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Abstract

This thesis is rooted in Computer Science and Deep Learning, with the primary ap-
plication being in the interpretation of 3D seismic tomographic images, particularly
the identification of geological faults therein. Deep Leaning methods can aid and
automate parts of the seismic interpretation process. The outcome of the work in
this thesis is a method that can predict the location of faults and separate them
out into non-intersecting fault segments. These segments can then be selectively
visualised in 3D. The method is powered by a convolutional neural network that
predicts the location and orientation of faults, which are separated into segments
using a post-processing algorithm that can run on the GPU and is scaleable to
large seismic volumes. The means for the neural network to predict orientation is
the biggest scientific contribution of this thesis, with four novel 3D representations.
These representations are negation-invariant and continuous (f(v) = f(—v)). The
work in this thesis also has relevance in other fields. A 2D counterpart to the task
of fault separation is the separation of overlapping chromosomes for karyotyping.
My work proposes a method for using orientation to separate chromosome instances
and uncovers issues with existing approaches in the field, namely the use of semantic
segmentation directly and issues with an existing dataset.
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CHAPTER 1

Introduction

This PhD thesis is primarily rooted in the fields of Computer Science and Deep
Learning, contributing to both theoretical advancements and practical applications.
The theoretical contributions are twofold. First, it introduces novel representations
of orientation, specifically designed to be effectively predicted by Deep Learning
models in both 2D and 3D contexts. Second, it explores how Instance Segmen-
tation can be performed by leveraging the predicted orientations, building on the
foundation of semantic segmentation. These theoretical contributions are applied to
two distinct fields. The first application is in the medical domain, where the focus
is on segmenting overlapping chromosomes for karyotyping, using two-dimensional
images. The second application lies within geoscience, where the goal is to analyse
three-dimensional seismic tomographic images to identify faults.

A cornerstone of this thesis is the concept of orientation - how it can be predicted
and how its predictions can be effectively utilized? For the purpose of this work,
orientation is defined as the set of all lines passing through the origin. This concept
is analogous to direction expressed as the set of all unit-vectors, but without the
sense of the vector. In other words, any vector v and its negative —v have the same

orientation. To assign orientation to various real world objects, we can look at it



as the orientation of the tangent line going across a chromosome in 2D, or as the
orientation of a line that is normal to a fault plane in 3D.

When predicting the orientation of an object using a deep learning model, a key
challenge arises: how to represent this orientation in a form that the model can
predict and that we can interpret? This is not a trivial task because the representa-
tion must adhere to two crucial principles to be effective: uniqueness and continuity.
This means that each orientation is represented using a unique vector of values, and
similar orientations should be represented by vectors with similar values. Achieving
these principles is particularly challenging in three dimensions. I have designed ori-
entation representations that satisfy these criteria and have empirically evaluated
their effectiveness. The 2D theory and applications are discussed in Chapter [4], while
the 3D aspects are covered in Chapter [}

Instance Segmentation algorithms typically rely on region proposals in the form
of bounding boxes to in the process of discerning the different object instances.
However, bounding boxes provide less useful information in scenarios involving high
occlusion, such as overlapping chromosomes, very thin structures like fault planes,
or structures with poorly defined boundaries, such as individual fault segments.
Instead, I explore the use of orientation as the key factor for distinguishing individual
instances. The approach leverages the fact two lines or planes must have different
orientations to intersect, and that spatially disconnected regions cannot belong to
the same instance. The algorithms I developed operate as post-processing steps,
built on top of the predictions provided by the deep learning model, and rely solely
on spatially local operations. This design allows for easy parallelisation on GPUs
and facilitates the tiling of large images or volumes for analysis.

The first application explored in this thesis focuses on karyotyping chromosomes.
My work in this area was published in the ICANN conference in a paper and presen-
tation titled ”Using Orientation to Distinguish Overlapping Chromosomes” |7]. In
karyotyping, many images of chromosomes from various cells are taken in search of
one where none of the chromosomes overlap. This process could be streamlined with
tools capable of accurately segmenting even overlapping chromosomes. In this thesis,

I explore the use of Deep Learning models for chromosome instance segmentation,



crucially examining an existing approach in the field and its associated dataset. I
further elaborate on their methods and expand their dataset to further explore the
limitations of the approach. This allows for a comprehensive comparison with my
own method, which leverages predicted chromosome orientation and an orientation-
based instance segmentation algorithm. Additionally, this application serves as a
test bed for evaluating the effectiveness of various 2D orientation representations.
The second application, which contributes more substantially to this thesis, fo-
cuses on identifying and separating faults in geological seismic tomographic images
of the Earth’s subsurface. This work resulted in a publication in IEEE TGRS ti-
tled ”Negation Invariant Representations of 3-D Vectors for Deep Learning Models
Applied to Fault Geometry Mapping in 3-D Seismic Reflection Data” [5]. Inter-
preting seismic images and especially volumes is a challenging and labor-intensive
task. Recently, Deep Learning has made significant progress in developing tools
that can aid in this process, including the identification of faults locations through
semantic segmentation. However, effectively visualising the resulting fault mesh can
be difficult due to occlusion. Instance segmentation, on the other hand, allows for
the selective visualisation of different fault segments. In this thesis, I explore deep
learning model architectures designed to predict both faults and their orientations,
while also using these models to evaluate the effectiveness of orientation representa-
tions in 3D. These models are trained and quantitatively evaluated on a synthetic
dataset of seismic volumes. They are then deployed and qualitatively evaluated on
a real seismic survey. The findings are compared against existing interpretations of

the faults from the scientific literature on this survey.

1.1 Thesis Structure

This thesis is divided into chapters based on research topics, rather than application
domains and published papers. The work on chromosomes and on seismic interpre-
tation is distributed throughout the chapters of the thesis. Chapters [I], 2| and
serve as foundational chapters that introduce the background and concepts used

throughout the rest of the thesis. Chapters[d] [f] and [6] are the content chapters that



consist of my research contributions, including methods, experiments, and results.
Finally, Chapter [7]is the discussion which summarises and concludes the thesis.

The following is a brief overview of the chapters in this thesis:

Chapter (1] - Introduction: The remainder of this chapter will introduce some

of the topics in this thesis in more detail.

Chapter [2| - Background: This chapter covers the principles of Deep Learning
used throughout the thesis, as well as relevant model architectures. It also covers

the relevant background about seismic imaging and relevant related work therein.

Chapter |3 - Datasets: The various datasets and their associated tasks that are

used throughout the thesis are described in this chapter.

Chapter 4| - 2D Orientation Representation: This chapter focuses on the
methods for representing orientation in 2D, as well as relevant experiments that
empirically verify the representations. The experiments mainly depend on the chro-

mosome datasets and tasks.

Chapter |5/- 3D Orientation Representation: This chapter contains my biggest
scientific contribution and the 4 representations of orientation in 3D. It explains the
theory behind the representations, as well as the experiments on the toy dataset and

synthetic seismic data.

Chapter [6] - Instance Segmentation: This chapter looks at the deployment of
models that were trained on synthetic data to predict orientation. On the chro-
mosome task, it covers the issues with existing approaches and proposes the post-
processing algorithm that is based on orientation. For seismic interpretation, the
chapter covers the post-processing algorithm for separating fault segments, as well
as an examination of the performance of the model on the real seismic data on the

Laminaria volume.



Chapter [7| - Discussion and Conclusion: The thesis is concluded with a sum-
mary of my work, a discussion of my contributions, its limitations, other work that

did not make it into this thesis, and directions for further research.

1.2 Seismic Interpretation

Seismic imaging, also known as tomography, is a powerful geophysical method that
is used to create images of subsurface structures and geological features by analysing
reflected and refracted seismic waves. These waves are generated by sources such as
vibroseis trucks or explosives and recorded by a network of geophones. Subsurface
features, such as rock layers and fluid reservoirs, can reflect seismic waves, creating
distinct patterns or horizons in the seismic data. These reflections can then be
interpreted by geologists to uncover the structure and properties of the sub-surface.

In the past, seismic imaging was usually performed using 2D images, which
provided limited information about subsurface structures. However, with the advent
of 3D seismic imaging in the 1980s, seismic surveys now create detailed volumes of
subsurface data. Modern seismic surveys can cover thousands of square kilometres,
and the collected data can require terabytes of storage. The resolution of seismic
surveys can range from several metres to hundreds of metres, depending on the size
and complexity of the survey, as well as the type of features that are being imaged.
Seismic images are collected by moving the source of the seismic waves and the series
of geophones listening for the reflections. Moving them in a line will result in 2D
seismic images, whereas movement in a grid-like pattern yields 3D seismic volumes.

Interpreting seismic images can be a difficult and complex task, even for experts
in the field. Seismic data is often noisy and incomplete, and the subsurface struc-
tures that are imaged can be complex and difficult to resolve. As a result, there is
often a significant amount of uncertainty in the interpretations of the seismic images
by experts. This uncertainty can arise from a variety of sources, including limita-
tions in the data acquisition process, errors in data processing, and ambiguities in
the interpretation of subsurface structures. This leaves a level of uncertainty in the

interpretations of the seismic surveys, which can be both qualitative and quantita-



tive. Examples of qualitative uncertainty are the precise location of the identified
faults and the detail of the resolution to which the locations are annotated. Quali-
tative uncertainty presents itself as uncertainty about what structures are observed
in the first place and what geological processes caused them in the past. This uncer-
tainty leads to questions about whether an observed structure is a fault in the first
place, what type of fault it is, which fault happened first and what other geological
processes happened to explain what we observe in the seismic surveys. Section [2.2.1
contains a more detailed examination of uncertainty in seismic interpretation.

The high level of uncertainty in the experts’ interpretations highlights the diffi-
culty of the task. Furthermore, with ever-increasing size and resolution of seismic
surveys, more time and effort is required to produce seismic interpretations with ad-
equate detail and precision. The only way this process remains feasible is thanks to
technological advances that aid with seismic interpretations. Not only are comput-
ers and software used to visualise the 3D seismic volumes, but certain structures and
features can automatically be highlighted within the seismic volumes using filters,
machine learning, and Deep Learning methods.

Due to the difficulty of the tasks, automated interpretation techniques cannot
be fully trusted. They serve as a tool for interpreters to use, performing a first-pass
to bring attention to potential features, and to aid with the precision of drawing
in boundaries of the features in 3D. Deep Learning promises to improve the perfor-
mance of such tools to the point where they can be trusted, however, it faces some
difficult challenges. Deep Learning is data-driven, requiring a lot of data to train
from. However, any uncertainty and inaccuracy in the data on which the models are
trained will boil down into the performance of the models. In addition, there are
very few annotated and interpreted datasets to train from, and available interpreta-
tions usually selectively focus on features of interest, making the data incomplete.
Using synthetic data addresses these issues, however, it brings challenges of its own.

By modelling geological processes, we can create synthetic subsurface structures
and their corresponding synthetic seismic volumes. The advantage of such data is
that we have perfectly accurate ground truth labels about what features are present

and their exact locations. However, we are limited by how realistic the modelled
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features can be. In practise, real data is much more complex than synthetic data
that I had access to.

My work focuses on the interpretation of faults in seismic volumes. Faults are
fractures in the earth’s crust where movement has occurred. They are formed when
tectonic plates move and shift, causing stress to build up within the Earth’s crust.
When this stress becomes too great, it is released in the form of an earthquake and
causes the displacement of rock layers on either side of a fault plane. Therefore, the
fault plane appears as a discontinuity or break in the subsurface layers or horizons
in the seismic images. In oil and gas exploration, faults can act as barriers to
the flow of hydrocarbons, and knowing their location can help identify potential
reservoirs. Furthermore, faults can also be associated with geological hazards, such
as earthquakes and landslides, so predicting their location is important to assess and

mitigate these risks.

1.3 Seismic Data

The primary challenge that limits the capabilities of deep learning based seismic
interpretation is the lack of available data. To train deep learning models, we must
have annotations that are used as ground truth labels, and they must be in a stan-
dardised form that the model can predict. There is an abundance of unlabelled real
seismic surveys, however, it is incredibly difficult to collect annotations that can be
used to train deep learning models on the data. Seismic surveys and their inter-
pretations are generally qualitative, with descriptions and diagrams explaining the
processes that occurred. Figures displaying the locations of faults are often made
appropriate for human readability and understanding, rather than complete annota-
tions that could be used for training models. Even if the geologists made annotations
or simulations as part of their study that would be appropriate for training deep
learning models, they are not commonly published. Moreover, geologists commonly
focus on very specific regions or features within their interpretations, which makes
it difficult to create fully annotated volumes.

Furthermore, the number of faults in a volume can be very large and varying



in clarity, with both primary and secondary faults, large and small faults, or faults
in areas with a lot of noise in the images, such as at higher depths, that are more
difficult to determine. As such, it is very difficult to set a standard for what faults to
annotate and what to ignore, however, for training deep learning models, we would
need all the data to adhere to the same standard. Also, we would want all of the
faults in a volume to be annotated, rather than just a subset of faults of interest.
However, it is very time consuming to annotate faults in 3D. Even if geologists were
to annotate the faults, there is a lot of uncertainty in the annotations. Due to all
of these issues, there are no reliable annotations of seismic images that we can use
to train the models. Instead, the use of synthetic data to train models has proven
to be an effective alternative. In fact, I have heard of reports from within industry
where they tried to gather a private dataset of geologists’ annotations, which only
led to poorer results than when training on synthetic data.

I was kindly provided with synthetic data from my industry sponsor, GeoTeric.
The dataset consists of small volumes with up to three faults present in each volume.
There are three major differences between the synthetic data and the real data:
First, the synthetic data looks very clean. It does not have the same kinds of
noise present that we would expect in a real seismic survey, especially as the depth
increases. Second, the faults modelled in the synthetic data are completely flat,
with no curvature. Fault geometries present in the real world can be much more
complex. Third, the faults modelled are all fully independent. There are no primary
and secondary faults. The fault networks in real life are much more complex and
varied. Section [3.2.3] gives a more detailed description of the data.

The advantages of the synthetic data is the accuracy of the labels and the abun-
dance of it. We know for certain that each label is correct, that every fault in the
volume is labelled. We can also create as much synthetic data as necessary, although
there is only so much fundamental variety within the synthetic data. The synthetic
data perfectly encapsulates the principle of what faults are and what they look like
within a seismic image. This is especially true at local scale, if we don’t take the
fault geometries into account.

Convolutional deep learning models proved to be very effective in learning the
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relevant information from synthetic data in a way that translates to real seismic data.
Convolutional networks are explained in detail in Section [2.1.4] but fundamentally
they perform calculations in a pixel (or voxel in 3D) space, where the output for
any pixel is conditioned only on the local neighbourhood of pixels in the previous
layer of the model. This also achieves a degree of translational invariance, where
the model’s output is not affected if the image is translated/moved. This makes the
architecture very efficient at interpreting vision. At the same time, this bias toward
local information is a major downside of convolutional models, where they struggle
to take long distance relations in the images into account. The attention layers in
transformer-based architectures gives models the ability to focus its attention on
any part of the image without the bias towards the local neighbourhood, which has
made them a popular architecture in the recent years, albeit a very computationally
expensive architecture.

Due to the nature of the synthetic data, the downside of the convolutions is actu-
ally an advantage. The synthetic data does not model the fault geometry well. We
therefore do not want the model to take the broader fault geometry into account,
rather we want it to focus on the local features that define a fault, i.e. the disconti-
nuity in the seismic reflections in the seismic image. Additionally, the efficiency of
convolutional networks is very important, since we are working with 3D data, which
very quickly becomes very memory intensive within deep learning models. These
are also reasons why I did not focus on transformer-based architectures, in addition
to reports from industry that confirmed these theoretical suspicions.

