facilitating the integration of information. This
design choice offers the advantage of enhanced flexibility in input size, as FCNs are not
constrained by the limitations imposed by Fully Connected Layers.

A significant challenge inherent in this architecture is the uniform use of padding across
all Convolution Layers. This choice aims to maintain the output image’s dimensions iden-
tical to the input image. However, this insistence on preserving full-resolution incurs a
considerable computational cost.

Reducing the number of layers could be a tempting solution, but it would severely compro-
mise performance.

Unlike classification tasks, where only the presence of a single object matters, Semantic Seg-
mentation demands preserving spatial information. Downsampling images through Pool-
ing, a common practice in classification, is unsuitable for segmentation tasks.

- “ Conv ﬂ&:nv ﬁ Conv ﬂ Conv ﬂargmax -
‘ — e e —» i
N J
2\

Input:
IxHxW

Scores: Predictions:
CxHxWwW HxW
Convolutions:

DxHxW

Figure 2.10: The architecture of FCN taken from [29].

There is also a variant of FCN that tackled the problem : Fully Convolutional Network
- with Downsampling and Upsampling inside the network (see Figure 2.11). In the initial
stages of the model, the authors employ a technique where they gradually decrease the clar-
ity of the image while creating detailed feature representations. With each convolutional
step, they enhance their comprehension of the image’s intricacies. While this method is
excellent for distinguishing between different classes effectively, it sacrifices precise spatial
information. To address this issue, they incorporate an Upsampling step following Down-
sampling (which includes Pooling and Strided Convolutions). This Upsampling phase amal-
gamates multiple lower-resolution images to generate a high-resolution segmentation map.

input pixel with all its channels to an output pixel which can be squeezed to a desired output depth. It can be
viewed as an MLP looking at a particular pixel location.
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2.4.5.1 Skip-Connections

In Fully Convolutional Networks (FCNs), Downsampling within the network significantly
reduces the input resolution, posing a challenge during the subsequent Upsampling phase
to accurately reconstruct finer details, even with advanced techniques like Transpose Con-
volution. Consequently, the output often appears coarse.

To address this limitation, the authors of [28] incorporate ’skip connections’ during the Up-
sampling stage from earlier layers proves beneficial. These connections allow the flow of
additional information from earlier layers to later ones by summing the corresponding fea-
ture maps. By blending fine-grained details with coarser representations, this approach en-
hances the network’s ability to delineate precise segmentation boundaries. Consequently,
the integration of both fine and coarse layers facilitates local predictions while preserving
nearly accurate global spatial structure (see Figure 2.13) .

Downsampling: Design network as a bunch of convolutional layers, with Upsampling:
Pooling, strided downsampling and upsampling inside the network! 277
convolution Med-res: Med-res:

D, x H/4 x Wi4 D, x H/4 x Wi4

Low-res:
D, x H/4 x Wi4

Input: High-res: High-res:

Predictions:
3xHXW D xH2xWe2 D, x HI2 x W2 W

Figure 2.11: The architecture of FCN with Upsampling and Downsampling. The image taken
from [29].

2.4.5.2 Upsampling techniques

Upsampling techniques are crucial in tasks such as image segmentation, where the resolu-
tion of feature maps needs to be increased to match the original input image’s dimensions.
Here are some commonly used Upsampling methods (see Figures 2.12) :

« Max-UnPooling : From [30], Max UnPooling improves upon traditional Pooling
methods (Nearest Neighbor for instance) by capitalizing on the symmetry inherent
in Downsampling-Upsampling Networks. In these networks, each Downsampling
layer corresponds to an Upsampling layer. Instead of using fixed cells like tradi-
tional methods, max unPooling selects the maximum value from each region in the
Downsampling layer and fills the corresponding cell in the Upsampling layer with
that value. This approach efficiently preserves crucial features, contributing to the
network’s overall performance.

+ Deconvolution : From [30], UnPooling layers make the feature maps bigger but
not very detailed, while Deconvolutional Layers make them both bigger and more
detailed. Unlike regular layers, which combine lots of information into one output,
Deconvolutional Layers spread out one piece of information into many outputs. This
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makes the maps denser, with edges that match the size of the previous unPooling
layer. The filters in Deconvolutional Layers help rebuild the shapes of objects in the
image. They start with the big shapes and add in smaller, more specific details as they
go along. This helps the network understand different shapes better, which is really
important for tasks like finding objects in pictures.
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Figure 2.12: Illustration of Deconvolution and UnPooling operations from [30].
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Figure 2.13: A netowrk with skip connection in place from [28].

2.4.6 U-Net Model

U-net is a Neural Network architecture primarily designed for image segmentation. Most
convolutional networks are designed for whole-image classification, lacking pixel-level
context information necessary for medical image analysis. U-net addresses this limitation
and significantly improves medical image segmentation performance. It builds upon the
concept of fully convolutional networks and was introduced by Ronneberger et al. in 2015.
The U-net implementation surpassed previous state-of-the-art methods, winning the ISBI
cell tracking challenge in 2015 and achieving superior performance in the ISBI 2012 chal-
lenge, U-net relies on what is known feature-enhancement-based methods [31].

2.4.6.1 Architecture Overview

The basic U-net network (see Figure 2.14) consists of two main components: the contracting
path and the expansive path. In the contracting path, a typical CNN architecture is used
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like a Resnet, where each block includes two consecutive 3x3 convolutions followed by a
ReLU activation and a max-Pooling layer. This process is repeated several times to extract
hierarchical features from the input image, but fully-connected layers that make up the
classification head are not used, rather it followed up directly by the expansive path. The
deeper is the contracting path, the resolution of the feature maps are more smaller but the
channel dimension get more wider, that’s the case in the existant variants of U-net.

The expansive path is where the U-Net architecture stands out. Here, the feature map un-
dergoes upsampling using 2x2 up-convolutions. Concurrently, the corresponding feature
map from the contracting path is cropped and merged with the upsampled feature map
through concatenation. This merging enables the network to integrate high-resolution
features from the expansive path with contextual information captured by the contract-
ing path. Following concatenation, two successive 3x3 convolutions with ReLU activation
refine the features.

In the final stage of U-net, a 1x1 convolution is added to reduce the feature map to the re-
quired number of channels, which produces the segmented image. The cropping operation
during the expansive path is crucial because it discards pixel features from the edges, which
contain minimal contextual information. This U-net architecture takes the form of a "U;"
which facilitates the propagation of contextual information throughout the network, en-
abling the segmentation of objects in a given area using context from a larger overlapping
region.

2.4.6.2 Real World Applications

U-net offers several notable advantages, especially in the field of segmentation where la-
beled data is often limited. One key advantage is its ability to generate detailed segmen-
tation maps even with a small number of training samples. This is accomplished through
techniques like random elastic deformation, which enables the network to learn variations
and generalize well without relying on additional labeled data.

Additionally, U-net addresses the challenge of segmenting touching objects of the same
class. It achieves this by utilizing a weighted loss function that penalizes the model for
ineffective separation, ensuring accurate segmentation results.

Another advantage of U-net is its faster training compared to many other segmentation
models. This is attributed to its context-based learning approach, which allows the network
to leverage contextual information effectively and learn efficiently during the training pro-
cess. While initially introduced for biomedical image segmentation, the versatility of U-Net
extends beyond its original application. Over time, U-Net has been employed in a diverse
range of tasks across various domains. For exemple, satellite and aerial imagery analysis,
autonomous vehicles and others applications [32, 33, 34].

2.4.7 Linknet Model

LinkNet [35] is a Neural Network architecture designed for Semantic Segmentation tasks.
It features an encoder-decoder structure, with ResNet18 used as the encoder for feature ex-
traction. Linking each encoder layer to its corresponding decoder output facilitates efficient
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Figure 2.14: Unet model [31].

spatial information recovery, resulting in real-time operation and competitive performance.

2.4.7.1 Architecture Overview

The architecture of LinkNet , depicted in Figure 2.15, consists of an encoder-decoder struc-
ture. The encoder, situated on the left side of the network, commences with an initial block
that convolves the input image with a 7x7 kernel and stride of 2, followed by spatial max-
Pooling with a 3x3 area and stride of 2. Subsequently, residual blocks, denoted as encoder-
block (i), are employed for feature extraction. Similarly, decoder-blocks are utilized in the
decoder section of the network. Each encoder layer’s input is also directly linked to its
corresponding decoder output, facilitating the recovery of spatial information lost during
Downsampling operations. This innovative linking mechanism, in conjunction with the
sharing of knowledge between encoder and decoder layers, enables the decoder to operate
efficiently with fewer parameters. Unlike traditional segmentation architectures, LinkNet
employs trainable parameters to link encoder and decoder layers, enhancing spatial infor-
mation recovery and overall network efficiency for real-time operation.

2.4.8 FPNet Model

FPNet, or Feature Pyramid Network [36] is a Neural Network architecture designed to ex-
tract features at multiple scales from images, facilitating tasks like object detection and
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Figure 2.15: Linknet architecture [35].

segmentation by integrating high-level semantic information across different resolutions.

2.4.8.1 Architecture Overview

The aim of the authors is to utilize the hierarchical feature structure of ConvNets(another
naming refered to CNNs), constructing a Feature Pyramid Network (FPN) that integrates
high-level semantics across multiple scales. FPN is adaptable for various tasks, with a focus
here on sliding window-based proposal generators (Region Proposal Network, RPN) and
detectors that operate on regions (Fast R-CNN), while also extending to instance segmen-
tation proposals. The method operates on single-scale images of arbitrary sizes, producing
proportionally sized feature maps at multiple levels in a fully convolutional manner. This
architecture includes a bottom-up pathway, a top-down pathway, and lateral connections.
The bottom-up pathway involves the feedforward process of the backbone ConvNet, creat-
ing hierarchical features at various scales. The top-down pathway upscales coarse features
from higher levels of the pyramid and integrates them with bottom-up features through
lateral connections. Consistency in feature dimensions across all pyramid levels is main-
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tained by shared classifiers or regressors. The authors maintain simplicity in design, with
empirical findings demonstrating robustness to various architectural choices. While more
sophisticated blocks yield marginal improvements, thier focus remains on simplicity and
efficiency (see Figure 2.16).

Figure 2.16: FPNet architecture [36].

2.4.9 PSPNet Model

PSPNet, or Pyramid Scene Parsing Network [37] is a Semantic Segmentation model that
utilises a pyramid parsing module (or Pyramid Pooling Module) that utilizes global context
information through region-based context aggregation, combining local and global cues to
enhance the reliability of the final prediction.

2.4.9.1 Pyramid Pooling Module (PPM) :

At the heart of PSPNet lies the Pyramid Pooling Module (PPM), a pivotal component de-
signed to consolidate contextual information across various scales. The PPM partitions the
input feature map into distinct regions of interest (ROIs) and employs Pooling operations
to gather features from each ROI at diverse scales. This multi-scale aggregation enables
the network to encompass both local and global context, significantly enhancing its capa-
bility to discern intricate spatial relationships within the input scene. As a result, PSPNet
achieves heightened segmentation accuracy by effectively integrating information from
different scales, thereby facilitating more comprehensive scene understanding and precise
pixel-wise predictions.

2.4.9.2 Architecture Overview

PSPNet, illustrated in Figure 2.17, is founded on the Pyramid Pooling Module (PPM), a core
element of its architecture. The workflow begins with an input image (Figure 2.17a), pro-
cessed by a CNN model which is a pretrained ResNet model leveraging the dilated network
strategy® to yield a feature map (Figure 2.17b), downscaled to one-eighth the size of the

“Dilated Convolutions are a type of convolution that “inflate” the kernel by inserting holes between the
kernel elements. An additional parameter [ (dilation rate) indicates how much the kernel is widened. There
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input image. Atop this map, the pyramid Pooling module (Figure 2.17c) strategically inte-
grates contextual information. Utilizing a four-level pyramid, Pooling kernels span various
portions of the image, amalgamating them into a global prior. This prior is then concate-
nated with the original feature map in the latter part of Figure 2.16c, followed by a con-
volution layer generating the final prediction map (Figure 2.17d). PSPNet furnishes a po-
tent global contextual prior for pixel-level scene parsing, with the pyramid Pooling module
adept at capturing hierarchical levels of information, surpassing the representational capa-
bilities of global Pooling. Notably, PSPNet maintains computational efficiency against FCN
(as it is mentioned in the original article), and in the realm of end-to-end learning, optimiza-
tion of the global pyramid Pooling module and the local FCN feature occurs concurrently.

[ —fowl=@
o .
o -] §)-E-f] [
- S =
CONCAT
: | [
(a) Input Image (b) Feature Map (¢) Pyramid Pooling Module (d) Final Prediction

Figure 2.17: PSPNet architecture [37].

2.4.10 Transformers & Attention Models

The Transformer model, introduced by Vaswani et al. in 2017 [38], has garnered significant
attention and utilization across a range of domains, including natural language process-
ing (NLP) [39, 40], computer vision (CV) [41]. Initially conceptualized as a sequence-to-
sequence model by Sutskever et al. in 2014 for machine translation, the Transformer has
since found extensive application and adoption in various fields. Transformers have be-
come the preferred architecture in NLP and computer vision, surpassing Recurrent Neural
Network (RNNs) [42] as the typical model to process sequential data due to their ability to
address the vanishing gradient problem. Unlike RNNs, Transformers have parallel process-
ing capabilities and no recurrent connections, allowing gradients to flow directly through
the network during backpropagation. This results in faster training times and the ability
to train larger models. Additionally, the self-attention mechanism in Transformers enables
them to focus on different parts of the input sequence, regardless of their distance apart.
This ability to handle complex patterns and long sequences is crucial for tasks that invloves
processing sequential data as texts, images and videos.

2.4.10.1 Architecture of Transformers

The vanilla Transformer is a sequence-to-sequence model that includes both an encoder
and a decoder. Each component, the encoder and decoder, is constructed using multiple

are usually [ — 1 spaces inserted between kernel elements.
Note that concept has existed in past literature under different names, for instance the algorithme a trous,
an algorithm for wavelet decomposition (Holschneider et al., 1987; Shensa, 1992).
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Figure 2.18: The Transformer model [38]

identical stacked blocks (see Figure 2.18).

In the encoder, each block primarily consists of a multi-head self-attention module and a
position-wise feed-forward network (FFN). To create a deeper model, residual connections
are utilized around each module, followed by Layer Normalization. These blocks enable the
encoder to process effectively the input sequence. In the decoder, cross-attention modules
are introduced between the multi-head self-attention modules and the position-wise FFN.
This integration enables the decoder to utilize information from the encoder’s output as it
processes inputs. Additionally, the self-attention mechanisms in the decoder are adjusted
to restrict each position from attending to subsequent positions, thereby ensuring correct
sequential generation.

Attention modules

The Transformer architecture [43] incorporates attention mechanism using the Query-Key-
Value (QKV) model. It utilizes scaled dot-product attention, where the dot-products of
queries and keys are normalized by dividing them by the square root of the dimension.
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This approach helps mitigate the issue of vanishing gradients (Formula (2.2)).

Attention(Q, K, V') = Softma (QKT) 1% (2.2)
€ , 1L = X : .
vV Dy,

where the Queries () are matrices () € RY*Pk, the Keys K are matrices K € RM*DPk and
the Value V' are matrices V € RM*P» N and M denote the lengths of queries and keys
(or values); Dy, and D, denote the dimensions of keys (or queries) and value, v/D;, helps to
alleviate gradient vanishing problem of the softmax function.

In addition to single attention function, Transformer utilizes multi-head attention D,,. It
transforms the original queries, keys, and values into distinct dimensions (respecitevly Dy,
D, and D,) and calculates attention for each transformed projection, and concatenates the
outputs for further projection , back to D,,,. The whole process is given by Formula (2.3).

MultiHeadAttention(Q, K, V) = Concat (heady, ..., heady) - W° (2.3)
where head; = Attention (wa?, KWK, VW}’)) (2.4)

There are three types of attention in Transformer:
1. Self-attention : In the Encoder.

2. Masked Self-attention : In the Transformer decoder , it’s known under autoregres-

sive or causal attention, a type of self-attention, imposes a restriction by applying a
mask function to the unnormalized attention matrix A(Q, K,V) = Softmaz (%) .

In this approach, certain positions(¢ < j) are masked out by setting their correspond-
ing values to —oo, so the model cannot "cheat" by looking ahead at future information.

3. Cross-attention : In the attention mechanism, queries are projected based on the
outputs of the preceding layer in the decoder. Meanwhile, keys and values are pro-
jected using the outputs from the encoder.

Position-wise FFN
The position-wise FFN is simply a fully connected feed-forward module that operates sep-
arately and identically on each position (Formula (2.5).

FEN(H') = Relu (H'W + b) + W? (2.5)

where : W € RP»*DPr and W € RPs*Pm are the weights, whereas b € RPf and b € RPm
are the bias. Together form the parameters of FFN module.

Residual connection and normalization
Each Transformer encoder module uses residual connection [44], followed by Layer Nor-
malization [45], the process is expressed by (2.6) and (2.7).

H’ = LayerNorm (SelfAttention(z) + x) (2.6)

H = LayerNorm (FEN(H') + H') (2.7)
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Position encodings
It helps to annotated the position and the ordering of each token in each sequence at the
input of the decoder, it’s like a contextuel embedding.

2.4.10.2 Use cases of Transformer
The transformer can be used as :

1. Encoder_Decoder : the whole architecture is used in Sequence-To-Sequence mod-
eling like BART [46] and T5 [40].

2. Encoder only : where the outcome results of the encoder is only needed , and it’s
often used for Sequence Understanding and for input sequence representation for
instance like Bert [47] and RoBerta [48].

3. Decoder only: This is generally used for sequence generation like GPT3 [49].

2.4.10.3 Variants of Transformer

Since Transformers model has gained a wide sucess in natural language processing (NLP)
tasks, researches were motivited to invistigate a way further research in other domains,
including computer vision. However, there was a challenge to represent an image sequen-
tually and perserve the spatial domaines between pixels, which makes a quadratic cost for
the operation [41].

Several years later, researchers found a potential solution by dividing images into patches,
converting each patch into a vector, applying a linear transformation, and treating these
vectors as embedded words. This approach allowed them to leverage the power of Trans-
formers for image recognition tasks. The original paper titled "An image is worth 16x16
words: Transformers for image recognition at scale" introduced the architecture known as
Vision Transformer (ViT) (see Figure 2.19) [50].