This necessity to focus on local features of the synthetic images is also problem-
atic for the self-supervised learning approach discussed in Section [7.3] where we ask
the model to regenerate the input image by filling out sections within it that we
masked. This forces the model to look at the geometry of the fault to extrapolate
where it is most likely to continue. By training on the synthetic data, the model gets
better at identifying the faults in the synthetic images, but struggles to generalise

to the real seismic volumes that have much more complex fault geometries.



1.4 Network Output Representations

A fundamental challenge present in this field is the ambiguity in the outputs. There
are many types of concepts that we might want models to predict that rely on the
principle of consistency rather than specific labels. For instance, we might want
to identify individual faults in an image, where we do not need to label each fault
specifically with its unique ID, but only need to distinguish that it is distinct from
another. We could start labeling the faults as the first, second, third, etc., but
it does not matter specifically which fault gets the label of "first.” This type of
ambiguity requires careful consideration when designing neural networks to ensure
that they can consistently differentiate between distinct instances without relying
on arbitrary labels.

Neural networks are deterministic in nature. Given the same inputs, they will
predict the same outputs. As such, they predict fixed outputs for any given input,
making it difficult for the models to work with concepts such as ambiguous outputs,
where multiple outputs might be correct, such as labelling the faults as (first, second)
or (second, first). To address issues like this, clever outputs must be selected that
avoid ambiguity and are unique, while providing the relevant information. For
example, bounding boxes can be used for object detection, where each instance of
an object in an image is labelled with a bounding box. If two bounding boxes overlap
too much we assume that they represent the same object and select the one with
the higher confidence score.

A substantial part of my work with chromosome separation consists of the criti-
cism of existing techniques and publications that encounter this precise problem of
ambiguous outputs. The models in question perform a semantic segmentation with
class labels of "the first chromosome” and ”the second chromosome” in the image,
however, their labels could also be switched.

Another important principle in the design of the output representations is the
continuity of the representations. Neural networks are continuous, meaning that a
small change in the input can only ever create a small change in the output. The
models are non-linear, meaning that the changes to the output could be dispropor-

tionately large in comparison to the changes in the input, but they are fundamentally
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continuous. As such, it is important to make output representations continuous in
a way, where changing the property they are representing by a small amount will
not suddenly change the representation’s value. This is surprisingly difficult for the
3D representations of orientation.

Since orientation is similar to a direction vector, only with negation invariance
(—v = v), the choice of the +/— sign complicates things. As we smoothly vary the
orientation, after moving by 180° we arrive at the same orientation, while our vector
points in the opposite direction. To achieve a unique representation for any given
orientation, we must at some point switch the sign of the vector and multiply it
by —1. This introduces a point of discontinuity that is problematic for the models.
Instead, finding a clever representation that does not suffer from such discontinuities

is the subject of Chapter {4 for 2D orientation, and Chapter [5| for 3D.

1.5 Motivation

This thesis explore the application of Deep Learning in two distinct domains: chro-
mosome segmentation and fault identification in seismic images/volumes. The key
question remains: Why is it relevant to investigate Deep Learning approaches in
these fields?

Chromosome segmentation, while comparatively simpler, still presents challenges,
especially when dealing with overlapping chromosomes. The task involves analyzing
2D images where chromosomes are clearly visible and exhibit high contrast against
the background, making it more approachable with classical image processing tech-
niques. However, segmenting overlapping chromosomes is more complex and re-
mains an open problem despite the existence of classical image processing methods
in scientific literature. This justifies the exploration of Deep Learning as a means
to advance performance in this area. Moreover, existing Deep Learning approaches
have shown promise, yet the problem remains unsolved, highlighting the need for
further investigation. This topic is further explored in Section [6.1 Additionally,
karyotyping chromosomes serves as an effective test bed for developing and evalu-

ating 2D orientation representations for neural networks. These representations are
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interesting in their own right and have the potential for broader application across
various fields.

Fault identification in seismic images is an exceptionally challenging task. Ge-
ologists often disagree on whether faults are present in specific locations, and the
process of interpreting and precisely annotating faults is labor-intensive. Various
tools and filters exist to enhance the visualization of features in seismic images,
aiding geologists in identifying areas of interest. These are further discussed in Sec-
tion 2.2.2] Deep Learning has made significant strides in this field, with numerous
studies focusing on the automatic identification of faults and their locations. This
research has seen industry adoption, with tools integrated into visualization software
packages and offered as on-demand services, such as those provided by GeoTeric.
The demand for better tools is matched by advances in Deep Learning algorithms,
driving active research in this area. However, performing Instance Segmentation on
faults is a relatively unexplored area, despite its clear applications in fault visualiza-
tion. Furthermore, predicting the orientation of faults offers valuable information

for analysis, motivating and inspiring the research presented in this thesis.

1.6 Research Questions and Findings

The following are the three primary research question that this thesis answers, to-

gether with a summary of the relevant findings:

How can Deep Learning models be used to predict orientation? I propose
four novel representations of orientation in 3D, all of which are effective, with the
Projection-Doubleangle representation performing the best in my experiments. The

Doubleangle representation can be used for 2D tasks.

Can predicting orientation on top of a semantic segmentation be used for
better performing instance segmentation of overlapping chromosomes?
Yes, I demonstrated how orientation can be predicted using a deep learning model
for chromosomes and developed an algorithm that further separates the overlapping

chromosome instances.
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Can prediction orientation on top of a semantic segmentation be used
for better performing instance segmentation of fault segments in seismic
geological surveys? Yes, I demonstrated how the orientation of faults can be
predicted using my proposed 3D orientation representations using a deep learning
model and explored various model architectures to do so. I developed an algo-
rithm that separates fault into fault segments based on their predicted orientation
and location, which can be individually visualised. The approach can be deployed

effectively to large volumes and parallelised on GPUs.
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CHAPTER 2

Background

2.1 Deep Learning

Deep Learning is a field of Machine Learning, where we train deep artificial neural
networks to find patterns in large amounts of data. Artificial Neural Networks are
inspired by our own brains, mimicking the function of neurons and their synapses. A
biological neuron accumulates membrane potential on the synapses of its dendrites
until a threshold is reached and an action potential is triggered. This will cause
the neuron to release neurotransmitters in the synapses on its axon, which will in
turn stimulate the dendrites of the postsynaptic neurons. Depending on the type of
neurotransmitter used in a synapse, this will have an excitatory or inhibitory effect
on the postsynaptic neuron. After a neuron has fired, it must recover its ions, making
it harder to fire again in quick succession. The rate of the neuron’s activation is what
we model in artificial neural networks, which makes the calculations computationally
simpler, as opposed to simulating individual neuron firings. We model the neuron’s
behaviour (firing rate) as a a sum of all the contributions on its dendrites’ synapses,
each of which is a weight (positive for excitation or negative inhibition) multiplied

by the firing rate of the presynaptic neuron connected to it. Additionally, we also
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have a bias term added to the sum. Overall, this operation is a weighted sum of the
input neurons’ firing rates plus a bias expressed as: x - w + b, where x is the input
activation, w the weight and b the bias. Finally, we must apply an activation function
to this weighted sum to transform it into the firing rate value. This operation also
leads to the terminology of pre-activation for the weighted sum and post-activation
or activation for the value returned by the activation function. Historically, to
model the biology, the sigmoid function o(x) = 1/(1 + e™*) was popular as an
activation function, however, the Rectified Linear Unit (ReLU) f(z) = max(0,z)
and its successors, such as GeLU, have become more common since. This behaviour
of a single artificial neuron is also shown in Figure [2.1]

To create a neural network, we connect multiple neurons together. Neurons
are arranged in layers, with the simplest architecture connecting every neuron in
one layer to every neuron in the next, forming a so called fully connected layer
or dense layer. The operation for such a layer with n inputs and m neurons is
activation(W - x + b), where W is matrix of weights of shape m x n, z the input
vector of shape n, and b the bias vector of shape m. Refer to Figure for a
diagram. We would refer to m as the width of the layer.

To create a deep neural network, we connect multiple layers of neurons together,
with the number of layers being called the depth of the network. See Figure for
an example. Provided that the layers use a non-linear activation function, deeper
networks can model increasingly complex functions. However, making networks deep
also causes issues with learning. Most importantly, the deeper the network the more
the learning signal gets diluted as it backpropagates through the network and the
early layers become prone to the vanishing gradient problem. Many breakthroughs
in Deep Learning help to address this issue, at least in part amongst having other
benefits. Examples include the use of ReLU as the activation function [8], the use
of batch normalisation [1], specialised architectures such as convolutional neural
networks [9], skip connections such as in a ResNet [10] and others. Let us first have
a look at backpropagation and how we train neural networks, before looking at some
of the aforementioned techniques in more detail.

Most commonly, neural networks are trained in a supervised learning context,
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Figure 2.1: A diagram of a biological neuron and its artificial counterpart. The
biological neuron works by firing at different intervals depending on the accumulated
signals on its dendrites, which is a binary signal, while the artificial neuron models
something akin to the rate of firing, a floating point value. Note that every synapse
on a dendrite has a weight associated with it. In the artificial neuron, x is the input
vector and y the output of the neuron, w the vector of weights, b the bias and a the
activation function.
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Figure 2.2: A diagram of a fully connected layer in an artificial neural network,
drawn in two different ways. The layer has an input width of 3 and an output width
of 4.

Fully Connected Neural Network
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Figure 2.3: A diagram of a fully connected neural network, drawn in two different
ways. The network is 3 layers deep, has an input width of 3, hidden widths of 4, 4
and an output width of 2 features.
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where we train them on a dataset of input and label pairs. The model is deployed
on an input making a prediction. This prediction is compared to the label using
a loss function that calculates the loss or error. The network’s weights are then
updated in a way that decreases this loss on this particular data example. This
is done by calculating the derivative of the loss with respect to every weight in
the network through a process called backpropagation [11]. We then use gradient
descent based optimisation algorithms to update the weights in the network. This
process is repeated with different data examples from the dataset, hoping that the
model will generalise to all the data in the dataset and domain at large.

When performing gradient descent, each step is conditioned on the data example
that the gradients were calculated from. These gradients could point in opposing
direction for different data. It is beneficial to average the gradients over multiple
data points and therefore reducing the variation in the gradient directions, which
also allows us to perform model updates in the direction of the resulting gradient.
We call the number of data points fed through the network for a single update the
batch size of the corresponding batch of data.

When evaluating a model’s performance, we must be careful with the data that
the metrics are gathered from. Commonly, a dataset is split into three subsets:
training, validation, and testing subsets. The training set is used to update the
model’s parameters (using gradient descent). The validation and testing sets are
strictly used for evaluation only, so that we can be certain that the model gen-
eralises to the task and these unseen datasets, rather than, for example, merely
memorising the specific examples in the training set (overfitting). The validation
set is used to make decisions about the training strategy, the model used, or any
other hyperparameters. Lastly, we use the testing set to evaluate the final model
performance, which must not affect any decisions that we make.

When evaluating the performance of a model, there are two commonly discerned
cases, called underfitting and overfitting. Underfitting occurs when the model is
unable to represent the data. It manifests itself as low performance in both the vali-
dation and training sets. This is often a symptom of error in the training algorithms

used, or an indication that the model is too small and simple for the task at hand.
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Overfitting occurs when the model fails to generalise by modelling the training data
too closely, such as memorising the examples in the training data. It manifests
itself as a decrease in validation performance while training performance is increas-
ing. Overfitting can be addressed by increasing the size of the training dataset,
simplifying the model, early stopping, or a variety of regularisation techniques.
With the basics of neural networks explained, we can now move to more specific
network components and architectures that are relevant to my design of neural

networks in this thesis.

2.1.1 Normalisation

When providing inputs into a neural network, it is important that the values are
normalised [12]. This is especially true when feeding values on different scales to
the network. If a network is fed an input feature close to 1 x 1072 and another
close to 1 x 103, then given a random initialisation of weights in the network, the
latter feature will contribute much more to the prediction, and subsequently affect
the learning process of the model undesirably. Commonly, values in a dataset are
normalised to the standard normal distribution, with a mean of 0 and a standard
deviation of 1. Additionally, many properties of neural networks are studied on the
basis of normalised values. For example, optimisation algorithms and their default
hyperparameters are often chosen to work best on normalised data.

A big breakthrough in deep learning came with the introduction of Batch Nor-
malisation [1], which normalises hidden activation values within the neural network
for better optimisation and learning throughout the network, not just at its inputs.
This is because even when we start with normalised data, its distribution can change
as the data moves through the network. Batch Normalisation looks at all the hidden
activations in a specific layer and across the whole batch dimension, and normalises
them to a target distribution. The layer gathers statistics of how it normalises the
data during training, which it then uses on deployment even with examples that do
not have batches.

There are also alternatives to batch normalisation. Notably, for use on image
datasets with Convolutional Networks, Instance Normalisation [2], Layer Normali-
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Batch Normalisation Instance Normalisation

channels

Figure 2.4: Visualisation of different normalisation techniques in convolutional neu-
ral networks: Batch Normalisation , Instance Normalisation , Layer Normali-
sation , Group Normalisation . The area in blue shows over what part of the
tensor the normalisation is calculated. The whole tensor is normalised in chunks of
the same shape as the one shown in blue.

sation , and Group Normalisation [4] are common candidates. Their functionality

is visualised in Figure [2.4, where they normalise over different parts of the tensor.

2.1.2 Regularisation

Regularisation techniques can be used to fight overfitting. One of the simplest
techniques is early stopping, where training of the model is stopped after valida-
tion performance stops improving and the model that achieved the best validation
performance during training is selected.

Increasing the dataset size is perhaps one of the best ways to fight overfitting.
Overfitting implies that the model is capable of modelling more complex relations

than is appropriate for the dataset. Since it is not always easy to get more data, data
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augmentation techniques can be used to achieve a similar purpose. For example,
mirroring an image can, in certain contexts, yield an equivalently valid datapoint.
Crucially, we must never treat different augmentations of the same datapoint as
independent. They must always belong to the same training/validation/testing
subset. This is a principle I explore further in Section [6.1.1]

Dropout [13] is another very effective and popular technique. During training, it
erases random connections in the network, temporarily setting their weights to zero
and not updating them. This encourages the network to distribute its computa-
tion and to not rely on specific connection. This increase in independence between
neurons helps to fight overfitting.

Batch Normalisation can also be considered as a regularisation technique, since
its normalisation has the effect of reducing the network’s dependence on specific
weights and activations that would otherwise have higher values.

Weight decay, also known as L1 or L2 normalisation is a technique, where the
magnitude of the weights is added as a penalty to the loss function. This encourages
the gradient descent updates to reduce the magnitude of the weights. L1 regularisa-
tion uses the absolute values as the penalty, while L2 regularisation uses the squares
of the weights. L1 normalisation commonly has the effect of reducing some weights
to zero, which can then be used to prune the network. L2 normalisation generally

encourages all weights to be smaller.

2.1.3 Tasks and Loss Functions

The choice of loss function is inherently tied to the task that the model is trained
on. Let us look at the commonly used loss functions for regression and classification
tasks in a supervised learning context. Note that the activation function used in the
last layer of the network is considered as part of the loss function in these definitions.

When performing a regression, we get the network to predict a continuous output
value and compare it to the value in the label. Depending on the range of the
predicted values, we might want to use a sigmoid activation function, which will
bound the output between 0 and 1, however, it will never be able to reach either
extreme. It may make sense when predicting probability values or other principles

21



that asymptotically approach 0 and 1. Similarly, the tanh function can be used
when the bounds are —1 and 1. A linear activation may be the most appropriate
for many variables that are expected to scale linearly. Similarly, we could apply the
exponential function or a log as the activation if we expect the property to scale
appropriately.

Next, let us talk about the different loss functions for a regression. The most
common is the mean squared error (MSE), defined as follows in equation [2.1}

1 n—1
MSE X, = — T — Yi 2, 2.1
) = 5 3o — ) 21)
where x is the prediction, y the label, and n the number of data points compared.
MSE has the effect of heavily penalising outliers, while only slightly penalising near
misses. This has the effect of creating blurry predictions, akin to Gaussian noise,
where values are rarely perfectly accurate but often in the general vicinity.