The ViT architecture consists of multiple Transformer encoder-layers stacked together.
Each encoder-layer processes the input image patches, allowing the model to capture spa-
tial dependencies and learn meaningful representations for image recognition. By adapting
the Transformer framework to images, researchers were able to achieve impressive results
in various computer vision tasks, such as Image Classification, Object Detection, and Im-
age Generation and Semantic Segmentation recently since the transformers architecture,
maintain the spatial information throughout the network as CNN’s do [51].

Another model was inspired from the ViT : It’s the MT-U-net (Mixed transformer U-net)
[52].

Mixed Transformer U-Net (MTU-Net) is a deep learning model originated for medical image
segmentation that combines the strengths of CNNs and transformer networks. It is based on
the popular U-Net architecture, but incorporates transformer layers to enhance the model’s
ability to capture long-range dependencies and contextual information.

The proposed Mixed Transformer U-Net (MT-UNet) (see Figure 2.20) consists of an encoder-
decoder structure with skip connections. The encoder is composed of a series of convolu-
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Figure 2.19: The Vit model [50]

tional layers followed by Transformer modules. The decoder is composed of a series of
transposed convolutional layers followed by Transformer modules. The skip connections
connect the corresponding layers in the encoder and decoder, allowing the model to learn
features at different scales.

The Transformer modules in MT-UNet are based on the Mixed Transformer Module (MTM).
MTM consists of two main components: Local-Global Gaussian-Weighted Self-Attention
(LGG-SA) and External Attention (EA). LGG-SA is designed to capture local and global
dependencies in the input data. EA is designed to capture dependencies between different
samples in the dataset.

LGG-SA: Captures local and global dependencies in the data by dividing the data into local
windows, applying self-attention to each window, and then aggregating the results.

EA: Captures dependencies between different samples in the dataset by creating a set of
memory vectors, computing attention weights for each sample, and then aggregating the
features from the different samples.

2.4.11 Generative Models

Generative models, such as VaEs, GANs, Flows, and Diftusions, learn to approximate the
data distribution by iteratively adjusting their internal parameters. They generate new data
samples by transforming random noise, essentially learning to map this noise to meaningful
data representations. In essence, these models capture the underlying structure of the data
distribution and produce realistic samples by sampling from this learned distribution.

we will delve into VaE’s and Flows for the scope of the study, but we will give here a brief
definitions of what are GANs and Diffusions.

GAN:Ss or Generative Adversarial Networks, introduced by Goodfellow et al. in 2014, oper-
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Figure 2.20: Detailed structure of the proposed Local-Global Gaussian-Weighted Self-
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onjen

]

ey

Kang

| i £

ate as a two-player game between a generator and a discriminator. The generator creates
synthetic data samples, while the discriminator’s task is to differentiate between real and
generated samples. Through adversarial training, the generator improves by fooling the
discriminator, while the discriminator improves at distinguishing real from fake data. As
training progresses, the generator becomes adept at generating realistic samples, reaching a
point where the discriminator can no longer reliably distinguish between real and synthetic
data [53].

Diffusions models inspired by non-equilibrium thermodynamics and introduced by Ho,
Jain, and Abbeel (2020), learn the latent structure of data by simulating the gradual diffusion
of data points in space. These models utilize diffusion probability models to synthesize high-
quality images by capturing the intricate relationships between data points over time. By
effectively modeling the diffusion process, these models excel at generating realistic and
diverse samples from complex datasets [53].

2.4.11.1 Convolutional AutoEncoder (CAE)

[54] mentioned that Convolutional Autoencoders (CAEs) (see Figure 2.21) leverage convo-
lution and Pooling operations from CNNss to preserve the two-dimensional spatial structure
of images. Unlike traditional autoencoders, which process images as one-dimensional vec-
tors, CAEs encode and decode input data using convolution, extracting local features and
reducing dimensionality through deconvolution. This architecture combines the benefits of
CNNs and autoencoders, utilizing shared weights and a loss function akin to regularization
autoencoders, resulting in improved feature extraction and reconstruction of image data.
The loss function is given in Formula (2.8) :

Jeae(0) = J(X, Xa) + A[W]3 (2.8)

2.4.11.2 Variational AutoEncoder

A variational autoencoder (VaE) [56] is a Neural Network designed to learn a condensed
representation of input data by encoding it into a lower-dimensional latent space and sub-
sequently reconstructing the original data from thiscompressed representation. Unlike tra-
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Figure 2.21: Convolutional AutoEncoder architecture [55].

ditional autoencoders, VaEs employ a probabilistic approach during the encoding and de-
coding 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 workby Kingma and Welling in 2013 introduced the
concept of VaEs and their probabilistic nature

VaE architecture

Autoencoder Neural Networks consist of an encoder and a decoder. The encoder learns to
transform the input sequence into a latent space, and the decoder reconstructs the original
input sequence. Vanilla autoencoders typically lack regularity in the latent space, which
complicates interpolation for missing data points (see Figure 2.22).

Input Image Reconstructed Image

Encoder Decoder

Latent Space

_______-_____'-—. Faix
x ge(2 | x) { E . x>
— >

Standard Devaition

&

T Reconsiruction Loss + KL Divergence

Figure 2.22: VaE model [56].
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Variational autoencoders (VaEs) address this by introducing KL diver- gence regularization.
The VaE encoder (E) maps data to vectors 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 (). Both Lprior
(Formula (2.9)) and Lreconstruction (Formula (2.10)) 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.

LPrior = DKL(E(ZE)HN(O, 1)) (2-9)

Lreconstruction = Lprior + |i‘ - 37|2 (210)

2.4.11.3 Conditional Normalizing Flow (CNF)

CNFs work by conditioning the entire generative process on input data, known as condi-
tioning data. This allows them to learn the conditional distribution of the data given the
conditioning data.

Mathematically, a CNF model can be represented as follows: p(z|y) = p(f(z|y))*|det(df /dx)|
where :

« x and y are two random variables

« p(x) and p(y) are their respective probability density functions. df /dx is the Jacobian
matrix of the transformation from x to y

This formula shows that the probability density function of y can be obtained by trans-
forming the probability density function of x and multiplying by the absolute value of the
determinant of the Jacobian matrix.

CNFs use this formula to transform a simple base distribution p(z) into a more complex
distribution p(z|y) by applying a sequence of invertible transformations f. The Jacobian
matrix of each transformation is computed efficiently, and the product of all the Jacobians
gives the determinant of the overall transformation f.

Mathematical Assumptions of Conditional Normalizing Flow Models
Conditional Normalizing Flow (CNF) models make the following mathematical assump-
tions [57]:

« Invertibility : The sequence of transformations f used to define the CNF must be
invertible. This means that for every transformation f; in the sequence, there exists
an inverse transformation f; ! such that f;'(fi(x)) = z and f;(f; '(y)) = v.

- Efficient Jacobian computation : The Jacobian matrix of each transformation f;
must be efficiently tractable [58]. This is necessary for calculating the determinant
of the overall transformation f, which is used to compute the probability density
function of the data = given the conditioning data y.
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« Base distribution : The base distribution p(z) must be a simple distribution for
which the probability density function can be easily computed. Common choices for
the base distribution include the standard normal distribution.
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Figure 2.23: Normalized Flow model [59].

2.4.12 Semi-Supervised Learning

Semi-supervised learning (SSL) is a type of learning that falls between supervised and un-
supervised learning. In SSL, the algorithm is provided with some labeled data, but not
necessarily for all examples. Often, the labeled data will consist of the targets associated
with some of the examples [60].

In the standard setting of SSL, the data set X = (z;)!_; can be divided into two parts:
« The points X; = (x4, ..., x;), for which labels Y; = (y1, ..., y;) are provided.
« The points X, = (2141, .-, Ti4u ), the labels of which are not known.

SSL algorithms can use the labeled data to learn a model that can predict the labels of the
unlabeled data. This can be done by using the labeled data to learn a mapping from the
input data to the output labels. The mapping can then be used to predict the labels of the
unlabeled data.

With the advent of deep learning techniques has significantly enhanced the quality of seg-
mentation outcomes, much like it has revolutionized numerous other computer vision chal-
lenges, where there are some studies have been carried out on semantic segmentation based
on semi-supervised Deep Learning methods including Generative methods and some other
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techniques like data augmentation which have shown satisfactory results [pelAgezvegas2023survey,
61].

The existant seismic salt domes’s dataset are known for its class imbalance between salt
and non-salt images, and for the non-abondance of them. Few works proposed solutions to
evercome this issues, we mention :

+ The authors introduce a semi-supervised approach for segmenting salt bodies in seis-
mic images [62]. In this method, the labeled dataset contains seismic images anno-
tated with the locations of salt bodies, while the unlabeled dataset comprises seismic
images that lack such annotations.
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Figure 2.24: Multi-phase Self training [62].

The proposed method uses an ensemble of CNNs to reduce error amplification in the
self-training process. Self-training involves utilizing the model itself to assign labels
to unlabeled data. The model is then retrained on the combined dataset of labeled and
unlabeled data. Error amplification is a problem that can occur in self-training when
the model makes mistakes on the unlabeled data. These errors can subsequently affect
the labeled data, potentially reducing the accuracy of the model.

The authors obtained top-performing results on the TGS Salt Identification Challenge
dataset.

+ The proposed methodology [63] involves training two generative models: a Varia-
tional Autoencoder (VaE) to generate salt body masks and a Conditional Normaliz-
ing Flow (CNF) to generate seismic image patches conditioned on the masks. The
VaE is trained on dataset masks to learn their distribution, while the CNF is trained
on pairs of masks and image patches to learn the conditional distribution of patches
given masks. To generate data augmentation samples, the VaE is used to sample salt
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masks, which are then used as input to the CNF to generate corresponding seismic
image patches. This approach allows for the generation of realistic and diverse sam-
ples that can be used to augment training data for Semantic Segmentation of salt

bodies.

z~ N0, )—— vaE —— % o P

Figure 2.25: VaE-CNF model [63].

2.5 Metrics for Semantic Segmentation

For the task of Semantic Segmentation, we use various metrics for evaluating the efficiency
and the accuracy for some real world application. For clarity in our explanation, we use the
following notation: we consider a total of k + 1 classes (ranging from L to Ly, including
a void or background class). Here, Y;; denotes the number of pixels from class ¢ that are
predicted to belong to class j. Specifically, Y;; indicates the number of true positives (TP),
whereas Y;; and Y}, are typically regarded as false positives (FP) and false negatives (FN),
respectively (although they can also represent the sum of both false positives and false
negatives). We demonstrate the popular ones:

2.5.1 For Accuracy

« Intersection over Union (IoU) : IoU means the rate between the intersection and
union which means it is equal to TP/(T P + F P + FN) where TN stands for true
negative.The equation below is for Mean IoU across all classes (2.11):

MIoU =
’f+1ZE’“ Y+ 5o Yii — Ya

i=0 Zaj=0"1j j=0 " Ji

(2.11)

 Pixel Accuracy (PA) : it is the simplest metric, simply computing a ratio between
the amount of properly classified pixels and the total number of them. The equation
below is across all classes known as MPA (2.12):
k

1 Y.
Mean Pixel Accuracy = . 2.12
! k+1 22:1: 25:1 Y;j ( :

« The Dice Similarity Coefficient (DSC) : The dice Coefficient (DSC),one of the com-
mon methods for evaluating segmentation results, indicates a level of similarity be-
tween the reference (manual segmentation) and segmented result ( (Raina et al., 2023).
The formulation of DSC is given by (2.13):

2|AN B
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« The Hausdorff distance (HD) : HD is metric represents the spatial distance between
two point sets. HD is defined as follows (2.14):

HD(A, B) = max {sup inf d(a, b),sup inf d(b, a)} (2.14)
acA bEB peB a€EA

where d(a, b) is the distance metric between points a and b, and A and B are sets of

points.

« The Mean Absolute Distance (MAD) : MAD is a measure of the average distance
between each data point and the mean of the data set. 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. It is given as follows (2.15):

1

MAD(A,B) = A 2 min d(a,b) (2.15)

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

2.5.2 For Efficiency

« Model complexity : Model parameters and Floating Point Operations (FLOPs) are
commonly used metrics to assess model complexity. Typically, models with a high
number of parameters and FLOPs exhibit lower implementation efficiency. Impor-
tantly, these metrics are not influenced by the implementation environment.

« Implementation speed : is another crucial factor for evaluating a model’s efficiency.
Metrics such as runtime and Frames Per Second (FPS) are commonly used for this
purpose. However, it is important to note that these metrics are influenced by the
hardware and software environment.

2.6 Common Challenging Issues

2.6.1 Balance between Accuracy and Efficiency

Efficiency and accuracy are two fundamental metrics used to evaluate the performance of
various algorithms and models in machine learning and computer vision tasks, such as
Semantic Segmentation.

Effeciency refers to how quickly or resourcefully a model can perform its task. In Semantic
Segmentation, efficiency can be measured in terms of computational resources (such as
memory and processing power) and time required to process an image. A more efficient
model can achieve satisfactory performance with fewer computational resources and faster
processing times.

Accuracy refers to how close a model’s predictions are to the true values or labels in a
dataset. In the context of Semantic Segmentation, accuracy measures how accurately the
model assigns each pixel in an image to its corresponding class or category. Higher accuracy
indicates that the model is making fewer mistakes in segmenting the objects in the image.
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[64] states that balancing accuracy and efficiency is crucial in practical applications. While
high accuracy ensures precise segmentation results, it often comes at the cost of increased
computational complexity and longer processing times, making it less suitable for real-time
or resource-constrained environments. Conversely, highly efficient models may sacrifice
some accuracy to achieve faster processing speeds or to be deployable on low-power de-
vices.

Finding the right trade-off between accuracy and efficiency depends on the specific re-
quirements of the application. In some cases, sacrificing a bit of accuracy for significantly
improved efficiency may be acceptable, while in others, the highest possible accuracy is
non-negotiable despite longer processing times.

2.6.2 Dependency on high-quality training data

High-quality training data are crucial for achieving accurate Semantic Segmentation. Yet,
obtaining such data, which require pixel-level annotation, is a laborious and time-consuming
task. This dependency poses a significant challenge in Semantic Segmentation. To address
this challenge, researchers have developed weakly- and semi-supervised methods, assum-
ing only low-quality training data are accessible. However, despite these efforts, the per-
formance of these methods still lags behind fully supervised approaches, highlighting the
need for further investigation.

2.6.3 Domain Gap across different datasets

The domain gap presents a significant challenge in Semantic Segmentation and related vi-
sion tasks. For instance, while PSPNet achieves an impressive 85.4% Mean Intersection over
Union (MIoU) on the PASCAL VOC 2012 dataset, its performance drops considerably to
44.94% MIoU on the more complex ADE20K dataset, which comprises 150 semantic classes
and intricate scenes. This disparity arises due to variations across datasets, including differ-
ences in category numbers, scene appearances, dataset sizes, object sizes, and other factors.
Consequently, these differences exacerbate the divide between heterogeneous domains. It’s
essential for researchers and developers to address the domain gap issue when applying Se-
mantic Segmentation techniques in practical vision applications .

2.7 Transfer Learning

Training a deep Neural Network from scratch is often impractical due to the need for
large datasets and lengthy convergence times. Even with sufficient data, using pre-trained
weights instead of starting from scratch is beneficial for faster convergence and better per-
formance. Fine-tuning pre-trained networks, a common transfer learning method, allows
for effective adaptation to new tasks. Yosinski et al. demonstrated that transferring features
from different tasks generally outperforms random initialization, though the effectiveness
decreases as task dissimilarity increases. However, transfer learning involves specific archi-
tectural constraints and adjustments in the training process. Typically, higher-level layers
are fine-tuned while lower-level layers, containing generic features, are less modified. A
smaller learning rate is often used to preserve the pre-trained weights. Due to the difficulty
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of acquiring extensive per-pixel labeled segmentation datasets, which are much smaller
than classification datasets like ImageNet , fine-tuning pre-trained classification networks
is a prevalent and successful strategy for segmentation tasks [24].

2.8 Conclustion

This chapter has provided a detailed exploration of Deep Learning architectures employed
in Semantic Segmentation. It has highlighted the evolution from classical image processing
techniques to sophisticated deep learning models specifically designed for pixel-level clas-
sification tasks. Throughout the discussion, various challenges and advancements in the
field have been examined, illustrating the continuous refinement and adaptation of these
models to achieve higher accuracy and efficiency in real-world applications. This review
underscores the pivotal role of Deep Learning in advancing Semantic Segmentation capa-
bilities and sets the stage for further exploration into future research directions.
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Semantic Segmentation of Salt Images
in The Literature

3.1 Introduction

Recent developments in Deep Learning have generated considerable interest in advancing
the analysis of salt dome seismic images. This chapter explores state-of-the-art Seman-
tic Segmentation techniques tailored for accurately delineating salt structures and other
geological features. By leveraging the power of artificial intelligence, these methods aim
to automate and optimize the interpretation process, offering profound implications for
hydrocarbon exploration and reservoir management. Through a concise review of cutting-
edge methodologies, this chapter provides insights into the evolving landscape of Deep
Learning applications in salt dome imaging, setting the stage for further advancements in
this critical field.

3.2 CNNs Based Models

CNN-based Semantic Segmentation methods have shown remarkable performance in de-
lineating salt dome structures in seismic images, leveraging their ability to capture complex
spatial features. These models excel at adapting to diverse imaging conditions and learning
from large datasets, leading to enhanced segmentation accuracy. However, challenges like
data scarcity and model generalization persist, warranting further research.

3.2.1 Robust Concurrent Detection of Salt Domes and Faults in Seis-

mic Surveys Using an Improved UNet Architecture
One of the most relevent work was proposed by M.Derriche & al. in 2020 [65], supported
by the Center for Energy and Geo Processing (CeGP) at King Fahd University of Petroleum

and Minerals. This paper introduces an innovative Semantic Segmentation method for
simultaneous detection of salt domes and faults in seismic surveys, employing an enhanced
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U-Net architecture. Here are the fundamental aspects of their methodology and the results
they have achieved:

Methodology :

+ The authors propose two variants of the U-Net architecture: UNet-VGG19 and UNet-
ResNet34, where the encoders are VGG19 and ResNet34 networks pre-trained on nat-
ural images from ImageNet dataset.

« Transfer learning is utilized by employing pre-trained encoders and fine-tuning them
on seismic data to mitigate the shortage of labeled seismic data.

+ The models are trained on a small dataset of 84 labeled seismic images (61 for salt
domes and 43 for faults) from the Netherlands offshore F3 block.

« Tohandle class imbalance, faults are manually thickened, and a balanced cross-entropy

loss function is used during training.

Experimental Results:

+ Qualitative Evaluation:

- Visualizations of the predictions on test images show accurate detection of salt
domes by all four networks (UNet-VGG19, UNet-ResNet34, and their counter-
parts trained from scratch).