Mean absolute error (MAE), a.k.a. L1 loss, is defined as follows in equation [2.2}

n—1
1
=0

where x is the prediction, y the label, and n the number of data points compared.
Unlike MSE, MAE does not penalise outliers harshly and allows occasional big errors
more readily than MSE.

Next, let us move onto classification tasks. These are single-class classification
tasks and multi-class classification tasks. In single-class classification the probabili-
ties across all classes must add up to 1. This allows us to use the softmax activation
function defined as follows in equation [2.3}

softmax(x); = ne;l (2.3)

ijo er
For a multi-class classification, any example can belong to multiple classes. We
therefore have to calculate the probability for each class independently. We there-

fore use the sigmoid activation function to predict the probability for each class
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asymptotically bound between 0 and 1. Sigmoid is defined as follows in equation

2.4

1

= 2.4
I +e ™ (24)

sigmoid(x);

Let us talk about the loss functions used for classification. Most commonly, we
use a Negative Log Loss (NLL), which in conjunction with the various activation
functions gives rise to different variants of the Cross Entropy Loss (CE). NLL is

defined as follows in equation [2.5}

=l —In(a; ify=1
NLL(x,y):lZ i . (2:5)

(g —In(l —z;) ify=0

which is visualised in Figure [2.5] This loss is large when the label is misclassified
with a large confidence, while levelling out the close we get to the correct prediction.
Note the use of the negative sign, which makes the values of the log positive, with
lower values that are closer to zero being desirable. This makes it appropriate as a
loss or error function that we try to minimise.

We can equivalently express NLL without using a piecewise equation as follows
in equation |2.6] This form is also commonly referred to as the Binary Cross Entropy

Loss:

i
L

NLL(x,y) = —lyi - In(z;) + (1 — ;) - In(1 — x;)]. (2.6)
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When expressed in this form, NLL can also be calculated for labels that are not only
y =0 or y = 1, but any continuous value between 0 and 1. In this way, a weighted
average is calculated between the two losses such that the lowest loss is found at
x = y. Note that the loss will never be zero in these cases, even when x = y, which
is why the loss is not used with such values frequently. However, I found it to be
effective in my experiments. The loss is visualised for a selection of target values in
Figure 2.6 The types of problems that use such labels are known as classification

tasks with continuous labels, fuzzy labels, or partial class assignment. Despite being
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Figure 2.5: Graph showing the curve of the negative log loss. The blue curve shows
the loss if the label y = 1 and the orange curve shows the loss if y = 0.

classification tasks, these models often use the MSE or MAE losses.

2.1.4 Convolutional Networks

There are numerous properties of images that we can exploit when designing Deep
Learning models that work with image data. Most importantly, the pixels in an
image are laid out spatially, with nearby pixels being more closely related to each
other than pixels that are far away. Additionally, a degree of translation invariance is
present in images, since shifting an image by a few pixels does not completely change
the contents of the image. If we use fully connected networks on images, every
pixel is compared to every other pixel with equal importance, losing any notion of
local connectivity. Additionally, shifting the image would cause completely different
weights to be used for each pixel, which could vastly change the prediction of the
model.

Convolutional networks are built around the convolution operation, which is an
operation that applies a stencil to the local neighbourhood in an image as seen in

Figure Each output pixel is calculated from the local neighbourhood of the
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Figure 2.6: Graph showing the curve of the negative log loss, also known as binary
cross entropy, for target values y that are not only y =0 and y = 1.

respective pixel in the input image. Crucially, the same weight matrix called the
kernel is used for each output pixel, with only the relative position between the
input and output pixel being important. The size of the kernel, such as a 3 x 3
kernel, determines the receptive field of the operation, which is the area in the input
that affected a particular output pixel.

Notably, the size of the output image is reduced with a convolution, because
there aren’t further pixels near the boundary to be multiplied by the kernel. This
can be inconvenient. Instead, we could pad the image with additional values to keep
the image sizes the same, most commonly zero values.

By itself, the convolution operation can only input and output a single greyscale
image, i.e. an image with 1 channel. If we wanted to apply a convolution to an
RGB image with 3 channels, we could apply a separate convolution to each image
and sum their results (before applying the activation function). Furthermore, if we
wanted to output more than 1 channel, we could repeat the process multiple times

with different kernels. Together we call this a convolutional layer. This operation
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blue and the orange lines have the same respective weights, which is a 3x3 matrix
26

neighbourhood of size 3x3. The weights used for each neuron are the same, i.e. the
of weights known as the kernel.

Figure 2.7: A diagram of a 3x3 convolution operation inside a convolutional network
layer. With a 3x3 kernel, each output neuron is conditioned on the inputs in a local
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Figure 2.8: Visualisation of a convolutional layer with a 3 x 3 kernel.

if visualised in Figure [2.8] when expressed in terms of multi-dimensional tensor
operations. Note that this convolutional layer behaves like a fully connected layer
within the ”input channels” and ”output channels” dimensions, where each output
channel is connected to each input channel.

There are two additional properties of a convolutional layer that can be modified.
The first is the stride. This refers to how many pixels we move the kernel across the
image. This value can be specified independently for each axis, height and width.
With a stride bigger than one, the resolution of the output image will be lower than
that of the input image. The second property is the dilation of the convolutional
kernel, also known as an atrous convolution. The dilation specifies how spread out
the pixels are in the local neighbourhood of the input image that are multiplied
with the kernel. With a dilation bigger than one, the pixels will not be adjacent,
but rather spread out by the dilation factor.

Convolutional layers can be applied in sequence, commonly with normalisation
layers between them, to form deep convolutional networks. An important principle
to keep in mind when designing convolutional networks is the receptive field of the
whole network. It tells us the size of the local neighbourhood on the inputs that

affected a single output pixel. Notably, with convolutional networks, pixels near the
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middle of the receptive field tend to have a larger contributions than near the edge.
To increase the receptive field of a convolutional network, it is common to use a
series of downsampling and upsampling operations that change the resolution of the
image, which is the basis behind the UNet architecture [14].

Convolutional networks are most commonly used with two types of tasks on im-
ages. Either predicting features for the whole image, or predicting features localised
in space (on a per-pixel basis). The loss functions used are commonly the same,

only the loss is calculated repeatedly for each output pixel in the latter case.

3D Convolutions

So far we talked about 2D Convolutional networks that work on images with height
and width components. The same principles can be applied to 3D images with x, y
and z components, by adding an extra spacial dimension to all the tensors. Examples
of data that these 3D convolutional networks can be used on are MRI scans, or
tomographic images. Notably, convolutional layers don’t have many parameters
compared to their fully connected counterparts. However, they have a big memory
footprint of the images being passed through them. This becomes much worse in
3D convolutions than in 2D, putting different constraints on the 3D convolutional

networks’ design, such as their widths, depths and resolutions of volumes used.

2.1.5 Semantic Segmentation

Semantic Segmentation is an imaging task, where each pixel of the image is classified
into a distinct semantic category. The goal is to identify objects within the image, as
well as their precise boundaries. In the simplest form, if we have k available semantic
classes, the model predicts an image with k£ channels. A softmax activation function
is used across the channel dimension to get probabilities of the pixel belonging to
each semantic class and the network is trained using a Log-Loss on top of the softmax
layer. Together these are known as the Cross Entropy Loss.

Within Deep Learning, the field started with fully convolutional networks. The
next significant improvement came with the use of down and up-sampling together

with skip connections in the form of the UNet architecture [14]. The UNet was
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originally designed for biomedical image segmentation, but has been widely adopted
across various fields and its principles remained as a structure for many following
architecture. Most of the model architectures I explore in this thesis fall within the
UNet structure.

Improvements that followed are dilated or atrous convolutions. These can serve
as an alternative method of capturing features at various resolutions and are used
by the DeepLab family of models, such as DeepLabv3+ [15].

The principles of the style of skip-connections in a ResNet architecture [10] can
also be used within architectures used for semantic segmentation. They allow the
models to be much deeper than before, and proved to be an effective approach.

Attention is another principle that has been incorporated into segmentation mod-
els. It allows models to focus on relevant regions of an image, with architectures
such as The Attention U-Net [16].

More recently, transformer-based architectures have become more popular for
semantic segmentation. Architectures such as the Vision Transformer (ViT) [17]
and the Swin Transformer [18] demonstrate that even for segmentation, attention
is all you need. However, as it turns out, these attention based architectures are a
double edged sword for the type of synthetic data that I use. It may exhasterbate
the differences between the synthetic and real data and may not necessarily lead to
improvements on the model’s generalised performance on the real data. See Chapter

[7] for a more detailed discussion.

2.1.6 Instance Segmentation

Instance segmentation is a task that is more complex than semantic segmentation. It
similarly classifies pixels in an image, however, rather than just determining semantic
categories, it also distinguishes between multiple instances of the same object.
Early approaches often relied on a combination of traditional computer vision
and object detection methods. One of the pioneering methods was the Region-based
Convolutional Neural Network (R-CNN) [19], which used a two-step process: first
generating region proposals as bounding boxes and then classifying and segmenting
each region independently. However, these models were computationally expensive
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and required significant post-processing to refine the proposed segmentation.

The Mask R-CNN architecture [20] was a significant breakthrough in instance
segmentation. It uses a small convolutional network to propose a binary mask for
each instance’s region proposal bounding box. This approach set the standard for
instance segmentation and remains as one of the most widely used architectures in
the field.

Following Mark R-CNN, various alterations and improvements have been pro-
posed to enhance the accuracy, efficiency and flexibility of the model. One such ad-
vancement is the Path Aggregation Network (PANet) [21], which improves feature
fusion across different levels of the feature pyramid and better captures multi-scale
information.

Another notable development is in the YOLACT model (You Only Look At
Coefficients) 22|, which reduces computational complexity and allows for real-time
instance segmentation. It does this by predicting a set of prototype masks inde-
pendently from object instances. YOLACT only predicts a set of coefficients for
each instance, which are linearly combined with the prototype masks, saving much
computation.

The SOLO (Segmenting Object by Locations) [23] uses a fixed grid instead of
predicting bounding boxes for each instances.

These Deep Learning techniques for instance segmentation fundamentally rely on
the principle of object localisation to distinguish instances. Commonly, its region
proposals take the form of bounding boxes, and are problematic for instances of
objects that are highly occluded. However, it is even more problematic for very
narrow objects that may have large bounding boxes, such as geological fault planes.
A bounding box over a fault plane would not offer much information about it. This
justifies my exploration of the use of orientation for separating the instances of

overlapping chromosomes or faults.
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2.2 Seismic Imaging

2.2.1 Uncertainty in Geoscience

One of the main aspects of Geoscience is the analysis of subsurface geology. In
order to create geological framework models, experts in the field have to rely on
limited information, as the subsurface cannot be accessed directly without digging
into it, such as with tunnels or wells. One major tool at their disposal is seismic
tomography, which is capable of providing information about large areas and depths
of the subsurface at relatively high resolution. Nevertheless, seismic reflections are
only an indirect way of observing the subsurface, the interpretation of which is
a difficult and time-consuming task. In addition, linking seismic interpretations
with actual geology is challenging, where drilling data must be used for calibration.
Therefore, one cannot understate the difficulty and importance of the geologists’
task in uncovering the geology. In fact, the entire discipline of geology has been
recognised as a field in which uncertainty is the norm rather than a special case by
Robert Frodeman [24], a science historian and philosopher.

Uncertainty can be broadly separated into two kinds: objective quantitative
uncertainty, such as errors in readings and measurements, and subjective qualita-
tive uncertainty, where human judgement and decisions are involved. Walker et
al. [25] argue that individually addressing these types of uncertainty is important.
Within geoscience objective uncertainty is generally addressed, however, subjective
uncertainty only has a handful of studies. Moreover, this uncertainty is rarely even
acknowledged within geoscience, with a lack of means to communicate such uncer-
tainty, argues Clare Bond [26].

Bond et al. [27] set out to identify the extent of uncertainty in geological interpre-
tations without relying on the subjective measure of one’s confidence in a solution.
They designed a synthetic seismic image by forward modelling. In this way, they
knew the exact underlying geological processes that formed the final model and the
seismic image. Then 412 geoscientists were assigned to interpret the image. Only
10% of the interpretations were correct, which increases to 21% partially correct in-

terpretations. In other words, 79% of the participants failed to identify the correct
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geological process and the most common interpretation was incorrect.

Bond et al. further analysed a subset of their results from [27] in 28], identifying
the aspects that made experts effective at interpreting the seismic image. Out of
the 445 geologists, they analysed the interpretations of 184 self-proclaimed experts
in structural geology. Of this subset of geologists, 35% correctly identified the in-
version, compared to the overall proportion of 21% from all participants. Out of
all the explanatory variables, they found the following two to have the most signifi-
cant influence on correctly identifying the inversion: having a Master’s or a PhD, as
well as making use of evolutionary and geometric feasibility. Interestingly, having a
Master’s or PhD degree mattered, whereas technical specialism, years of experience,
and most known tectonic setting were insignificant. As far as interpretation tech-
niques go, the 18 out of 184 participants who forward-modelled their interpretations
to verify their feasibility were almost three times more likely to find the correct
interpretation. Furthermore, the interpretation and annotation of horizons was also
significant, although less important.

Rankey and Mitchell [29] devised an experiment with six interpreters who iden-
tified the same seismic volume. They were provided with a known lower horizon
together with the data from two wells. Subsequently, six wells were given to them,
together with literature on the geology of the reservoir. Following the additional
information, four of the six made changes to their interpretation. Despite the task
being described as easy by the interpreters, their interpretations differed in cer-
tain places, and they applied different amounts of smoothing. Quantitatively, their
volumetric measurements differed by up to 24%.

Polson and Curtis [30] studied how the confidence of a team of four experts in
the hydrocarbon industry changed during a group elicitation session. Before the
session, the confidence of the experts varied significantly. Their opinions changed
significantly throughout the meeting, despite not receiving any new information
about the task. After finding a consensus, their confidence agreed much more. Nev-
ertheless, the self-reported best-guess probability of being correct after the consensus
was reported as low as 50%, with 85% for the location of a fault. However, the ex-

perts’ confidence in this interpretation dropped after the meeting, where one expert
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started disagreeing with the consensus from 10 minutes ago. This behaviour was
later analysed by Andrew Curtis [31], where he warns that a consensus of multiple
experts might not reflect the true probabilities of being correct.

Rowbotham et al. [32] make the case for interpreters to define multiple possible
scenarios as opposed to predicting a single most likely interpretation with uncer-
tainty bounds. They analyse the cognitive biases that people are prone to when
interpreting and demonstrate them in action in three separate case studies. The
problematic behaviours are as follows: The need to get the 'right’ answer, being
instinct driven, box ticking, focusing on the wrong thing, herding, overconfidence,
anchoring on a best technical case, and the lack of understanding of impact.

These levels of uncertainty in geological interpretations show how difficult it is to
interpret geology. This highlights a few important aspects that need to be addressed
when trying to automate the interpretation process. First, the importance of inter-
pretability in any automated solution. The model needs to be able to justify its
interpretation so that geologists can verify its reasoning. Furthermore, outputting
multiple feasible interpretations and their respective confidence would also be help-
ful. Second, with such a high amount of uncertainty, it is difficult to gather data
on which a machine learning model can be trained effectively. A machine learn-
ing model can only be as good as the dataset on which it is trained. Relying on
human interpretations of real data is dangerous, and augmenting the process with
synthetic data formed by forward modelling might be appropriate, even though it

poses additional challenges.