— The pre-trained networks (UNet-VGG19 and UNet-ResNet34) accurately detect
most fault structures, while the networks trained from scratch struggle with
fault detection.

« Quantitative Evaluation:

The metrics employed include Precision, Recall, F1-score, and IoU (Intersection
over Union).

— The pre-trained networks achieve high accuracy for background and salt detec-
tion but lower performance for faults.

— UNet-VGG19: IoU of 0.6588 for faults and 0.9776 for salt domes.
— UNet-ResNet34: IoU of 0.5419 for faults and 0.9727 for salt domes.
— The basic U-Net model (baseline) shows good performance but misses most fault
structures (low recall).
Comparison with Other Works mentioned in the work

« Most existing works focus on single-event detection (either salt domes or faults) and
lack quantitative evaluation on real data.
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+ The proposed method surpasses the multiresolution approach in (M. Alfarraj et al.,
2018) for simultaneous detection, achieving IoU scores of 0.2656 for faults and 0.5261
for salt domes.

« For salt dome delineation, the proposed method achieves better segmentation results
compared to SegNet (Y. Shi and al. 2018) and U-Net (Y. Zeng and al. 2017) & Y. X.
Zhang and al. 2019) based methods, which either lack quantitative evaluation or show
poorer performance.

« For fault detection, the proposed method outperforms the U-Net based method in (S.
Li, C. Yang and al. 2019) (IoU of 0.500) and the CNN-based method in the work given
by A. Pochet and al. 2019 trained on synthetic data (F1-score of 0.80).

3.2.2 Using Deep Learning based methods to classify salt bodies in
seismic images

Another work, similar to the first one above, proposed by Muhammad Saif ul Islam (2020)
[66], the paper suggests employing a Deep Learning approach that combines U-Net with
SE-ResNet to automatically classify and delineate salt bodies in seismic images. Here are
the main aspects of their methodology and the results they have achieved:

Methodology :

« The U-Net architecture with modified ResNet blocks and addition of Squeeze-and-
Excitation Networks (SE-ResNet) is used.

« The model is trained in two stages: first, for 300 epochs using a blend of Binary Cross
Entropy (BCE) and Dice loss, and subsequently, for another 300 epochs with emphasis
on Lovasz loss to enhance the Intersection over Union (IoU) metric.

« Data preparation involves reading seismic images, converting to grayscale and numpy
arrays, normalizing pixel values.

« Stratified training/validation split is done based on salt coverage calculated from im-

age masks.

Experimentation Results:

« Quantitative Results :
— 10-fold cross-validation was performed with 600 epochs per fold.
— Average IoU score achieved was 0.842 on validation data using Lovasz loss
— With BCE + Dice loss, average validation IoU was lower at 0.819.

+ Qualitative Results:
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— Predicted salt masks on unseen validation data show the method is able to accu-
rately classify and segment the salt body regions (visualized in Figure 9 on the

paper).

Comparison with Other Works mentioned on the paper :

« Traditional methods relied on manually engineered seismic attributes, requiring ex-
pert knowledge.

« Earlier machine learning methods also utilized seismic attributes as input features.

+ The proposed Deep Learning approach operates directly on the raw seismic image
data, autonomously learning pertinent features throughout the training process.

+ The author didn’t perform a comparative table but it outperforms prior attribute-
based and traditional methods, achieving an IoU of 0.842 compared to Zeng et al.
(2019) 90% for example and to lower metrics reported in other studies (e.g. accuracy
of 96% in Shi et al. (2019)).

The paper mentioned that the classical methods can be abondent where we can eliminate
the need for manual seismic attribute extraction and expert guidance since DL methods now
show a better performance, and his work was an End-to-end learning of relevant features
from raw data.

3.2.3 Identification of Salt Deposits on Seismic Images Using Deep
Learning Method for Semantic Segmentation

Finally, another work was published by Aleksandar Milosavljevi’c (2020)[67], the paper
introduces a new deep CNN architecture tailored for semantic segmentation of salt deposits
in seismic images. Key aspects of their approach and the results obtained are as follows:

Methodology :

« The architecture is inspired by the U-Net model and integrates ideas from ResNet and
DenseNet architectures.

« It consists of three main block types: C-blocks with convolutional layers and skip
connections inspired by ResNet/DenseNet, D-blocks for downsampling, and U-blocks
for upsampling and concatenating feature maps.

+ The network was implemented in Python using the Keras library with TensorFlow
backend.

Experimental Results:
+ Quantitative Results :
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— The proposed architecture achieved a score of 0.85241 on the private TGS Salt
Identification Challenge leaderboard, ranking in the top 14% out of 3221 teams.

— In post-competition experiments, an ensemble of 5 models with the proposed
architecture (without dropout) achieved the best private score of 0.85219.

— It outperformed standard segmentation models like U-Net (0.84404), LinkNet
(0.84565), and PSPNet (0.81138) on the same data.

— The FPN model achieved the best public score of 0.83623, slightly better than
the proposed method’s 0.83181.

+ Qualitative Results:

— Visualizations show the proposed method producing accurate segmentation masks
on easier examples, comparable to other models.

— On more challenging cases with no salt present, the method (like others) tends

to incorrectly detect salt deposits.

Comparison with Other Works mentioned on the paper :

« Traditional methods used handcrafted features and texture analysis for seismic seg-
mentation.

« Recent works have applied Deep Learning, including CNN architectures like FCN,
DeconvNet, U-Net, SegNet for Semantic Segmentation.

« Some specifically tackled salt deposit identification using approaches like CNNs on
image patches, 3D CNNs on data cubes, ensemble methods, etc.

« The winning solution in the TGS challenge used an ensemble of ResNet/ResNeXt
encoders with skip connections, self-training, and achieved a higher score of 0.89646.

We expose below a comparaison table of Deep Learning Methods CNN based methods for
Salt Body Detection 3.1 :

Table 3.1: Comparison of Deep Learning Methods CNN based methods for Salt Body De-
tection

Aspect Paper 1 (Milosavlje- | Paper 2 (Islam) Paper 3 (Alfarhan et
vic) al.)

Methodology | U-Net-based architec- | U-Net architecture | Improved U-Net archi-
ture with modifications | combined with SE- | tecture with VGG19 or
inspired by ResNet and | ResNet blocks ResNet34 as encoder,
DenseNet (C-blocks, D- along with transfer
blocks, U-blocks) learning
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Table 3.1: Comparison of Deep Learning Methods CNN based methods for Salt Body De-
tection (continued)

Aspect Paper 1 (Milosavlje- | Paper 2 (Islam) Paper 3 (Alfarhan et
vic) al.)
Data Augmen- | Flipping, transla- | Grayscale conversion, | Not explicitly men-
tation tion, intensity scal- | normalization tioned
ing/shifting
Qualitative Visualizations of sam- | Visualizations of im- | Visualizations of salt
Results ple images, ground | ages, ground truth, and | dome and fault predic-
truth, and predictions; | predictions from pro- | tions; accurate detec-
struggles with some | posed and other meth- | tion in most cases
hard cases ods; accurate salt re-
gion identification
Quantitative IoU = 0.85241 on TGS | Average IoU = 0.84201 | Precision, Recall, F1-
Results Salt Identification | after 10-fold cross- | score, and IoU metrics
Challenge leaderboard | validation on TGS | for salt and fault de-
dataset; highest IoU = | tection; superior per-
0.85 with BCE + Dice | formance compared to
Loss and Lovasz Loss baseline U-Net
Pros Novel architecture, | SE-ResNet blocks, | Transfer learning, con-
comparison with | stratified train- | current salt dome and
standardized mod- | ing/validation  split, | fault detection, robust-
els, extensive data | exploration of loss | ness to event similari-
augmentation functions ties
Cons Struggles with hard | No detailed compari- | Limited information on
cases, no transfer | son with other models, | data augmentation and
learning mentioned limited data augmenta- | comparison with other
tion methods

3.3 Transformers and Attention Gates inspired models

Transformers or attention-based Semantic Segmentation methods have recently gained at-
tention for their ability to capture long-range dependencies and contextual information in
images. By incorporating self-attention mechanisms, these models can effectively weigh
the importance of different image regions, enhancing segmentation accuracy, particularly
in tasks involving complex structures like salt domes. Their capability to process global
context enables more informed decision-making, leading to superior performance in delin-
eating subtle features within seismic imagery.

3.3.1 Transformer Model for Fault Detection from Brazilian Pre-

salt Seismic Data

Let “icia Bomfim & al. from niversity of Campinas, Brazil proposed a transformer based
architecture to delineate salt domes seismical images (2023) [68], this work investigates
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using a transformer model called TransUNet for the task of fault detection from seismic
data of the Brazilian pre-salt region. Faults and fractures are important geological features
that can impact fluid flow and hydrocarbon reservoirs. The fundamental components of
their approach and the results they have attained are as follows:

Methodology :

« Used seismic amplitude and fault interpretation volumes from the Santos Basin pre-
salt area as input and target data.