2.2.2 Automatic Interpretation

Computers have always been an integral tool in the analysis of seismic images,
with technology becoming more important as the seismic surveys increased in size
and resolution. Modern seismic surveys are now able to cover areas of more than
10000km? represented as terabytes of data. As a result software for interacting
with this data has become important. These tools not only help visualise the the
seismic data and provide interfaces for doing the interpretation, but also aid in the
interpretation process. Broadly speaking, the tools for aiding with interpretation
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can be separated into three categories: attributes, picking tools and automated
interpretation. A review of such techniques was performed by Wang et al. [33].

Attributes are a group of techniques that highlight certain features in the seismic
images. They can be thought of as visual processing filters. A good attribute is
sensitive to geological features directly or it highlights the depositional or structural
environment from which the geological features can be inferred. Seismic attributes
are however still highly reliant on a person to perform the interpretation, they merely
aid in the visualisation of the data. Chopra and Marfurt [34] performed a thorough
analysis on the importance of seismic attributes from a historical perspective. For
the purpose of fault detection, there are several commonly used attributes, such as
coherence [35], curvature [36], similarity [37], entropy [38] or flexure [39].

The second category of tools are designed to help a person interact with the
software and express their own interpretation. These tools often require the user
to input some seed points, which the algorithm then connects, or grows out along
the feature boundary. Examples of such tools for fault detection are ant tracking
by Pedersen et al. [40], Cohen et al.’s 3D fault surfaces extraction algorithm [3§],
or GeoTeric’s proprietary Adaptive Fault Tracking [41]. Pavlidis [42] proposed a
method to extract one pixel wide fault surfaces from larger fault regions and Hale’s
method [43] constructs a surface of quadrilaterals to define a fault surface from
quadrilaterals. Active Contour Algorithms [44] can also be used to create surfaces
from fault likelihood data, or any other geobody likelyhood. These methods can be
applied to seismic attributes as well in order to perform a fully automated interpre-
tation, however these interpretations generally suffer from either a low precision or
a low recall. A human interpreter is ultimately still needed to create the interpre-
tation.

The emergence of Deep Neural Networks has significantly improved the ability
of tools to perform seismic interpretations directly and detect faults [45]. Deep
Learning is capable of discovering intricate patterns in large data sets by perform-
ing processing in multiple layers with an increasing level of abstraction with each
layer [46]. This property of Deep Neural Networks has been compared to human

intuition, however due to its high level of abstraction the models suffer from a lack
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of interpretability [46]. They are black boxes. Nevertheless, Deep Learning models
have revolutionised a number of fields including image processing. For the tasks
of image recognition or object detection, Convolutional Neural Networks [47] have
become the leading architecture [48]. These models have also made it into the field
of seismic interpretation with a number of approaches that attempt to automate the
interpretation process.

Convolutional Neural Networks work by repeatedly applying convolutional fil-
ters, which identify features of increasing complexity in an image. The first filters
detect lines and curves, which feed into middle layers that detect more complex
textures, until eventually features such as eyes or a nose can be detected in a facial
recognition setting. The relative positions of the eyes and a nose could then be used
to identify a person in the last layers of the network. A major advantage for image
processing is that when compared to standard deep neural networks, convolutional
networks are position invariant. This means that if a convolutional network learns
to identify a face in one corner of the picture it will be able to identify it anywhere
in the image. A standard neural network would treat different parts of the image
independently and need to learn to identify the same features separately for every
location in the image.

Convolutional Neural Networks have also made big impact within seismic in-
terpretation. They have been successfully applied to task such as facies detec-
tion [49H53], salt body detection [54-57], inversion [58-61], horizon detection [62/-65]
or fault detection [54-57,66-77]. This also demonstrates the versatility of convo-
lutional networks and their ability to distinguish a wide variety of features given
the correct dataset and approach. Despite their success, the aforementioned models
are far from perfect and still require a lot of research to get anywhere close to fully
automating the interpretation process. The general formulation of the task for all
the aforementioned approaches is called semantic segmentation.

Semantic segmentation is defined as a task where for every pixel/voxel in the
input the network will output a category that the pixel belongs to. Depending
on the labels in the dataset the network will learn to identify different features,

even with the same network architecture. The semantic segmentation can also be
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expanded such that instead of categorising every pixel into distinct categories the
network will output a set of parameters for each pixel. This allows a single network
to identify multiple types of features simultaneously. The outputs of such a network
can be treated as a custom filter that highlights certain features, similarly to any
image processing filter. The output may then further be modified in post processing
to extract meaningful information. In comparison to image processing filters or
attributes applied to seismic images, the neural network is able to provide better
results. If good enough, the network outputs could be treated as an automatic

interpretation, instead of just another tool for a human interpreter to use.

2.2.3 Synthetic Data

One difficulty with applying neural networks to the tasks of seismic interpretation
is that neural networks require large amounts of data to learn. This data has to
be annotated in order to train the neural network in a supervised way. However,
gathering large amounts of already interpreted seismic data is difficult. As described
in the uncertainty Section [2.2.1] even experienced interpreters often disagree on the
interpretations, especially when working with large amounts of 3D data that humans
struggle to effectively work with. One of the advantages that algorithms have over
humans is their ability to effectively work in any number of spacial dimensions.
A second issue with human interpreted datasets is their fidelity. Not only can
interpreters disagree about the exact position of a feature, such as a fault, but
the drawn in feature will often be drawn with varying amounts of smoothing or
resolution. Together with the interpretation being a very laborious process, real
datasets are scarce and of varying quality. Since a neural network can only be as
good as the data it is trained on [78|, researchers have turned their attention to
synthetic datasets. A common phrase used in the deep learning field signifying this
principle is "garbage in, garbage out”.

Synthetic datasets are produced by forward modelling and creating new geology
that is different from what can be seen in the world but made to resemble the
real data. Such synthetic datasets have the major advantage of having perfect
labels, since the process of how exactly the synthetic image was created is known.
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Synthetic data is therefore very consistent and the datasets can be made arbitrarily
large. Their downside is that the synthetic images might not perfectly resemble the
real images, nor do they capture all the possible geology that can be encountered in
seismic surveys as they are restricted to assumptions about how geological processes
work. Nevertheless, networks trained on synthetic data are capable of transferring to
real data 66169, 75,79] and the advantages of synthetic datasets seemingly outweigh
their downside and make them more popular data type. When training a network on
synthetic data and then deploying on real, a decrease in the accuracy of the models
does occur. The field of Deep Domain Adaptation is focused on minimising said
performance decrease and making neural networks work effectively with multiple
data domains.

The common principle behind all of domain adaptation is that the models are
treating different domains differently, yet not independently. They transfer learn
from other domains to ultimately become more effective within its target domain.
Within the sub-field of homogeneous domain adaptation, as described by Wang and
Deng [80], the domains share the same feature space, which is the case for real
and synthetic seismic data. The predominant way the domain adaptation works
in this case is that two domains are mapped onto a shared representation. How
this is achieved varies depending on the nature of the labels, with a number of
approaches that exist. In the seismic data case, the real data, which is the tar-
get domain, is unsupervised. For this homogeneous unsupervised case Wang and
Deng [80] categorised the existing approaches into the following: Discrepancy-based,
Adversarial-based and Reconstruction-based.

With discrepancy-based approaches, the model is trying to make the shared
representation similar across all the domains. Statistic criterion attempts to directly
compare the shared representation of the data from various domains and apply a
loss that will encourage the representation to be similar. These can be maximum
mean discrepancy [81], correlation alignment [82], Kullback Leiber divergence [83]
and H divergence [84]. Alternatively, architecture criterions can be used, where the
architecture of the network is directly adjusted to aid with the transfer learning,

such as batch normalization [85] or dropout [86,87].
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Adversarial-based approaches leverage a domain discriminator that is trained to
distinguish between the various domains that the representation stemmed from, and
then is adversarially used to minimise the distance between representations. These
can be generator based [88,89] or non-generator based [90,91].

Reconstruction-based approaches reconstruct the source data again from the
representation in the original or the other domains that it was trained on. These
can be encoder-decoder based models, such as stacked autoencoders, or adverserially
trained models, such as Dual GAN [92], Cycle GAN [93], or Disco GAN [94].

Specifically for the task of semantic segmentation there have been a few proposed
models targeted at homogeneous unsupervised domain adaptation. Contributions
that focus on self driving car applications are of particular significance to our work.
There is a lot of focus on the semantic segmentation of a car’s dashboard camera,
with numerous real datasets as well as video game datasets available. These datasets
are in principle very similar to synthetic and real seismic data, since the features are
extremely similar across both domains, with the main difference being the textures
and noise. There are, however, notable differences between the dashboard camera
and seismic data, which mean that not all approaches will translate from one data
domain to the other. Notably, dashboard camera data can exploit properties like the
shape of objects, or the position of the sky and ground in the image and leverage
these when designing the domain adaptation, such as the solution proposed by
Hoffman et al [95] or Chen et al. [96].

Hoffman et al. [95] first introduced a model that uses adversarial-based training
to perform domain alignment on fully convolutional networks. They make use of
two principles, firstly minimising the global distribution of the position of the class
labels in the images. This principle is not useful for seismic images, since we cannot
rely on the global positioning of faults to be similarly distributed in the synthetic
data and real data. Secondly, they perform a category specific adaptation which
takes the distribution of pixels of a single category into account and trains both
domains to output similar distributions. This second loss doesn’t translate well to
interpreting seismic images, because of the average shape of a feature such as a fault

doesn’t bare much significance.
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Sankaranarayanan et al. [97] propose a method on the Cityscapes dataset. They
treat the two domains of data in the same way, however they encourage the rep-
resentation in a specific hidden layer of the network to be similar for both data
domains. They do this by reconstructing the source images from the hidden layer
by a generator network, which is trained using an adversarial discriminator. This
method improved the performance of the model by 23% on the intersection over
union metric.

A similar method is proposed by Huang et al. [88]. Their proposed solution
makes use of supervised domain adaptation, with labels for both real and synthetic
data domains, however they make use of unsupervised domain adaptation princi-
ples that still apply to seismic data. Their models utilises a reconstruction based
adversarial model, which maps both data domains onto a shared representation Z.
This representation 7 is then used to recreate the image in both the original data
domain and in the opposite domain. Adversarial discriminators are then used to
ensure the recreated images look like the original data and so that the discrimina-
tor cannot tell which data domain the image originated from. This encourages the
shared representation Z to also be independent from the original data domain.

Choi et al. [98] take a different approach to unsupervised domain adaptation,
where they create an augmented synthetic dataset that looks similar to the real
dataset, by applying a style transfer network from the synthetic to the real data.
This method shows very promising results on the dashcam data, however it might
struggle on seismic data, since there is nothing in the style transfer network that
enforces that the position of the features in the augmented image remains the same
as the source image. The neural network architecture ensures that the features are
mostly stationary, which is sufficient for photographic images, however in seismic
images small shifts in the image can have a major effect on the interpretation of
the image and the features within it. Despite the augmented image looking like a
proper seismic image, it might no longer match up with the labelled interpretation.

For the specific case of unsupervised homogeneous domain adaptation that is
effective on seismic synthetic and real data, there are few proposed architectures.

There is space for further research that combines the principles from a number of
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principles with the seismic data in mind. Specifically I expect a combination of a
statistic criterion, an adversarial approach and a reconstruction based approach to
be the most promising on seismic data, which I combine in the GAN architecture
in Section [7.3l However, this approach still suffers from fundamental issues, which
led me to abandon the avenue of research. I later experimented with self-supervised

learning as a reconstruction based approach with limited success.
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CHAPTER 3

Datasets

Throughout my research, a consistent element is the use of various datasets, which
play a central role across multiple chapters. These datasets comprise input data
and, where applicable, corresponding labels. The nature of each dataset directly
influences the specific task for which Deep Learning models are adapted and trained.
With my biggest contributions being in representing and predicting orientation, most
of my datasets address this task. They therefore need to have annotations of the
orientation of features in their images. However, very few real datasets exist that
have such annotations, which is why I rely on synthetic images. The first level of
datasets that I use are made of binary images, consisting of either lines, curves, or
planes in 3D, which I refer to as dummy datasets. These are fully synthetic datasets
that give me the most accuracy in their labels and are the simplest. The second
level of datasets are synthetic datasets that are made to resemble real images as
best as they can, while still providing labels and orientations. These include the
chromosome dataset and the synthetic seismic data. Lastly, real unlabelled datasets
are what the models are ultimately meant to be deployed on, even though they
cannot be trained on them because of the lack of labels. I also use these datasets in

the Instance Separation Chapter[6] which uses the predicted values of the orientation
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Figure 3.1: Example input images from the 2D Dummy Dataset.

applied to the real data to separate the different instances of faults or chromosomes.
Since this is a hand-engineered algorithm as opposed to machine learning, it does

not require labels, making the real dataset most appropriate.

3.1 2D Datasets

One of the first simplifications for predicting orientation was to address the 2D case
first, before moving on 3D which is needed for the seismic interpretation. Predicting
orientation in 2D shares many challenges with 3D orientation while reducing the
complexity of the representation, making it easier to find or generate datasets for
the task, and making the training and evaluation of the approach faster since smaller

models are sufficient for the task.

3.1.1 Dummy 2D Datasets

My early experiments for predicting orientation were using a fully synthetic black
and white dataset. Although this datasets was completely superseded with the
chromosome dataset, it served an important role in figuring out how to approach
the task. Examples of the dataset can be seen in Figure [3.1]

The input images in the dataset are greyscale and are drawn as white lines of

various thicknesses on a black background. Each image contains one, two, or three
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lines. The can be straight lines, Bezier curves, or custom random curves that have
a randomly changing curvature. The images are annotated with the segmentation
of each individual line and the orientation defined as a tangent vector for each pixel
on the lines.

The primary use of this dataset is to evaluate the 2D orientation representations
for pixels that belong to a single line. Points where lines intersect are annotated
with multiple orientations at the same time. I discuss the idea of predicting the
multiple orientations in these pixels simultaneously in Section but ended up
abandoning the project. Lastly, this dataset could also be used for the separation
of the individual line instances. I explore these ideas in Chapter 6], but only deploy

them on the chromosome dataset that superseded this dummy dataset.

3.1.2 Chromosome Datasets

Moving on from the dummy dataset, I was searching for a similar dataset to the
dummy dataset with overlapping instances of objects that are flat. A two dimen-
sional orientation must be sufficient to describe their orientation. Unlike the dummy
dataset, this dataset should be made of real images that require the network to per-
form a semantic segmentation to distinguish the objects from the background. I was
inspired by an assignment [ had during my undergraduate study in which we had to
segment and separate instances of worms using simple image processing techniques
and without deep learning. However, I was not able to find the dataset, nor any
related fields of work that may be interested in such algorithms. Instead I turned
to chromosomes.

When karyotyping, chromosomes are segmented and arranged by size from a
microscope picture of the chromosomes with various dyes. Frequently, chromosomes
overlap in these images. Instead of segmenting the overlapping chromosomes, the
experiment is repeated until a slide is found with chromosomes that do not overlap.
If an algorithm could segment even the overlapping chromosomes, it would speed

up the process of karyotyping.
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Figure 3.2: Example images from Pommier’s dataset of synthetically overlapping
chromosomes. A specific subset of images was selected that all share one chromo-
somes in the same orientation and position.

Pommier’s Synthetic Dataset

Jean-Patrick Pommier published a synthetic dataset of 13434 images of overlapping
chromosomes E], with examples visualised in Figure . Pommier also published the
code used to create the synthetic images in a blog post where he also explains the
process. The dataset is created from a single image of a human metaphase stained
using 4’,6-diamidino-2-phenylindole together with a Cy3 fluorescent telomeric probe
[99], which is visualised in Figure[3.3] The image contains 46 individual chromosomes
that do not overlap or touch. The synthetic dataset is created by taking pairs of
chromosomes, rotating, translating, and averaging their pixel values. The original
dataset is annotated with a segmentation of the chromosomes with categories: chl,
ch2, overlap and background. Although the dataset does not contain information
about the orientation, these labels can be generated by manually annotating the 46
source images and adjusting the synthetic image generation code accordingly.
However, as presented by Pommier, this dataset suffers from one major flaw.

Since all of the images in the dataset were created from the same 46 individual

'Pommier, J.P. (2016) Overlapping chromosomes dataset
https://www.kaggle.com/jeanpat/overlapping-chromosomes
https://github.com/jeanpat/DeepFISH
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(a) The image of the slide that Pommier’s dataset is
made from.

(b) The image of a different slide also published by
Pommier. This slide is not used in Pommier’s dataset,
but is used in mine.

Figure 3.3: Raw images of chromosome slides. Unlike Pommier, my approach also
considers slides that contain overlapping chromosomes. Only the non-overlapping
subset of chromosomes is used to generate the synthetic dataset, while the overlap-
ping ones are kept for the real dataset used for evaluation.
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Figure 3.4: An example of an image from Pommier’s dataset, with two viable an-
notations. It is unclear which should be correct.

chromosome images, they are not independent. This means that we cannot sepa-
rate them into train/validation/test sets, since these subsets must be independent
from each other. This is shown in Figure |3.2 since the selected synthetic images
all share the same chromosome in the same orientation and position. However,
Pommier’s dataset has separated the images into train/validation/test sets, which
is how the dataset was used in some related work. I explore the issues with the ap-
proach used in related work in Chapter [6] and how it was undetected because of the
train/validation/test sets not being independent. In summary, chl and ch2 cannot
be distinguished using a semantic segmentation approach, since they are semanti-
cally identical. They are both chromosomes, and are merely two different instances
of the same semantic class. It is unclear which class should be assigned to which

chromosome in any image, as visualised in Figure [3.4]

My Synthetic Chromosome Dataset

To address the issue with Pommier’s dataset, I modified it. Pommier also published
all 15 images of chromosome slides, where he only used a single image for his dataset,
because some chromosomes overlap in the other slides. An example can be seen in
Figure|3.3l The chromosomes that do not overlap are used to create synthetic images
in a process similar to what Pommier used, while the overlapping chromosomes
are saved for a small validation/test set of real overlapping chromosome images.
The 15 slides contain a total of 620 non-overlapping chromosomes and 30 images

of overlapping chromosome pairs or larger chromosome clusters. To separate the
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images into train/validation/test sets, the chromosome source images are separated
according to the slide they were found on. In other words, chromosomes from the
same slide will only ever appear in a single subset. Pairs of chromosomes from a
given subset are then randomly sampled, the chromosomes randomly rotated and
translated, and their pixel values averaged to create the final synthetic images. This
process is performed at runtime to save the memory requirement of the dataset while
also allowing any continuous rotation and translation values.

This dataset is therefore formed out of two parts. The synthetic images and the
real overlapping images. Each of them are annotated in different ways and used for
different tasks/evaluations.

The pixels in the synthetic images are annotated in the same way as Pommier’s
dataset, with class labels of: chl, ch2, overlap and background. Additionally, the
pixels in the chl or ch2 category are annotated with the orientation of the chro-
mosome expressed as the tangent vector to the chromosome. The tangent vector
was determined as the tangent to a centre-line drawn through the chromosomes,
with every pixel on the chromosome annotated based on the closest point on the
chromosome’s centre-line. Note that the sign of the tangent vector is selected arbi-
trarily. There are also labels for the two orientations in the overlapping areas, one
for each chromosome, however, I ended up abandoning my attempts at predicting
these values.

The real images of overlapping chromosomes are annotated in two different ways,
depending on what approach is used to separate the overlapping chromosomes. If the
algorithm is capable of separating any arbitrary number of chromosomes in a cluster,
then the labels depict each separate chromosome in a cluster. If the algorithm only
distinguishes pairs of chromosomes, then clusters are separated into multiple images
of adjacent or overlapping pairs of chromosomes. The images are cropped around the
pair of chromosomes, however, other chromosomes from the cluster may be visible in
the image. These images are annotated in a fashion similar to the synthetic dataset
with classes: chl, ch2, overlap and background. I never annotated these real image

datasets with the orientations of the chromosomes.
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3.2 3D Datasets

Moving from 2D orientation representations to 3D orientation representations re-
quired similar datasets, but in 3D. The selection of datasets is inspired by seismic
imaging datasets with fault annotations. As such, the 3D datasets are made from

3D volumes made of voxels also known as regular rectilinear grids.

3.2.1 Dummy 3D Dataset

Similarly to the 2D case, my earliest experiments in 3D were with synthetic greyscale
images with a black background and flat planes drawn in white. The orientation of
the plane is defined by its normal vector, the sign of which is selected arbitrarily.
A normal vector n and —n result in a plane with the same orientation, hence the
need for negation invariant orientation representations. The planes passed through
a randomly selected point in the volume with a randomly selected orientation, and
multiple planes could be present in each volume of size 96 x 96 x 96 voxels. Any voxel
with a centre point within 3 units (distance between voxels) to the plane is deemed
to be on the plane and is drawn in white. These voxels are also annotated with
the normal vector of the plane. It is possible to get the annotations for every plane
independently, where a voxel may lie on multiple planes in areas of intersection, and
have multiple normal vectors in these points. In practise, however, I never used these
annotations, since I never moved onto 3D representations with the multi-orientation
representations discussed in Section [.3.1] Instead the labels are simplified to a
semantic segmentation with the classes: background, unique plane, intersection.
The voxels on a unique plane are labelled with the orientation of the plane as its
normal vector and left as arbitrary values for points on the background or the
intersections.

Armed with the experience from the 2D case, I didn’t spend a lot of time ex-
perimenting on this dataset. I knew that I only relied on the synthetic chromosome
dataset for evaluating the 2D representations in the end, since it offered similar
insight to the utility of the representations but in an context more similar to the

intended use of the representations. Similarly in 3D, I quickly moved to the syn-
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thetic seismic dataset in Section However, there are aspects that cannot be
easily evaluated using the synthetic seismic dataset, which led me to design a second

dummy 3D dataset.

3.2.2 Toy 3D Dataset

The representations for 3D orientation suffer from issues that are only present for
certain orientations. It is therefore important to evaluate the representations for
every possible orientation. This is not possible with the synthetic seismic dataset,
because it can only model faults that fall within a subset of all the possible orienta-
tions. For example, a perfectly horizontal fault with a dip of 0° cannot be modelled
effectively. Additionally, rather than averaging over the whole dataset of random
orientations, systematically evaluating the representations for all the orientations
brings additional insight into the shortcomings of the representations. Lastly, train-
ing a model on the synthetic seismic data takes a lot of time. Having a simpler
dataset made from smaller volumes that requires a smaller network to evaluate the
orientation representations allows for much quicker evaluation. This toy dataset is
designed to address all of these points.

The dataset is made of volumes of size 8 x 8 x 8 voxels, with binary values of 0
for the background and 1 for a flat plane going through the centre with a specified
orientation. Any voxel with its centre within 0.6 units of the plane is defined as a
voxel on the plane. An example volume from this dataset can be seen in Figure

This dataset is annotated with only a single value for the orientation of the plane,
defined as the normal vector to the plane with an arbitrary sign. This means that
the predicted features (orientation) are per-image, rather than per-pixel. Although
this makes the dataset’s task somewhat different from the seismic interpretation,
requiring different and much smaller networks, it allows to evaluate the orientation
representations very effectively.

Note that the dataset is not actually a collection of volumes, but rather a method
for generating the volumes at runtime. This allows for the generation of a volume
for any continuous value of the orientation, which allows us to evaluate the repre-
sentations for selected specific orientations.
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Figure 3.5: An example volume from the Toy 3D Dataset V2. (C) 2023 IEEE

3.2.3 Synthetic Seismic Dataset

The synthetic seismic dataset was kindly provided by GeoTeric, the industry sponsor
of my work. They provided me with a proprietary program that generates the
synthetic seismic volumes, which I used to generate a dataset. The algorithm to
generate the volumes is loosely based on Wu et al.’s approach , which was
further explained in . An example volume from this dataset is visualised in
Figure [3.6

The dataset I use consists of 1535 volumes, with 80% used for training, 10% used
for validation, and 10% used for testing. Each volume has 96 x 96 x 96 voxels and is
annotated with the location of the faults, the location of the fault intersections, and
fault segments which are defined as the faults minus the fault intersections. The
orientation of the faults is defined as a normal vector to the faults fault segment
voxels. Since the faults are flat planes, each voxel on the fault plane has the same
orientation. The orientation of the fault intersections is also labelled and is defined
as a vector in the direction of the intersection. It is calculated as the cross product

of the orientations of the two faults that form the intersection.
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Figure 3.6: An example volume from the synthetic seismic dataset. The fault labels
of the volume are also visualised. (C) 2023 IEEE [5]
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The faults in the dataset are always flat planes and their dip angles are restricted,
meaning that they do not span all possible orientations. The faults are also modelled
in the same way regardless of the depth that they occur at. The synthetic seismic
images are also only modelled as simple rock layers, without having other structures
present, such as salt domes, a boundary with the sea floor, or edge artefacts at the
ends of the seismic scan. Precisely this lack of variety is one of the biggest limiting
factor of the synthetic images. Because of this, some model architectures such as
transformer models that are capable of taking long distance relations in the images
into account may not be beneficial when trained on this dataset. If the model is
capable of better taking the geometry of the faults into account in its predictions, it
may become sensitive to only predict faults that are flat planes and translate badly

to real seismic data.

3.2.4 Real Seismic Datasets

Ultimately, the aim of my work is to automatically interpret real seismic surveys.
There are numerous available seismic surveys, however, they do not contain readily
accessible interpretations as labels. Most existing research on these surveys is in
the form of descriptions and slices through the volume in research papers, which
cannot easily be gathered to form a labels for supervised learning or evaluation.
Additionally, one cannot truly rely on an expert’s interpretation as a 100% correct
ground truth, because of the uncertainty present in the interpretations and varia-
tion between different interpreters’ habits, as seen in Section [2.2.1] This leaves two
possible approaches to evaluate the models’ performances. Firstly, to gather inter-
pretations of the data independently, forming a ground truth to which the prediction
is compared to. Secondly, to take the prediction made by the model and have it
scrutinised by a geologist.

The main seismic survey that I use in my experiments is the Laminaria volume
[102] from the Australian North West shelf imaging the thick Paleozoic, Mesozoic
and Cenzoic sedimentary sequences deposited in a series of rifting phases. This is
a well-known high quality dataset that my supervisors, Kenneth J. W. McCaffrey
and Thomas B. Phillips have experience with, having recently published an paper
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on parts of the dataset [6]. The dataset covers an area of 680km® with an inline
and crossline spacing of 12.5m and records to 3s TW'T depth. Due to the size of
the dataset, it becomes unmanageable to evaluate all of it. Instead, I used small
selections and slices of the dataset for any evaluations.

In order to gather independent ground truth annotations, 15 geologists from the
Department of Earth Sciences at Durham University kindly annotated four slices
through the volume. Three slices are in the North-South direction, while one is
East-West. Due to the general trend of most faults being ENE-WSW trending, the
E-W slice is nearly parallel with the faults causing them to be very difficult to see
in the slice. The N-S slices are much more useful, however, the interpretations still
vary greatly. Notably, these interpretations only annotated fault presence and not
the fault orientations. The results of the experiment are described in more depth in
Chapter [6.2]

Lastly, Thebes is a second seismic survey is noteworthy because of it being
published with annotations of faults [103]. The seismic survey is called Thebe Gas
Field and is located in the Exmouth Plateau of the Carnarvan Basin on the NW
shelf of Australia. With fault labels that can be used as ground truth labels, it
seems promising to use it as ground truth to evaluate my models. However, it
suffers from some major flaws. Firstly, not all faults are annotated. In fact, the
faults that are annotated are mostly present at a specific depth of the volume, with
large parts being completely unannotated. In fact, the authors of the interpretation
suggest only using cropped images from the survey that contain faults because of
this. Moreover, even in the regions that are annotated, only selected faults are
labelled, which are the biggest and most visible faults. In comparison, my models
predicted many more smaller faults as well, most of which were perceived as correct
by my supervisor Kenneth J. W. McCaffrey who is a geologist. One can therefore
not simply use the annotations of the Thebe dataset as a complete ground truth, but
only as partial annotations. Additionally, the associated paper with the publication
of the dataset |[104] claims that the dataset is good enough to train models on and
compare it to Wu et al.’s synthetically trained model [105]. I do not believe that

this is a fair comparison, because both the training and evaluation was performed
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on different parts of the same Thebe dataset, which share the same biases for which
faults are annotated and which are ignored. The model can therefore learn the
appropriate strategy to selectively label and ignore certain faults to most closely
match the dataset, which does not reflect the true performance of detecting all

faults.
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CHAPTER 4

2D Orientation Representation

For the purposes of this thesis, the orientation is defined as the set of all lines
passing through the origin. Equivalently, we could think of it as the set of all unit
vectors, where any vector v and its negative —v represent the same orientation.
It is in essence a unit vector without its arrowhead, in other words where we do
not care about the vector’s sense. In mathematics, projective geometry offers a
natural framework for this concept of orientation. Specifically, projective geometry
deals with properties that remain invariant under projection, which is beneficial for
understanding orientations.

In this context, the orientation could be represented using a real projective space
RP (or RP? for three dimensional vectors). The space RP consists of equivalence
classes of non-zero vectors in R?, where two vectors are equivalent if they are scaled
versions of each other v .= Av VA € R. A euclidean vector v = (x,y) would be
expressed as the homogeneous coordinate (x : y) in this projective space, which
would be equivalent to all homogeneous coordinates (Az : Ay) VA € R. However,
the projective spaces cannot effectively be used as a representation of orientation
predicted by a neural network under supervised learning. That is because neural

network require a single unique label value that serves as a ground truth, to which
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the predicted value is compared using the loss function. However, the framework
of this projective space relies on the principle of various homogeneous coordinates
being equivalent, which is the opposite of having a unique label.

Orientation can also be understood as a direction of something that has 180° ro-
tational symmetry. For example, the orientation of a fence or a road. We could call
it north-south facing or south-north facing. Similarly, we could describe its orienta-
tion with bearings: 6° or 186°; or with unit vectors (0.10,0.99) or (—0.10, —0.99).
In 3D, we could represent the orientation of a plane using a normal unit vector to
the plane, where any negative vector represents the same plane. The orientation
of a line in 3D could be described using its tangent unit vector. We could even
equivalently consider orientation as a negation invariant vector in any number of
spacial dimensions.

I will define orientation representations in terms of unit vectors v as a function
r:{veR"||v|] =1} — R™ that maps any direction v onto the representation
of the orientation. This orientation representation function r is even, where r(v) =
r(—v). Unlike homogeneous coordinates in RP, these vectors are only negation
invariant since their magnitude must be 1. However, in order for this representation
of orientation to be effective, it needs to have a number of other properties as well.

We want the representation of orientation to uniquely represent any orientation.
This means that any for two distinct directions as unit vector v and u, where v # u
and v # —u, we want r(v) # r(u). These properties satisfy the basic requirements
for a representation of orientation.

If we want to use a neural network to predict orientation, not all representations
of orientation are equally effective. We need to consider how the network returns the
values of the representation, what activation function it uses, what loss function we
use to train the network, and how many network outputs are required to represent
said orientation. Moreover, the complexity of the representation also plays a role in
how difficult it is for the network to predict. There are a number of principles that
I believe make an effective representation of orientation, which I try to justify both
theoretically and empirically.

The output from a neural network is inherently continuous, since neural networks
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are made of components that are all continuous, such as linear combinations, non-
linear activation functions, normalisation layers, additions, and multiplications. We
can therefore expect that small variations in the input will yield small variations in
the output of the model. For this reason, we want the representation r to also be
continuous. We cannot expect a neural network to correctly model a discontinuous
function. If we rotate the unit vector v by a small amount to get u, so v &~ u, but
r(v) % r(u), then a neural network would struggle to predict this representation of
orientation effectively.