« Preprocessed data by extracting 2D sub-images, data augmentation via flipping, nor-
malization

« Employed the TransUNet model which combines a convolutional U-Net with a trans-
former encoder to leverage both CNN spatial features and transformer’s global con-
text modeling

« Compared to conventional CNN models: U-Net, U-Net++, SegNet

« Initial dataset of 9369 2D sub-images extracted with size 1401x 1481 pixels,renormalized
between -1 and 1

« After augmentation: 9242 images for training, 1914 for validation

« Used binary cross-entropy loss

« Evaluated using Dice coefficient and Intersection over Union (IoU) metrics
« Trained for 100 epochs

« Used batch size 16 for TransUNet (due to higher memory usage)

+ Learning rate of le-4

« Same training settings for baselines (U-Net, U-Net++, SegNet) for fair comparison

Experimental Results:

« Quantitative Results :

— TransUNet achieved the best performance with a Dice coefficient of 88.34% and
IoU of 84.34%

— Outperformed U-Net (85.99% Dice), U-Net++ (83.41% Dice), SegNet (83.31% Dice)
— Also had higher accuracy, precision, recall and F1-score
+ Qualitative Results:

— Visualizations show TransUNet could better detect faults, especially smaller
structures.
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- Reconstructed full 3D seismic volume shows TransUNet captured more fault
details with better vertical continuity compared to U-Net.

Comparison with Other Works mentioned on the paper :

+ Same training settings for baselines (U-Net, U-Net++, SegNet) for fair comparison
« Highlighted recent success of transformer models in computer vision tasks

+ Builds on prior work using CNNs for seismic fault detection

3.3.2 Automatic salt deposits segmentation: A deep learning ap-
proach

Another work, tackled the same problem and get inspired form attention gates, made by
Mikhail Karchevskiy & al. from Russia (2018) [69].Here are the crucial aspects of their
methodology and the results they have obtained:

Methodology :

« Utilized a U-Net framework incorporating a ResNeXt-50 encoder pretrained on Ima-
geNet as the foundational model.

+ Incorporated multiple methods: Spatial-Channel Squeeze & Excitation, Lovasz loss,
CoordConv, Hypercolumn, and Attention Gates.

« Used data augmentation: horizontal flip, brightness changes, horizontal shifts, rota-
tions.

« Trained 5-fold model with horizontal flip test-time augmentation (TTA).

« Extended input to 128x128 pixels with relative depth channel and CoordConv chan-
nels.

« Used cyclic learning rate scheduling and snapshot ensembling of last 10 best models.

Experimental Setup:

Dataset: 8000 train, 18000 test 101x101 pixel seismic images

« Trained on single Nvidia GTX 1080 Ti GPU

24 hours for full training and prediction cycle

« Batch size 20, Adam optimizer.

The model was trained for 80 epochs using Binary Cross-Entropy (BCE) loss, followed
by an additional 50 epochs using a combination of 0.1 BCE loss and 0.9 Lovasz loss.
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Quantitative Results:

« Achieved 27th place (top 1%) on Kaggle competition

« Intersection over Union (IoU) metric used to evaluate performance at different thresh-
0lds(0.84%)

« Score increase with different components:

ResNet152 encoder: 1.26%

Lovasz hinge loss: 0.62%

Hypercolumn: 0.85%

SE-ResNeXt50 encoder: 0.72%

Spatial/channel attention gates: 2.25%
— TTA horizontal flip: 0.12%

The paper does not explicitly provide or discuss qualitative results in terms of visual-
izations or examples comparing the segmentation outputs. The only mention related to
qualitative analysis is this line:

"Higher resolution input images: provided no noticeable improvements and caused much
slower learning." ;we think that because of the results of Dice and Jaccard coefficients where
they acheived 0.5% as a maximum level.

We expose below a comparaison table between Transformer-Attention based model 3.2 :

Table 3.2: Comparison between Transformer-attention based models

former)

- ResNeXt-50 CNN encoder

- Spatial-Channel Squeeze &
Excitation

- CoordConv layers

- Hypercolumn technique

Aspect TransUNet for Fault De- | Salt Deposit Segmentation
tection
Methodology - TransUNet (U-Net + Trans- | - U-Net with ResNeXt-50 en-

coder

- Spatial-Channel Squeeze &
Excitation

- Lovasz loss

- CoordConv channels

- Spatial/channel attention
gates

- Hypercolumn technique

- 5-fold model, horizontal flip
TTA
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Table 3.2: Comparison between Transformer-attention based models (continued)

Aspect TransUNet for Fault De- | Salt Deposit Segmentation
tection
Qualitative Results - Visualizations show bet- | - No qualitative results or vi-
ter fault detection, especially | sualizations discussed
smaller structures
- Better continuity in 3D vol-
umes
Quantitative Results - Dice: 88.34% - 27th place (top 1%) on Kag-
- IoU: 84.34% gle
- Outperformed U-Net, U- | - IoU score improvements:
Net++, SegNet + ResNet152 encoder: +1.26%
+ Lovasz loss: +0.62%
+ Hypercolumn: +0.85%
+ SE-ResNeXt50: +0.72%
+ Attention gates: +2.25%
+ TTA horizontal flip: +0.12%
Pros - Transformer captures | - Used multiple advanced
global context techniques
- Good for discontinuous | - Ensembling and TTA
structures
- Qualitative results show
improvement
Cons - Higher memory usage - No qualitative analysis
- Slightly more complex ar- | - Less innovative architecture
chitecture

3.4 Generative Models and Semi-Supervised Learning Works

Generative-based Semantic Segmentation and with semi-supervised learning, offers a com-
pelling approach to address data scarcity issues in seismic imaging. These methods can
effectively learn from both labeled and unlabeled samples. This hybrid approach enhances
segmentation accuracy by exploiting the rich information embedded within unlabeled data
while still benefiting from the supervision provided by labeled examples.

3.4.1 Generating data augmentation samples for Semantic Segmen-
tation of salt bodies in a synthetic seismic image dataset

As an exemple, Luis Felipe Henriques & al. from Pontifical Catholic University of Rio de
Janeiro, Brazil proposed a technique for augmenting data in semantic segmentation of salt

bodies in seismic images (2021) [63]. Here are the essential elements of their approach and
the results they have achieved:
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Methodology

« Two Deep Learning models are trained:
— A Variational Autoencoder (VAE) to generate salt body masks

— A Conditional Normalizing Flow (CNF) model inputs generated salt masks to
produce corresponding patches of seismic images.

« During data augmentation, the VAE first generates salt masks, then the CNF model
uses those masks to generate realistic seismic image patches containing salt bodies

« This allows generating pairs of image patches and salt masks focused on the bound-
aries of salt bodies, which are challenging areas.

Experimental Results:

+ The experiments were conducted using a dataset derived from two publicly available
synthetic seismic models designed to replicate salt bodies found in the Gulf of Mexico.

+ Assessed the performance of 10 different state-of-the-art Semantic Segmentation mod-
els when trained with and without the suggested data augmentation techniques.

« With the generated augmentations, IoU (Intersection over Union) metric improved
by an average of 8.57% across all models

 Best improvement was 25.1% for DeepLabV3+ with Xception_71 backbone

« Best overall result was 95.17% IoU achieved by DeepLabV3+ with ResNet_v1_101
backbone when using augmentations (2.14% improvement)

« all models are trained using the Adam Optimizer for 40K training iterations and a
mini-batch of 20 examples per iteration on an NVidia Tesla P100 graphic processing
unit (GPU).

Comparisons

« The proposed method exceeded the performance of seven other standalone data aug-
mentation methods from the Albumentations library, all trained using the settings
detailed in section 6.2. Training took an average of 1 hour and 10 minutes on an
Nvidia Tesla P100 GPU.

« Composing the proposed augmentations with the ElasticTransform method achieved
the highest 90.39% IoU score

«» Using a larger context size of 128x128, incorporating augmentations improved the
Intersection over Union (IoU) from 84.85% to 90.55% for DeepLabV3+ with the Mo-
bileNetV3_large backbone. Each DeepLabV3+ model underwent three rounds of train-
ing, totaling 40,000 iterations, for both augmented and non-augmented versions, av-

_51_



CHAPTER 3

eraging approximately 6 hours and 20 minutes per model. Table 3 presents a com-
parison of the model’s performance, highlighting the best validation scores achieved
in each variant.

« Scaling the method to larger context sizes retained substantial performance improve-
ments.

« Regarding the generated data, the CNF model achieved a loss value of 1.81 after six
days and 259,200 training iterations on a Google Cloud TPU v2-8. In contrast, the VAE
loss settled at approximately 61.17 following 14 hours and 28,800 training iterations
on an NVidia Tesla P100 GPU.

« Further exploration of context sizes has been constrained in this study due to the ex-
tensive experiments conducted and the significant computational resources needed.

They did not address qualitative results but suggested future directions, such as testing
the proposed method on alternative datasets like the TGS Salt Identification Challenge,
applying it to other seismic tasks such as seismic facies segmentation with adaptations for
natural images, and exploring the use of different generative models like Conditional GANS.

3.4.2 Salt Detection Using Segmentation of Seismic Image

Another work, a paper proposes using a deep convolutional neural network (DCNN) with
an autoencoder architecture for Semantic Segmentation of salt bodies in seismic images by
Mrinmoy Sarkar(2022 -USA) [70].

Methodology

« The autoencoder consists of an encoder section comprising convolutional and pool-
ing layers, and a decoder section comprising convolutional and upsampling layers.

+ The encoder condenses the input seismic image into a latent representation.

+ The decoder reconstructs the output segmentation mask from the compressed repre-
sentation.

« The loss function employed is the binary cross-entropy loss with sigmoid activation.

+ The network undergoes training with the ADADELTA optimization algorithm.

Experimental Results:

«» Evaluated on a dataset of 4,000 seismic images and corresponding binary masks in-
dicating salt regions.

« Dataset split into 3,200 images for training and 800 for testing.

« After 50,000 training epochs, achieved a training loss of 0.1307 and test loss of 0.1452.
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« Performed 10-fold cross-validation after 20,000 epochs, mean cross-validation error
was 0.19.

« Showed examples of ground truth masks and masks that were forecasted by the
trained model.

« Prediction time is fast after training the model

Qualitative Assessment:

+ The proposed DCNN with autoencoder architecture could successfully segment salt
bodies in seismic images.

+ Reduced need for expert human interpretation by automating the segmentation pro-
cess.

+ No explicit qualitative assessment.

The paper does not provide explicit numerical comparisons to other methods, but claims
the autoencoder DCNN approach performs well on this application of segmenting salt bod-
ies from seismic imagery, but at least the architecture outperform manual interpretation
methods.

3.4.3 Semi-Supervised Segmentation of Salt Bodies in Seismic Im-
ages using an Ensemble of Convolutional Neural Networks
The paper (Y.Babakhin & al. 2019) [62] proposes a semi-supervised approach for segment-

ing salt bodies in seismic images using convolutional neural networks (CNNs).

Methodology

« It uses an iterative self-training procedure with K rounds, where each round:

— Trains the model using labeled data alongside confident pseudo-labels derived
from the paraphrased versions from the previous round.

— Generating new pseudo-labels entails predicting labels for unlabeled data based
on confident predictions from the model in the previous round, essentially using
these predictions as surrogate ground truth labels.

« To reduce error accumulation during self-training, it uses an ensemble of two CNN
models (U-ResNet34 and U-ResNeXt50) and averages their predictions for pseudo-
labeling.

« The CNN architectures use attention mechanisms like Squeeze-and-Excitation, Fea-
ture Pyramid Attention, and Hypercolumns to improve performance.

» Images resized to 202x202 pixels and padded to 256x256 pixels.
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+ Training Procedure:

Round 1: Trained only on 4000 labeled images.

Rounds 2 & 3: Trained for T=200 epochs on pseudo-labels, then fine-tuned
T=200 more epochs on labeled data.

Used all 18000 pseudo-labeled images, did not filter low-confidence ones.

Initialized model weights from ImageNet pretraining.

Performed data augmentation (horizontal flips for test-time augmentation).
« Ensembling:
- Used 4 model snapshots per fold by saving every 50 epochs.

- For inference, ensembled 20 snapshots for single model, 40 for U-ResNet34 +
U-ResNeXt50.

- Ensembled by averaging predictions.

« Optimization: Used warm-up by training first 50 epochs with binary cross-entropy
also Then minimized Lovasz loss for 150 epochs to optimize IoU directly, for the
algorithm itself is not explicitly stated, but likely stochastic gradient descent since
they mentioned the cosine annealting rate schedule from 0.001 to 0.0001 every 50
epochs (as a reference ).

+ Loss function : Binary cross-entropy loss for initial 50 epochs and Lovasz loss for re-
maining 150 epochs to directly optimize intersection-over-union (IoU) (as mentioned
above).

« The dataset was taken from TGS Salt Identification Challenge dataset with 4000 la-
beled and 18000 unlabeled 101x101 seismic image patches.

Experimental Results :

+ Quantitative: Achieved top score of 0.8964 mean average precision (mAP) on private
test set, surpassing the previous best by 0.9%.

+ Qualitative: Visualizations show self-training improves validation mAP over rounds
(Figure 1 in the paper).

Comparison to Other Works:
+ Outperformed approach by Karchevskiy et al. by 0.9% mAP on same dataset(the paper

discussed already in section 3.3.2).

« Claims to achieve state-of-the-art performance, ranking 1st among 3234 competitors.
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We expose below a comparaison table between Transformer-Attention based model 3.3 :

Table 3.3: Comparison between works using self-supervised methods or/and generative

models
Aspect Henrique & al. 2021 | Sarkar 2022 Y.Babakhin & al.
2019
Methodology | Uses VAE to generate | DCNN  autoencoder | Semi-supervised self-
salt masks and CNF | architecture with | training approach
to generate seismic | encoder to compress | using ensemble of
patches from masks. | input and decoder to | CNNs. Iterative train-
Data augmentation by | reconstruct segmen- | ing on labeled data
sampling from VAE | tation mask. Direct | and pseudo-labels from
and CNF training on seismic | unlabeled data
images and masks
Quantitative 8.57% average improve- | Training loss: 0.1307. | mAP 0.8964 on private
Results ment in IoU across 10 | Test loss: 0.1452. 10- | test set (1st place
models. Best: 95.17% | fold CV error: 0.19 on TGS Salt Identi-
IoU (DeepLabV3+ fication Challenge
ResNet_v1_101). Im- leaderboard). 0.9%
proved IoU from improvement over
84.85% to 90.55% on previous best approach
128x128 patches
Qualitative No explicit qualitative | No explicit qualitative | No direct qualitative
Results assessment assessment assessment, but ranks
Ist on  real-world
benchmark
Pros Consistently improves | Directly tackles Se- | Effective semi-
performance  across | mantic Segmentation | supervised approach
different models. | task. Reasonable quan- | using unlabeled data.
Outperforms other | titative performance. | Ensemble mitigates
augmentation meth- | Fast prediction after | error  accumulation.
ods. Adaptable to | training State-of-the-art results
larger image sizes
Cons Complex method using | No comparisons to | No direct qualitative
two models. No direct | other methods. Long | evaluation
qualitative evaluation | training time

3.5 Comparaison between The Methodologies Proposed

Semantic segmentation, a fundamental task in computer vision, involves classifying each
pixel in an image into a specific category. Various methodologies, including CNN-based
methods, transformers, and self-supervised/generative models, have been employed to tackle
this task.For segmenting salt domes, we’ve discussed the value added by each methodology
to solve the problem, each approach offers distinct advantages and drawbacks, catering to
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different use cases and requirements.

3.5.1 CNN-Based Methods

Convolutional Neural Networks (CNNs) have been the cornerstone and the conventional
state-of-the art of many computer vision tasks, including Semantic Segmentation. CNNs
excel at learning spatial features and capturing local patterns in images. They are well-
suited for tasks where understanding local relationships and patterns is critical. Some key
considerations regarding CNN-based methods include:

« Use Cases : CNNs are effective for tasks with spatial dependencies, such as image
segmentation. They are widely used in various computer vision applications due to
their ability to capture local features effectively.

¢ Pros:

— Well-established architecture with numerous pre-trained models available, al-
lowing for efficient transfer learning.

- Efficient at learning spatial features, making them suitable for tasks like Seman-
tic Segmentation.

« Cons:

— Limited ability to capture global context in images, which can be crucial for
understanding relationships across the entire input.

— CNNs often overfit, particularly when trained on small datasets.

3.5.2 Transformers

Transformers, initially developed for natural language processing (NLP), have shown promis-
ing results in computer vision tasks, including Semantic Segmentation recently. Unlike
CNNgs, transformers excel at capturing long-range dependencies and global context in data.
They offer superior performance in tasks where understanding relationships across the en-
tire input is essential. Key points to consider regarding transformers include:

« Use Cases : Transformers are suitable for tasks requiring capturing long-range de-
pendencies and understanding global context. They are increasingly utilized in com-
puter vision tasks, especially in scenarios where understanding relationships across
the entire image is crucial.

e Pros:

— Excellent at capturing global relationships in data, making them effective for
tasks like Semantic Segmentation in large images.

— Can be combined with CNNs to leverage both local and global information, of-
fering a hybrid approach to tackle complex tasks

« Cons:
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— Computationally expensive, especially for large input sizes, which can limit
their scalability.

— Requires large amounts of training data to generalize well, which may pose
challenges in datasets with limited annotations.

3.5.3 Attention Gates

Attention mechanisms have been widely adopted in various Deep Learning tasks to selec-
tively focus on relevant information while filtering out noise. In Semantic Segmentation,
attention gates play a crucial role in enhancing feature representations and improving seg-
mentation accuracy. They enable the model to attend to the most informative regions of
the input, effectively incorporating contextual information into the segmentation process.
Here’s a closer look at attention gates:

« Use Cases : Attention gates are beneficial in tasks where capturing contextual de-
pendencies is critical, such as Semantic Segmentation. They facilitate better feature
selection and refinement, leading to more accurate segmentation results.

e Pros:

- Enhance feature representations by selectively attending to relevant regions of
the input.

- Improve segmentation accuracy by incorporating contextual information into
the segmentation process.

— Help mitigate the impact of noise and irrelevant features, leading to more robust
segmentation performance.

« Cons:

— May introduce additional computational overhead, particularly in deep neural
network architectures.

— Require careful tuning of hyperparameters to balance model complexity and
performance.

— Implementation and integration into existing architectures may require addi-
tional effort and expertise.