Representations used for neural networks are commonly continuous, such as the
following example of representing angles. If we represented an angle ¢ directly using
the representation r(f) = # mod 360°, we would get a discontinuity every 360°.
This would be problematic, and we would expect a neural network’s approximation
of the function to have errors near the discontinuity. This is visualised in Figure [4.1]
Instead, a commonly used representation is cos(f) and sin(f). Together, these two
values uniquely define every angle, while also being continuous. This representation
can also be considered as a unit vector pointing in the direction of the anticlockwise

angle from the x-axis.

4.1 Representation Definitions

In order to represent orientation in 2D in a continuous manner, we have to represent
an angle that repeats every 180°, i.e. 6 mod 180°, or equivalently points along
a semi-unit-circle where its endpoints map to the same point. The best way to
represent this is using cos(26) and sin(26). I call it the Doubleangle representation.
I will first talk about the properties of this representation, how and where it is
useful, before moving onto imperfect alternatives that I considered before arriving
at the Doubleangle representation. Piecewise representations are also a type of
representation that I also use for representing 2D orientations on the 2D datasets. I
will describe them separately in Section [4.1.5 because of the many iterations they
went through and because they can also be applied to 3D orientation and in theory

any n-dimensional negation invariant representation.
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Figure 4.1: An example of a periodic function that is discontinuous shown in black,
with a continuous approximation of the function shown in red. The function shown
is defined as ¢(f) = 6 mod 360°.
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4.1.1 Doubleangle Representation

The Doubleangle representation can be defined in two ways. In both cases it repre-
sents a direction, but the direction can be expressed in different ways. First, as an
angle 6, where # and 6 + 180n° for n € Z all map to the same orientation. Second,
the direction can be expressed as a vector v, where v and —v map to the same ori-
entation. First, let us define how the direction 6 as an angle relates to the direction

Vv as a vector:

0 = atan2(vy, vy),
cos(0) (4.1)
sin(#) .

VvV =

The Doubleangle representation f is defined as follows in terms of 6:

r:R— R
r(0) = C?S(QQ) : (4.2)
sin(26)

1
r~t(u) = 5 atan2(uy, up).

Note that r~1(f(0)) = @ mod 180°. Equivalently, the Doubleangle representation r

is defined as follows in terms of v:

r:R? = R?
(v) = ] cos(2atan2 v1,vp)) 1 |vd—v?
r(v) =|v —
5111(2 atan2(vy, vo)) ”VH 2u2v? ’ (4.3)
1 1 + uo
iy = g | SR | | A ]
sm(% atan2(uy, up) sign(uy ) %—an

Note that r~!(r(v)) = 4v, since both directions v and —v have the same orientation.
Also note that when defined in terms of v, the magnitude of the vectors is allowed to
be different from 1 and is maintained, such that ||r(v)| = ||v|| and ||[r~t(u)| = ||u].

So far, we have only talked about the case where the magnitude is fixed at 1, however,
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Direction: Orientation:
Double-Angle:

v = (cos(0), sin(0)) r = (cos(20), sin(20))

Figure 4.2: A visualisation of the Doubleangle representation. The left diagram
visualises direction that is represented v, while the right diagram is aligned with the
axes of the representation itself r, shown in red.

in future uses, this principle will become useful.

There are a number of ways to visualise this representation. The easiest is to
consider the semi-circle formed by (cos(), sin(#)) for 6 € [0°,180°], as the directions
that we are trying to represent. These angles are then doubled, stretching the semi-
circle to form a full circle. This is visualised in Figure

This representation behaves in a very consistent manner for any direction 6,
where a change in the direction leads to a proportional change in the representation.
At the same time, when viewing a vector v in the representation space r(v), it is
difficult to get an intuition for what orientation it represents, unlike viewing the
direction vector v, which can easily be interpreted as a tangent or normal vector.

Although this representation does not contain any of the properties that I iden-
tified as potentially problematic, this does not imply that it works well. Empirical
evidence is required to demonstrate its effectiveness and to compare it with other
representations. It is unclear how the dataset used or the neural network archi-
tecture affects the performance of the model with different representations. A very
important principle that I have not addressed about the representation yet is the loss
function used to train the model. T will discuss this in the Loss Functions Section

4. 1.0l
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4.1.2 Angle Representation

The simplest and most naive representation is to predict the angle 6§ € [0°,180°)
directly. We measure this angle anticlockwise from the z-axis. Neural networks
can be trained on regression tasks to directly predict output values of some hidden
continuous function they are modelling. However, an angle in modulo space is
not continuous, because of the jump from 0° to 180°. More formally, we get a

discontinuity because of the following limits:

lim (# mod 180) = 0°,
0—0t (44)

lim (6 mod 180) = 180°.
0—0—

The existence of a discontinuity does not mean that a neural network cannot learn
to predict this representation. However, we cannot expect the network to perfectly
predict the angle near the discontinuity, since its predictions must be continuous.
We might expect the network to predict values similar to those seen in Figure [4.1]
Moreover, what makes this representation problematic is that the errors are only
introduced near specific orientations, namely 0° or 180°. This would make the
network better at predicting certain orientations than others, which introduces an
undesirable bias to the predictions.

When using this representation we want to ensure that the representation values
are normalised to a sensible range. Angles in degrees have values that are too big for
effective use with models and optimisers that work best with values normalised to
the standard normal distribution. Instead, predicting values in the range 6 € [0, 1)

is much more appropriate.

4.1.3 Vector Representation

The natural evolution of the Angle Representation is to take a vector pointing in one
of the two directions that correspond to the orientation. It follows a commonly used
trick for representing angles # mod 360°, where cos(f) and sin(f) are used as the
representation. This representation works perfectly for standard angles, that repeat
every 360°, where it eliminates the discontinuity. However, when representing ori-
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entation, we are restricted to angles 6 € [0°,180°), which also leaves a discontinuity

at 0° and 180°, since:

glir(r)lJr(cos(@ mod 180°)) = cos(0°) = 1,
—
(4.5)

lim (cos(f mod 180°)) = cos(180°) = —1.
0—0~

The vector representation is defined using one of the following two equivalent

definitions. Firstly, in terms of 6:

T:R—>R2,

cos(f mod 180)
r(0) = , (4.6)
sin(f mod 180)

1
rt(u) = 5 atan2(uy,up) mod 180°.
Secondly, the vector representation defined in terms of the direction vector v:

r:R? = R?,

v ifvy>0o0r (vy=0and vg >0
r(v) = ' (01 ! ), (4.7)

—v otherwise

Note that r~!(r(v)) = +v.

4.1.4 Piecewise-Angle Representation

Piecewise representations are a category of representations that I developed, which
explore how the issues with discontinuities could be addressed by modifying the
loss functions. I came up with the initial idea before coming up with the Dou-
bleangle representation, which proved to be superior. However, I revisited the idea
of piecewise representations as a viable idea for 3D orientation. Only then did I

develop the representation further, which proved to be scalable to any number of

62



spacial dimensions including 2D orientation. In this section I will explain the 2D
piecewise representations first, with all of their iterations and variants. Only then
will I move onto the 3D counterpart, which is also applicable to nD (any number of
spacial dimensions). This order will make it easier to follow the explanations of the
representations, even though it is not the chronological order in which I developed
them.

The general principle behind the piecewise representations is, that we have the
model predict multiple representations simultaneously. These representations may
still suffer from discontinuities, but we ensure that for every orientation at least one
representation is well defined. If we then select the most appropriate representation
for every given orientation in a piecewise manner, we should get a well defined
representation for all possible orientations.

However, we still must be careful with the discontinuities, since the model is
required to predict all of the representations in the piecewise ensemble for all ori-
entations. This means that we require the model to predict the representations
even near their discontinuities, and also calculate the loss for these orientations.
This could cause the model to spend substantial resources trying to model the rep-
resentations near their discontinuities, even though we will end up ignoring these
predictions due the piecewise choice on deployment. The model could therefore leave
less attention to the representation/orientation combinations that we care about.

Fundamentally, I explored two types of representations that are used in the
piecewise ensemble: The first is predicting the angle corresponding to the orientation
in 2D. The second is predicting the vector point in the direction of the orientation,
which can apply to vectors in 2D, 3D, or nD.

The Piecewise-Angle Representation is based on top of the Angle Representation
from Section [£.1.2] If we predict the orientation as an angle § € [0°,180°], then the
representation’s discontinuity occurs at § = 0° = 180°. We can then use a second

representation that is shifted by 90° to form the full Piecewise-Angle Representation
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in equation (4.8}

r:R— RQ,
0 mod 180° (4.8)
0+90° mod 180°|

r(0) =

In this representation, r(6)y has a discontinuity for orientations # = 0 = =, and
r(6); has a discontinuity at # = 7/2. To invert the piecewise representation, we will
choose r(0)q or r(6); depending on which is further from its respective discontinuity

as follows in equation [4.9;

r=1 R? — R,

up mod 180° if min(ug, 180° — ug) > min(uy, 180° — uy)
r~t(u) =
u; +90° mod 180° otherwise.

(4.9)

4.1.5 Piecewise-Vector Representation

The next version of the piecewise representation is built on top of the Vector Rep-
resentation from Section [4.1.3] By using two variables to define the orientation, we
have the freedom to modify the magnitude of the vector. We will be able to use this
to our advantage to remove the discontinuity from the Vector Representation in the

piecewise context.

1st Iteration Piecewise-Vector Representation

To shift the location of the discontinuity of the Vector Representation, we can align
the vector with a different axis. To do this we ensure that the aligned axis always
has positive values. This is expanding on the vector representation from equations
which always aligned with the y axis. The following equation is the new

expanded definition of the aligned vector representation:
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ae€0l1,
re - R? = R2,
v ifv,>0o0r (v, =0 and v;_, > 0) (4.10)

re(v) = ,
—v otherwise

Note that r~!(r(v)) = +v.

The first iteration of the Piecewise-Vector Representation is then defined as the
pair of r;(v) and ro(v) from equation With r¢(v) being aligned with the
0-axis, which is the z-axis, its discontinuities occur at x = 0, which corresponds
to § = —90° = 90°. ri(v) has discontinuities near y = 0, which corresponds to
0 = 0 = 180°. Since these two representation have discontinuities in different
places, we can use the piecewise principle to select the one that is further from its
discontinuity, when inverting the representation. The vector with furthest from its
discontinuity is also closest to the axis with which it is aligned (ro(v) with the z
axis and r1(v) with the y axis). Therefore, the vector can be chosen based on the
size of its vector element on the axis with which it is aligned. For example, (V) is
chosen if r9(v)g > 71(v);. Note that we use the notation: r,(v), as the b-th element
of r4(v). The following equation is the definition of the first iteration of the

Piecewise representation and is visualised in Figure [4.3]

rR? — R? XRZ,

r(v) = (TO(V), T (V)> using ro and ry from @4.10],
(4.11)

) uy if ugo > uig
r— (g, uy) =

u; otherwise

Where u,, refers to the b-th element of vector u,. Note that r~(r(v)) = +v.
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Figure 4.3: The first iteration of the Piecewise representation. The diagram shows
the range curve of the representation. The first output in blue is aligned with the
x-axis (r(v) from equation and the second output in orange is aligned with
the y-axis ((v); from equation [£.11)).

2nd Iteration Piecewise-Vector Representation

Even though the 1st Iteration Piecewise-Vector Representation avoids using the
values near the discontinuities, the neural network is still asked to model the values
near the discontinuities, which it cannot achieve in a continuous manner. The
network will always have a greater error in this area, which might cause it to spend
more resources on modelling this part of the output, even though we will ignore
it in the end. Instead, we could slowly decrease the magnitude of the represented
vector to 0 as it gets closer to the discontinuities. In this way, the discontinuity is
avoided, since the representation will be (0,0). The downside of this approach is
that we cannot tell what orientation is represented near (0,0), but that does not
matter thanks to the piecewise principle and these outputs will be ignored anyway.

The question still remains of how the magnitude of the vector is tapered to
zero. We will refer to this as the adjustment function. We could linearly reduce the
magnitude to zero, as seen in Figure 4.4} or in a smooth sinusoidal manner as seen
in Figure [4.5

An advantage of using an adjustment function that tapers the discontinuity to
the origin by multiplying the represented vector by 0 is that we can simplify the
definition of the Aligned Vector Representation from equation .10} It no longer
needs to distinguish the edge case where v, = 0 and v, = 1. We get the following
equation for the second iteration of the Piecewise representation:
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1 ifa>0
sign(a) = :
-1 ifa<O

rq(v) = sign(v,) - v,

;

1 for 6 € [0°,45°)
flinear(e) — 5
| %5 for 0 € [45°,90%)
(
1 for 6 € [0°,45°)
fsmooth(e) - 5
| sin®(20) for 0 € [45°,90°) (4.12)

0(u, w) = arccos( v v

)

v
r:R? — R? x R?
r(v) = (£(80) - ro(¥), F(61) - 71(v))
= (£(0(ro(v). e0)) - 7ol(v), FOr1(v),e1)) - a(v) ).

1 u if U Z w1
r i (u,w) = ,

w otherwise

where e, is the basis vector for axis a, and two flavours of the representation exist

depending on whether we use f = fiinear OF f = fomooth- Note that r~1(r(v)) = +v.

3rd Iteration Piecewise-Vector Representation

The third and final iteration of the Piecewise representation addresses a minor issue,
which stems from inaccuracies in the neural network predictions. I only developed
this iteration later, after developing the 2nd iteration of the representation in 3D.
This iteration addresses a minor issue that stems from the piecewise nature of the
representation. The representation suddenly switches from r(v)y to r(v); and vice
versa due to its piecewise nature. Although both representations should be identical
at this point, we cannot guarantee that the model truly outputs the same values. It
could be beneficial to gradually switch from one representation to the other instead.

We could do this by performing a weighted average between r(v)y and r(v); based
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Figure 4.4: The Second Iteration Piecewise-Vector Representation with a linear
adjustment function fiear. The left diagram shows the range curve of the represen-
tation, while the right visualises the adjustment function or the magnitude of the
representation vector. The first output in blue is aligned with the x-axis (r(v)q from
equation[4.12) and the second output in orange is aligned with the y-axis (r(v); from
equation . 0 in the adjustment function corresponds to the angle between the
vector and the axis that it is aligned to.

Y
8

: +— @)
0° 45° 90°

Figure 4.5: The Second Iteration Piecewise-Vector Representation with a smooth
adjustment function fqnootn. This figure is otherwise similar to Figure @
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on their magnitudes, which are determined by the adjustment function. We only
have to be careful that both r(v)y and r(v); point in the same direction and are not
negatives of each other.

To perform a weighted average, we add the two vectors and divide by their
magnitude. We could instead change the adjustment function, such that the two
vectors’ magnitudes should add up to 1. To do this, we can rely on the principle
sin?(z) + cos?(z) = 1 and simply define the adjustment function as cos?(#), which
can be equivalently expressed as 7(v)? for the output aligned with the axis a. Using
the Pythagorean theorem, r(v)3 4+ r(v)3 = ||r(v)|| = ||v] = 1.

When inverting the representation, to ensure that the vectors r(v)y and r(v);
point in roughly the same direction and are not negatives of each other, we align
them both with the same axis. However, if we arbitrarily chose an axis and the
vectors have elements close to zero on that axis, small differences in the vectors
could lead to a change in the sign of that axis element, leaving the aligned vectors
as effectively negatives of each other. Therefore, we pick the axis to align with that
has the biggest elements, which is the axis a where r(v), has the largest magnitude.
This makes it most likely that the two aligned vectors are closer to each other than
if we multiplied one of the vectors by —1.