In the context of Semantic Segmentation, attention gates and transformers serve similar
purposes in capturing contextual information and improving segmentation accuracy. How-
ever, there are fundamental differences in the way they incorporate attention mechanisms
.For attention gates operate at a local level within the network, while transformers capture
global relationships across the entire input.That means if the images say are independent
variables attention gates are a good option to learn the spatial correlation between the pixels
in the image ,whereas if the images are correlated in the way they are temporally depen-
dend (that’s depend how the images are obtained) or large-scale images.Also it depends on
the hardware requirements ,since they are both gourmand of data.
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CHAPTER 3

3.5.4 Self-Supervised and Generative Models

Self-supervised learning and generative models offer innovative approaches to Semantic
Segmentation tasks, particularly in scenarios where labeled data is limited or expensive to
obtain. These models leverage unlabeled data to pretrain networks or augment existing
datasets, improving model generalization and performance. Key considerations for self-
supervised and generative models include:

« Use Cases : Self-supervised and generative models are beneficial when labeled data
is scarce or expensive to obtain. They can generate synthetic data to augment training
datasets and improve model robustness.

e Pros:

— Can generate synthetic data, augmenting the training dataset and improving
model generalization.

— Effective in scenarios where labeled data is limited, as they can utilize unlabeled
data for training, reducing the reliance on annotated samples.

« Cons:

— Often require complex architectures and training procedures, which can in-
crease the computational overhead.

— May suffer from mode collapse or generate unrealistic samples, requiring careful
evaluation of the generated data.

3.5.5 Comparative Study between The Techniques

Figure 3.1 shows Taxonomy of works discussed in this chapter, Table 3.4 displays Compar-
ison of Salt Body Segmentation Methodologies discussed in this chapter, Table 3.5 shows
summary of Semantic Segmentation Method.

Semantic Segmentatio

for Salt Domes Seismic
Images with Deep
Learning

inet with Jutional AutoEncod i
CNNbasedModels ~conememE o TnetwimAtnetiongates - ComolfondfufeRneeder - Amenemle . +Data Augmentation)

MDerriche &al. in 2020 Leticia Boufim &al. Mikhail Karchevskiy & al.
(Unet with VGG / Resnet) 2023 (TransUnet) 2018

Mohammed Saif ul lslam in
2020 (Unet -SE Resnet) )

Alksandar Milosavljevic 2020
(Unet like model)

YBabakhin & al.
2019 (2 Unet like models with
new Data
technique)

Luis Felipe Henrique &l
Mrinmoy Sarker (2022) 2021 (with CNF - VAE)

Figure 3.1: Taxonomy of works discussed in this chapter.
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Table 3.4: Comparison of Salt Body Segmentation methodologies

Authors Methodology Data Aug. Qual. Results Quantitative Results

Milosavljevié¢ (2020) U-Net with ResNet and v v IoU = 0.85241
DenseNet-inspired modifica-
tions

Islam (2020) U-Net with SE-ResNet blocks v ToU = 0.85

Alfarhan et al. (2020) Improved U-Net with VGG19 X v ResNet34 (pre-trained) IoU =
or ResNet34 encoder, transfer 0.9782
learning

Bomfim et al. (2023) - TransUNet (U-Net + Trans- X V/(better in 3D) - Dice: 88.34% - IoU: 84.34%
former) - ResNeXt-50 CNN - Outperformed U-Net, U-
encoder - Spatial-Channel Net++, SegNet
Squeeze & Excitation -
CoordConv layers - Hyper-
column technique

Karchevskiy et al. (2018) - U-Net with ResNeXt-50 X X - 27th place (top 1%) on Kag-
encoder - Spatial-Channel gle - ToU improvements: +
Squeeze & Excitation - ResNet152 encoder: +1.26%
Lovasz loss - CoordConv + Lovasz loss: +0.62% + Hy-
channels - Spatial/channel percolumn: +0.85% + SE-
attention gates - Hyper- ResNeXt50: +0.72% + Atten-
column technique - 5-fold tion gates: +2.25% + TTA
model, horizontal flip TTA horizontal flip: +0.12%

Henrique et al. (2021) VAE for salt masks, CNF for X X - 8.57% avg. improvement in
seismic patches. Data aug- ToU across 10 models - Best:
mentation by sampling from 95.17% IoU (DeepLabV3+
VAE and CNF ResNet_v1_101) - Improved

ToU from 84.85% to 90.55% on
128 x 128 patches

Sarkar (2022) DCNN autoencoder: encoder X - - Training loss: 0.1307 - Test
compresses input, decoder loss: 0.1452 - 10-fold CV er-
reconstructs mask. Direct ror: 0.19
training on seismic images
and masks

Babakhin et al. (2019) Semi-supervised self- X No direct assessment, but ranks 1st on real-world benchmark - mAP 0.8964 on private

training with CNN ensemble.
Iterative training on labeled
data and pseudo-labels

test set - 1st place on TGS
Salt Identification Challenge
- 0.9% improvement over pre-
vious best
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Table 3.5: Summary of Semantic Segmentation Methods

Method Use Cases Pros Cons
CNN-Based | Tasks with spatial de- | Efficient at learn- | Limited ability to
Methods pendencies, image seg- | ing spatial features, | capture global context,
mentation well-established archi- | prone to overfitting
tecture, suitable for | with limited data
local patterns
Transformers | Tasks requiring captur- | Excellent at capturing | Computationally  ex-
ing long-range depen- | global relationships, ef- | pensive, requires large
dencies, global context | fective for understand- | amounts of training
ing relationships across | data for generalization
the entire input
Self- Tasks with limited la- | Can generate synthetic | Complex architec-
Supervised beled data, data aug- | data, effective withlim- | tures and training
and Genera- | mentation ited labeled data, im- | procedures, may suffer
tive Models proves model robust- | from mode collapse or
ness generate  unrealistic
samples
Attention Tasks requiring selec- | Enhances feature rep- | Integrated within
Gates tive focus on relevant | resentations, improves | CNN-based archi-
features, refining seg- | segmentation accuracy | tectures, limited to
mentation results at a local level spatial domain, addi-
tional computational
overhead

3.6 Conclusion

In this chapter, we have discussed the methodologies used in Deep Learning for Salt Domes
Semantic Segmentation and how they acheived state-of-the art to tackle the problem.When
selecting a methodology for Semantic Segmentation tasks, practitioners should consider
the specific requirements of the task, the availability of labeled data, computational re-
sources, and the complexity of the problem. CNN-based methods offer efficient spatial
feature learning and are suitable for tasks where local patterns are crucial. Transformers
excel at capturing global context and long-range dependencies, making them effective for
understanding relationships across the entire input. Self-supervised and generative mod-
els leverage unlabeled data to improve model performance and robustness, making them
valuable in scenarios with limited annotated samples. By understanding the characteristics,
benefits, and limitations of each methodology, practitioners can make informed decisions
about which approach to use based on the specific requirements and constraints of their
Semantic Segmentation task.
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Conclusion

In this thesis, we explored and compared various deep learning approaches for the semantic
segmentation of salt domes in seismic images. This task is vital for the oil and gas indus-
try, as salt domes often trap hydrocarbons, making their precise identification crucial for
efficient resource management. Historically, the detection of these geological formations
has relied heavily on manual interpretation, a method fraught with potential for error and
inefficiency. The advent of deep learning has opened new avenues for automating and en-
hancing this process, promising significant advancements in the accuracy and reliability of
seismic image analysis.

Throughout our study, we investigated the performance of several cutting-edge deep learn-
ing models. Convolutional Neural Networks (CNNs) have been a cornerstone in image
processing tasks due to their ability to capture local features effectively. Models such as
AlexNet and ResNet demonstrated robust performance in extracting features from seismic
images, providing a solid baseline for comparison. These networks, with their deep layers
and convolutional structures, excel at recognizing patterns and textures inherent in com-
plex geological data.

We also examined the U-Net architecture and its variations, which have gained promi-
nence in tasks requiring detailed image segmentation. Originally developed for biomedical
image analysis, U-Net’s strength lies in its ability to accurately delineate boundaries, an
essential feature for identifying salt domes. Its symmetrical encoder-decoder structure, en-
hanced with skip connections, allows it to capture both fine and coarse features, making
it particularly adept at handling the diverse scales present in seismic images. Variants like
Linknet and PSPNet extend these capabilities by incorporating advanced techniques such
as multi-scale context aggregation and pyramid pooling, further enhancing segmentation
performance.

Transformer-based models, renowned for their success in natural language processing,
have also shown promise in the field of image segmentation. These models leverage self-
attention mechanisms to capture long-range dependencies in the data, which is partic-
ularly beneficial for identifying large-scale structures like salt domes in seismic images.
Transformers’ ability to model complex relationships and their flexibility in handling var-
ious input sizes and shapes provide a significant advantage over traditional CNN-based
approaches.

Generative models and semi-supervised learning techniques were also explored as part of
our comprehensive approach. These methods offer solutions to some of the inherent chal-
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lenges in seismic image analysis, such as the scarcity of labeled training data. By generating
synthetic data or utilizing unlabeled data more effectively, these techniques enhance model
robustness and improve segmentation accuracy.

Our comparative study revealed that while each model has its strengths, the choice of the
best model often depends on the specific requirements of the task at hand. CNNs provide
a solid foundation for feature extraction, U-Nets excel in tasks requiring precise boundary
delineation, and Transformer-based models are particularly effective in capturing global
context and long-range dependencies. Generative models and semi-supervised approaches
offer valuable enhancements in scenarios with limited labeled data.

In conclusion, the integration of these advanced deep learning models into the process of
seismic image analysis marks a significant step forward in the field of geophysical explo-
ration. By automating and improving the accuracy of salt dome identification, these tech-
nologies not only enhance the efficiency of hydrocarbon exploration but also pave the way
for more innovative applications in earth sciences. Future research could focus on hybrid
models that combine the strengths of different architectures or explore new deep learning
paradigms to further advance the capabilities of seismic image segmentation.
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