The third iteration of the Piecewise representation is defined as follows in equa-

tion [£.13] and shown in Figure [4.6}

1 ifa>0
sign(a) = ,
-1 ifa<O

r:R? - R? x R?,
(4.13)
r(v) = (vg - sign(vg) - v, v7 - sign(v;) 'V>,

Let a,b € {0,1}  s.t. |Jua|l > [Jwll,

r1(u,w) = sign(u,) - u+ sign(w,) - w

Additionally, if we wanted ensure that 7—!(u, w) is a unit vector even if u and w are

not, we could normalise its magnitude using the expression r~!(u, w) / |7 (u, w)]|.

69



radius

1

Y
8

| : +— f
0° 45° 90°

Figure 4.6: The third iteration of the Piecewise representation. The left diagram
shows the range curve of the representation, while the right visualises the adjustment
function or the magnitude of the representation vector. The first output in blue is
aligned with the x-axis (r(v)o from equation and the second output in orange
is aligned with the y-axis (r(v); from equation [4.13)). # in the adjustment function
corresponds to the angle between the vector and the axis that it is aligned to. Note
that the magnitude of r(v)y and r(v); add up to 1.

Note that r~1(r(v)) = +v.

4.1.6 Loss Functions

As a regression task, the appropriate loss functions to try are the Mean Squared
Error (MSE) and Mean Absolute Error (MAE) losses. These can be used to compare
the prediction of the network with the target value represented as the representation.

There is another way to define the loss function, however, and that is to differ-
entiate the representation itself. We could predict the values of the representation,
transform it into an angle representation, and calculate the MAE or MSE between
those angle values. Note that because of the 180° cyclical nature of the orientation,
we must consider angles mod 180° and whether it is a smaller distance to go across

the 0° to 180° discontinuity. We can calculate this angular distance mod 180° using

the following equation [4.14}
angle_distance(x,y) = 90° — ||y — x| — 90°|, (4.14)

where x and y are the predicted and target orientations represented as angles. Note

that this loss function relies on the differentiation of the representation, which can
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be difficult or cause numerical stability issues. I found that this form of loss func-
tion does not yield better results and abandoned it for the simpler alternative of
comparing representation values. I report on the findings of these loss functions in
the Experiments Section [5.2] and refer to the losses as Angular MAE and Angular
MSE.

4.2 Experiments

In order to train a Deep Learning Model to predict the orientation of features, we
can use the aforementioned representations. The model predicts values, which are
compared using a loss function to the representation of the target orientation. In
my work, I predict the orientation of features in 2D and 3D images. This is done
by either predicting a single feature for the whole image, or in a pixel-wise manner,
where an orientation is predicted for every pixel in the image. In the latter case, the
model can also predict other features, such as a semantic segmentation, as different
channels of the output. Each feature may be represented by multiple channels in
the network output. The channels of the output of the model are split by feature
and a separate loss function is applied for each predicted feature to its respective
channels.

The metric used to evaluate the error in the predicted orientation is the angle

between the predicted and target vector. This is calculated as follows in equation

4. 1of

[x -yl
angle_error(x,y) = acos ( : (4.15)
[l

for prediction and target vectors x, y representing orientation. Note the absolute
value of the dot product, which guarantees that the lesser of the two angles is
chosen for +£x due to the negation invariance of the orientation. This metric can
then be reported as either the average or the maximum error. For the average
error, the mean across the whole dataset is taken, for every pixel that contains valid
orientation annotations. For the maximum error, the maximum error is calculated

for every image in the dataset and the resulting value is averaged across the images
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in the dataset.

The motivation behind predicting the orientation of features stemmed from the
seismic field, to predict the orientation of faults in 3D which can be used to distin-
guish different faults even across their intersections. To tackle this task, I simplified
it to a related task in 2D, to separate overlapping lines in 2D. Separating overlapping
objects into individual instances belongs to its own field within Deep Learning called
Instance Segmentation. However, in the case of seismic tomographic images, there
assumptions that can be made, such as faults always being flat 2D surfaces within
the 3D space. In order to exploit these properties, I turned to using orientation
as a distinguishing factor between fault instances. I talk about the approaches to
separate overlapping instances in Chapter [6]

My first experiments were on the dummy 2D dataset in Section [3.1.1] which
consists of images with drawn lines and curves. A model is trained to predict the
locations with a curve excluding the areas of intersections. These pixels are also
annotated with the orientation of the curve defined as a tangent vector to the curve.
Note that any vector and its negative are both valid tangents, where the purpose of
a good representation is to deal with this principle. With an abundance of images
in the synthetic dataset, these experiments used a simple train/validation/test split
of 16:1:1.

I performed further experiments on the 2D orientation representation on the
chromosome dataset from Section [3.1.2] It is used in the same way as the dummy

2D dataset, but predicts the orientation of chromosomes instead of random curves.

4.2.1 Network Architecture

The model architecture that I used on the dummy 2D dataset is visualised in Figure
[4.7] while the model used for the chromosomes is visualised in Figure [4.8] They are
both similar architectures, but differ in the depth and with of the network, since
the chromosome dataset is more complex and requires more computation than the
dummy dataset. They are convolutional UNet architectures [106] with some modifi-
cations. Max-pooling and max-unpooling operations are used for the downsampling
and upsampling respectively. The max-pooling operation halves the resolution and
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16[1]32[1]32
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= Input Channels = in
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Kernel Size=3x3, Stride=1, Padding=1

] << ReLU | | Batch Norm
@ P Max-Pooling
Halves image resolution

ﬁ = Max-Unpooling

Doubles image resolution

@ <> | Element-wise Addition

Figure 4.7: Network Architecture used for the experiments on the 2D Dummy
Dataset.

saves the indices for which pixel contained the maximal value that is used in the
low resolution image. The max-unpooling operation then doubles the resolution
and populates the corresponding pixels used in the corresponding pooling opera-
tion, leaving the others as zero. This helps to maintain some sub-pixel accuracy
despite losing resolution with the pooling-unpooling process. The models use the

ReLU activation function and batchnorm as the normalisation layer.

4.2.2 Results

I performed numerous small experiments while designing and implementing the rep-
resentations, the neural networks, and the 2D dummy dataset itself. Of interest is
the final set of experiments that compare the 2D orientation representations with

various loss functions. Within this experiment all the models were trained in the
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Figure 4.8: Network Architecture used for the experiments on the Chromosome
Datasets.
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Loss Mean Angle Max Angle

Representation  Function Error [°] Error [°]
Angle MAE 4.6 62
Angle MSE 6.8 75
Vector MAE 3.6 37
Vector MSE 4.6 25
Vector Angular MAE 17 68
Vector Angular MSE 4.0 31
Doubleangle MAE 3.1 22
Doubleangle MSE 3.2 21
Doubleangle Angular MAE 7.1 42
Doubleangle Angular MSE 3.2 20
Piecewise Angle MAE 4.5 60.7
Piecewise Angle MSE 6.2 73.6

Table 4.1: Dummy 2D Dataset results. The metrics are reported on the validation
set at the end of training.

same way, with the same models, the same training strategy and the same number
of epochs. Individual graphs showing how the metrics evolved during training were
logged and used to verify that the 32 epochs that were used for training are sufficient
for performance to plateau for all models. Of interest are the final metric values at
the end of training for each representation in Table [£.1 Note the absence of the
Piecewise-Vector Representation, which I hadn’t developed yet at the time of these
experiments.

The next set of results came from the Synthetic Chromosome Dataset. It offered
a more realistic and useful environment to test the orientations in, which has direct
applications and led to my publication [7]. The task is in essence the same as the
task from the Dummy 2D Dataset and I would expect the same representations to
perform well on both datasets. The results are seen in Table

Although it is very difficult to evaluate the performance of the representations
visually by looking at the predicted images, it provides a useful sanity check. We
can verify that there isn’t some error in the metrics and that the picture they paint
matches with what we see in the predictions. Examples images from the validation

set of the Synthetic Chromosome Dataset can be found in Figures [4.9] [4.10] [4.12]

4.13, while Figures [4.11, and [4.14] show an example of a real image of intersecting
chromosomes. Figures[4.9] and show the complete prediction of the model,
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Loss Mean Angle Max Angle
Representation Function Error [°] Error [°]
Angle MAE 5.1 59.0
Angle MSE 6.7 62.7
Vector MAE 4.9 59.1
Vector MSE 5.8 60.7
Vector Angular MAE 4.2 54.7
Vector Angular MSE 4.9 56.2
Doubleangle MAE 4.1 46.1
Doubleangle MSE 4.5 47.6
Doubleangle Angular MAE 20.6 64.7
Doubleangle Angular MSE 4.6 50.2
Piecewise-Angle MAE 5.6 73.0
PiecewiseAngle MSE 6.2 74.0
Piecewise-Vector MAE 7.6 70.1
Piecewise-Vector MSE 7.3 2.7
Piecewise-Vector adjusted smooth MAE 4.6 48.8
Piecewise-Vector adjusted smooth MSE 5.1 51.0
Piecewise-Vector adjusted linear MAE 4.4 48.2
Piecewise-Vector adjusted linear ~ MSE 5.1 50.5

Table 4.2: Chromosomes Synthetic Dataset results. The metrics are reported on
the validation set at the end of training.

where the predicted orientation is only visualised for the valid points that the model

predicted as belonging to a chromosome. In Figures [4.12] [4.13] and 4.14] we can

see the raw output of the orientation for every pixel, even the places where the
orientation is considered invalid. It is interesting to see the orientations that the
model predicts for pixels that do not lie on a chromosome and the number of pixels
for which the orientations remain similar outside of the chromosomes. However, we
cannot pay too much attention to these values, since the model was never trained

to predict them.

4.3 Discussion

The results presented support many of the issues of the representations that I iden-
tified in theory. Although the Mean Angle Error is very similar between the rep-
resentations, the Max Angle Error shows more profound differences between the

representations. This is expected, since the discontinuities mainly cause issues for
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Angle Angle

Label MAE MSE

Vector Vector Vector Vector
MSE Angular MAE Angular MSE
Doubleangle Doubleangle Doubleangle Doubleangle
MAE MSE Angular MAE Angular MSE

Piecewise-Angle Piecewise-Angle Piecewise-Vector Piecewise-Vector
MSE MAE MSE

Piec-Vec Ad] Linear Piec-Vec Adj Linear  Piec-Vec Ad] Smooth  Piec-Vec Ad] Smooth
MAE MSE MAE MSE

Figure 4.9: Example image from the validation set of the Synthetic Chromosome
Dataset. Pixels on a single chromosome are colour-coded for the orientation, while
the predicted background is black and the predicted overlap is white.
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Angle Angle
Label MAE MSE

|

Vector
Angular MSE

|

Vector Vector
MAE MSE

t

Vector
Angular MAE

A ] ) <

Doubleangle Doubleangle Doubleangle Doubleangle
MAE MSE Angular MAE Angular MSE
Piecewise-Angle Piecewise-Angle Piecewise-Vector Piecewise-Vector
MAE MSE MAE MSE

Piec-Vec Ad] Linear Piec-Vec Adj Linear  Piec-Vec Ad] Smooth  Piec-Vec Ad] Smooth
MAE MSE MAE MSE

Figure 4.10: Example image from the validation set of the Synthetic Chromosome
Dataset. Pixels on a single chromosome are colour-coded for the orientation, while
the predicted background is black and the predicted overlap is white.
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Angle Angle

Legend
Vector Vector Vector Vector
MAE MSE Angular MAE Angular MSE

wgr e

Tl

Doubleangle Doubleangle Doubleangle Doubleangle
MAE MSE Angular MAE Angular MSE

<

Piecewise-Angle Piecewise-Angle Piecewise-Vector Piecewise-Vector
MAE MSE MAE MSE

Piec-Vec Adj Linear Piec-Vec Adj Linear  Piec-Vec Ad] Smooth  Piec-Vec Ad] Smooth
MAE MAE

&

Figure 4.11: Example image of a real (non-synthetic) image of overlapping chromo-
somes. This image does not have a ground truth. Pixels on a single chromosome
are colour-coded for the orientation, while the predicted background is black and
the predicted overlap is white.
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Label MAE MSE

Vector
Angular MSE

Vector
Angular MAE

Vector
MSE

Doubleangle Doubleangle Doubleangle
~ MSE ) Angular MAE Angular MSE

|
i'iil

Piecewise-Angle Piecewise-Vector Piecewise-Vector
MSE MAE - MSE

Piec-Vec Ad] Linear Piec-Vec Adj Linear  Piec-Vec Ad] Smooth Piec-Vec Ad] Smooth
- MAE - MSE MAE MSE

i

Figure 4.12: Example image from the validation set of the Synthetic Chromosome
Dataset. All pixels are colour coded based on the predicted orientation, even the
background and overlap pixels, where the values would normally be ignored.
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Label MAE MSE

L

Vector
Angular MSE

Vector
Angular MAE

Vector Vector
MAE MSE

Doubleangle Doubleangle
_ MSE - Angular MAE Angular MSE

Piecewise-Angle Piecewise-Angle Piecewise-Vector Piecewise-Vector
MSE

MAE

Piec-Vec Adj Smooth Piec-Vec Ad] Smooth
MAE MSE

Piec-Vec Ad] Linear
MAE

|E!!lmm'l

Figure 4.13: Example image from the validation set of the Synthetic Chromosome
Dataset. All pixels are colour coded based on the predicted orientation, even the
background and overlap pixels, where the values would normally be ignored.
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Legend

Vector Vector Vector - Vectr ]
MAE MSE Angular MAE Angular MSE

W

- - ! *_ | wy
Doubleangle Doubleangle Doubleangle
MSE Angular MAE Angular MSE

-

Piecewise-Vector Piecewise-Vector
M AE , MSE

Piecewise-Angle
MAE

Plec Vec ACU Smooth  Piec Vec dj Smooth
MAE

/

Figure 4.14: Example image of a real (non-synthetic) image of overlapping chro-
mosomes. This image does not have a ground truth. All pixels are colour coded
based on the predicted orientation, even the background and overlap pixels, where
the values would normally be ignored.
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specific orientations near the discontinuity. The rest of the orientations may still be
predicted accurately.

We can also see that the performance on the chromosome dataset is worse than
the dummy dataset, especially on the max angle errors. This is not surprising, since
the dataset and task is much more difficult than with the dummy dataset. Instances
where the model struggles to accurately identify chromosomes could cause large
errors, especially in the Max Angle Error metric. This makes the metric a little less
useful on the chromosome dataset and highlights the utility of the dummy dataset,
where the metric highlights the differences the most.

The best representation is clearly the Doubleangle representation. It achieves
the lowest errors across both metrics and across both datasets, albeit spread across
different loss functions. The MAE loss, MSE loss, and the Angular MSE loss all
perform very well, unlike the Angular MAE loss. I will summarise the performance
of the angular losses later. These findings are in line with my expectations. The
doubleangle representation elegantly avoids any discontinuities, while only requiring
a vector of size 2 to represent one orientation.

The next best representations are the Piecewise-Vector Adjusted representations,
with either the smooth or linear adjustment. These representations address all of
the issues of discontinuities, although the issue remains of switching between the dif-
ferent piecewise predictions. This should not affect the metrics, but it could create
pixelation and fuzziness near the orientations where one of the piecewise representa-
tions switches to the other, if they do not predict the exact same orientation. This
effect is more pronounced with the less accurate piecewise representations, such as
the Piecewise-Angle representation in Figure [£.10] Within these representations,
the MAE slightly outperforms the MSE loss.

Next, the Vector representation performs reasonably well in the Mean Angle
Error, however it struggles in the Max Angle Error metric. This can be explained
by errors that occur for orientations near the discontinuity. Surprisingly, on the
chromosome dataset, the Angular MAE loss performed well, unlike on the dummy
dataset or other datasets. Of the remaining three losses, the MSE performs the

worst, especially on the Mean Angle Error metric. This can perhaps be explained
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by the MSE penalising large errors much more, which are inevitably present near
the discontinuity of the representation. This means that the discontinuity disrupts
the model more with the squared losses.

The Angle representation is the next best representation. Although it suffers
from a discontinuity, it only requires a vector of size 1 to represent an orientation.
This can perhaps explain why it performs better than its Piecewise-Angle coun-
terpart. Similarly to the Vector representation, the MSE performs worse than the
MAE, presumably due to the larger losses near the discontinuity.

The Piecewise-Angle representation is the next worst representation. Although
it has the potential to avoid the issues with the discontinuity once deploying the
model, it still causes issues during training. Similarly to the others, the squared
error causes worse performance. We do, however, observe a marginal improvement
on the dummy dataset over the non-piecewise Angle representation. This does not
translate to the more difficult task of the chromosomes though, where, presumably,
the doubling of the size of the vector required to predict and orientation causes
a sufficient increase in the complexity of the representation that makes the model
suffer.

Lastly, the Piecewise-Vector representation. Out of the representations that have
a discontinuity, it has the largest vector size of 4. The combination of these two
factors seems to make it perform the worst. Interestingly, however, there is not a
big difference between the MSE and MAE models.

Overall, when comparing the loss functions, the models trained with the MSE
loss seem to suffer more from discontinuities than when trained using the MAE
loss. The representations without discontinuities have much more similar MSE and
MAE performances. MAE has a slight edge for the Mean Angle Error though. As
for the Angular losses, they do not yield a sufficient improvement in performance to
warrant the increased complexity of the loss, which could cause unforeseen problems.
Moreover, the Angular MAE loss performs very poorly with one exception on the
chromosome dataset on the Vector representation. Overall, the Angular losses are

probably best avoided.
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4.3.1 Multi-Orientation Representation

I invented another category of representation, which can simultaneously predict mul-
tiple distinct orientations, {vq, v1, ..., v, }. It could be used to effectively distinguish
overlapping elements, such as overlapping chromosomes, since it would be able to
continue predicting the orientation the chromosomes in the area of their overlap.

To define the multi-orientation representations we separate orientations into dif-
ferent categories. We can then predict an orientation and a confidence score for
each category. All orientation categories that do not contain an orientation are
trained to predict a low confidence score, while categories with a valid orientation
are trained to predict the orientation and a high confidence score. If an orientation
lies close to a boundary point between orientation categories, then both adjacent
classes may get a high confidence score while still predicting the same orientation,
not two distinct similar orientations. To distinguish this instance we also have to
check how similar the predicted orientations are, and only allow sufficiently distant
orientations. The condition for allowed simultaneous orientations is then two fold:
they must be sufficiently different and fall into distinct categories.

However, this multi-orientation representation is encoded with very large vectors,
with the number of bins times the number of features per representation and the
confidence score for each bin. As such, its large complexity requires more complex
neural networks to predict, which require more data to train on. Although it was
functional in my preliminary experiments, I decided not to pursue it further, since

it only offered limited utility to the instance segmentation in Chapter [6]
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CHAPTER b

3D Orientation Representation

5.1 Representation Definitions

Creating continuous negation invariant representations for vectors in 3D is much
more complicated than for vectors in 2D. If we simply align the vector with one of
the axes, ensuring that it is positive, then we are left with a line of discontinuities
that need to be addressed rather than just two points. We are also unable to make
use of trigonometric functions as effectively in 3D space as in 2D.

I propose 4 novel representations for this purpose which stemmed from differ-
ent early ideas that are all problematic in different ways. Spherical coordinates
inspired the Piecewise-Aligned representation in Section [5.1.2] Projections inspired
the Projection-Doubleangle representation in Section [5.1.3] Lastly, classification
into discreet bins inspired my continuous Classification Dip-Strike and Classifica-
tion Icosahedron representations in Section As it turns out, the Projection-
Doubleangle representation is the best representation, although the others also work

well.
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5.1.1 Exploration of 3D Representations

In this subsection, I will talk about 3D representations in general, issues with sim-
pler naive representations, and the process of arriving at the 3D Piecewise-Vector
Representation.

The natural starting point for designing 3D representations is to consider spher-
ical coordinates, as a counterpart to the polar coordinate angle # that we used in
2D representations. One option would be to use the ISO standard [107]. However,
since the application is mostly seismic imaging and faults, I will instead use the dip
and strike angles of faults as an equivalent definition of spherical coordinates. Let
us define the transformation function of dip (§) and strike (¢) angles of a fault in
terms of the normal vector v to the fault plane as follows in equation [5.1] This is

visualised in Figure [5.1}

0(v) = acos(v.),
d(v) = atan2(—uv,, v,),
cos() - sin(d) (5.1)
v(d,¢) = | —sin(¢) - sin(d)
cos(d)

Note that the only difference between this definition of the dip and strike angles and
the ISO spherical coordinates is: The strike (¢) is measured clockwise from the z
axis, while the ISO spherical coordinates measure an angle counter-clockwise from
the x axis.

In order to represent an orientation using the dip and strike angles, we have to
halve the domain of either one of the angles: 6 or ¢. This way, the represented
points would cover a hemi- unit sphere. Let us consider the two possibilities as
follows: Let the ”Dip 90° Strike 360°” representation correspond to the halving of
the domain for the § angle with § € [0°,90°] and ¢ € [0°,360°). Let the Dip 180°
Strike 180° representation correspond to the halving of the domain for the ¢ angle
with § € [0°,180°] and ¢ € [0°,180°). These representations are shown in Figure
5.2
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Figure 5.1: Definition of § (dip) and ¢ (strike) angles. The angles are measured
from the plane in red, while the same angles from the normal vector to the plane
are seen in black.

Dip 90° Strike 360° Dip 180° Strike 180°

Figure 5.2: Diagram showing the definition of dip and strike angles of a plane defined
using its normal unit vector v = (x,y, 2), as § = acos(z) and ¢ = atan2(x, —y). The
following two domains are visualised:

(a) 6 € [0°,90°], ¢ € [0°,360°);

(b) 6 € [0°,180°], ¢ € [—90°,90°).

We have to be concerned with any discontinuities that might occur at the points
where the angles reach the end of their domain. To eliminate said discontinu-
ities, we can look at using trigonometric functions similarly to the 2D represen-

tation counterparts. When considering direction spanning the whole unit sphere
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with 0 € [0°,180°) and ¢ € [0°,360°), the problematic discontinuities occur at
(0,¢) = (0,0° +€) = (6,360° — €) as € approaches 0, for any 6 € [0°,180°]. When
varying ¢ and keeping ¢ constant, then we get another problematic discontinuity,
where (d,¢) = (—¢,s) = (+€,s + 180° mod 360°) as e approaches 0. We can elim-
inate the discontinuity when varying ¢, by representing it as (cos(¢),sin(¢)). We
are still left with the discontinuity at 6 = 0° = 180°, which can be addressed by
reducing the magnitude of the vector representing ¢ as ¢ approaches 0° and 180°.
Let us do this using the sine of the dip angle to get the following representation
for the strike: (cos(¢) - sin(d),sin(¢) - sin(d)). This representation for ¢ would be
sufficient to remove all discontinuities, however, we might as well represent  using
cos(9), so that it behaves more similarly to the ¢. We have now arrived at the
Cartesian coordinates from equation [5.1}

We could attempt to use a similar principle for representing the orientation, or
negation invariant vectors with the ”Dip 90° Strike 360°” and ”Dip 180° Strike 180°”
coordinates. We can attempt to make use of the principles from the Doubleangle
representation counterpart in 2D, but we find that it cannot solve all of our issues.

Let us start by considering Dip 90° Strike 360°. Similarly to when we repre-
sented direction, we could eliminate the discontinuities at ¢ = 0° = 360° by using
(cos(¢),sin(¢)) as a representation for ¢. We can further eliminate the discontinuity
at 0 = 0° by modifying the representation of ¢ to (cos(¢) - sin(é), sin(¢) - sin(d)).
However, this time, we are still left with a discontinuities caused by the negation
of the vector. Let us first consider the edge case at 6 = 90°. More explicitly,
(0,0) = (90° + €,5) = (90° — €, s + 180° mod 360°). The only way to avoid this
discontinuity would be to reduce the magnitude of the vector to 0 as it approaches
0 = 90°. However, in this way it would be impossible to distinguish the orientations
at (d,¢9) = (90°,s) for any s € [0°,360°). To address this issues, we could move
to a piecewise representation. Nonetheless, I also performed experiments with the

imperfect representation that has discontinuities at 6 = 90° that is defined with the
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following equation [5.2] which I refer to as the Dip 90° Strike 360° representation:

r:R xR — R3,
420 -1
7(0,¢) = | cos(¢) | (5.2)
sin(¢)

w7 = (0.6) = ((w+1)- 457, atan2(om, ).

where we normalise  to the range [—1,1].

Before exploring the piecewise representation, let us consider Dip 180° Strike
180°. We could use the Doubleangle representation from equation to represent
¢. This way, we seemingly remove all discontinuities at ¢ = 0° = 180° and the
discontinuity at 6 = 0° and § = 180° also seemingly disappears when compared to the
direction representation, where we had (6, ¢) = (—e¢,s) = (4€,s + 180° mod 360°)
as € approaches 0, since our ¢ is now 180° periodic. However, the way we achieved
180° periodicity is by multiplying the vector by —1, so that it always appears in the
hemisphere that we want. We therefore get the following relationship instead, which
is still discontinuous: (9, ¢) = (d,0°+¢) = (180° —d, 180° —¢) as € approaches 0. The
following equation [5.3| is the definition of this Dip 180° Strike 180° representation

that I use in my experiments:

riR xR — R3,
930 —1
7(0,0) = |cos(2- ¢)| (5.3)
sin(2 - ¢)

atan2(us, u
() = (6,6) = ((wo +1)- 907, atan2(uz, u1) 1)>.

Let us now consider piecewise representations as a continuation from Dip 90°
Strike 360°. The representation (6, cos(¢) - sin(d), sin(¢) - sin(9)) suffers from dis-
continuities at 6 = 90° in the other two dimensions. If we further adjusted the
representation to go to zero near 6 = 90, then we would avoid discontinuities. We

would then also need to come up with additional representations that we could use
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near 6 = 90°, which is more difficult. Let us first rewrite the current representation

in terms of the Cartesian vector v = (z,y,z). We can write sin(d) = /22 + 32,

sin(¢) = \/;TyT;ﬂ and sin(¢) = \/szyQ We can therefore rewrite the representation
as (0, —y,x). If we also rewrote § as cos(d) = z, then we arrive at effectively just
having the Cartesian vector v = (x,y, ) directly, with x,y € [-1,1] and z € [0, 1].
This makes it easier to consider the adjustment functions that we used in the 2D
piecewise representation in Section 4.1.5. Specifically, let us consider the adjust-
ment function from the 3rd iteration and equation In 3-dimensions, we get the

following representation in equation [5.4 when aligned with the z-axis.

1 ifa>0
sign(a) = ,
~1 ifa<0 (5.4)

r(v) = sign(v,) - v? - v.

This representation is fully continuous, however, it is the zero vector for all vectors
v with z = 0.

The remaining question is what representation can we use for vectors with z = 0
in a piecewise manner? I could not find a singular representation for those points,
however, the combination of two representations satisfies this constraint. If we
reused the same representation from equation [5.4] but aligned it with the x-axis for
the second representation, and the y-axis for the third. When we align with any axis
a € x,y,z, then the representation is equal to 0 (the zero vector) for values with
v, = 0. Any vector v on the unit sphere that we are trying to represent satisfies the
property v§+v§ +v? = 1 and therefore at most two dimensions out of z, y, z are close
to 0. In other words, we could rely on the representation that is aligned with the

axis a that has the largest v,. This brings us to the definition of the representation.

5.1.2 Piecewise-Vector Representation

a.k.a. Piecewise-Aligned Representation [5]
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We can write this representation as follows in equation [5.5}

1 ifa>0
sign(a) = :
-1 ifa<0
Va € {0,1,2} :

(5.5)

Sq(v) = sign(v,) - vg -V,

r:R* = R® x R® x R?,
r(v) = (So(V),Sl(V),SQ(V)>.

In fact, the same principle from the 3rd iteration of the 2-dimensional piecewise
representation also holds in three dimensions, namely: the magnitudes of the three
parts 7(v)o,7(v)1,7(v)2 add up to v + v} + v3 = 1. Therefore, all we have to do to
invert the representation is to find an axis to align all three vectors r(v)g, 7(v)1, 7(v)2
to and add them up. We do this by selecting the axis b for which the vector r(v),
has the greatest magnitude ||7(v)y||, which is equivalent to the largest r(v),, which
is also equivalent to the largest [r(v);,|. We can express the inverse of this repre-

sentation as follows, in equation [5.6

T_12R3XR3X]R3—>R3,

Let b€ {0,1,2} s.t. max(|luol[, [ur]l, luzf]) = [[ue], (5.6)
T_l(u0a u17 u2) = Z (Sign(ua7b) : ua)‘
a€0,1,2

Note that this representation turned out to be a direct expansion of the 2D-
Piecewise counterpart into three dimensions. In fact, it is possible to expand this
representation to represent vectors v of any number of dimensions n. The resulting

representation r would require n? dimensions. It is defined as follows, in equation
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1 ifa>0

sign(a) = ,
-1 ifa<0

Va € {0,1,....,n— 1} :

sa(v) = sign(v,) - 02 - v,

r:R" — (R, (5.7)
r(v) = (so(v), s1(v), ...,sn,l(v)>,
Let b€ {0,1,....,n— 1} s.t. max (|| sa(V)]|) = || se(V)]l,

a€{0,1,...,n—1}

r(ug,uy, ..., Wpy) = Z (sign(ugp) - ug).
a€{0,1,....,n—1}

I will also refer to this representation as the Piecewise-Aligned representation in

3D.

5.1.3 Projection-Doubleanlgle Representation

Another fundamental approach that we could consider is to look at spherical pro-
jections. To represent the orientation, we need to map the points on a hemisphere,
in a continuous manner. Let us consider the z >= 0 hemi unit sphere, which is
equivalent to Dip 90° Strike 360°. Unlike the previous representations that used
3-dimensions, 2 are sufficient to represent the surface of the sphere. The simplest
projection we could consider is using parallel perspective, where we only take the
x and y coordinates of the Cartesian coordinates of the vector. However, we arrive
at problems near z = 0, where 2% + > = 1. Not only do we find a discontinuity,
where (z,y) = (—x, —y), where 2% 4+ 3* = 1, but a small change in the magnitude of
the vector has a large change of the resulting value of the z-axis, unlike the points

where 22 + 9? is closer to 0. To address this issue, we could instead look at using
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the following angles in equation [5.8}

0,. = atan2(y, z) = asin(\/%ﬁ)),
(5.8)
0., = atan2(x, z) = asin(L),
1—92

with 0,,,0,, € (—90°,90°). These angles measure the  and y components from the
z axis. We can also think of them as projections of the vector v onto the yz and
xz planes, where we measure the angle. The notation used for ¢,. means that the
vector was projected onto the yz plane where x = 0. Unfortunately, these angles
are poorly defined for vectors close to z = 0. However, vectors close to z = 0 could
be distinguished using a thrid angle, the ¢ angle, or equivalently, the projection
onto the zy plane 0,,, as seen in Figure . Together, these three angles define the
vector location well. We are now faced with two problems: Firstly, how do we define
the angles for vectors with one axis element equal to zero? Secondly, how can this
representation be adjusted to represent orientation, or negation invariant vectors?

We cannot easily address the first question yet, but we will be able to once we
address the second question. We could use the Doubleangle representation from
equation for the angles 0,.,0,.,0,,. My initial intuition was to only use the
doubleangle representation for two angles 6, and 6,,, while leaving 6, € [0°,360°),
however, we will find that representing all three angles in the range [0°,180°) using
the Doubleangle representation leaves us with sufficient information to invert the
vector.

Now that we use the Doubleangle representation to represent the angles 0,,., 0,., 0.,
we are free to modify the magnitude of each of these vectors. We want to make use
of this to address the first question, and taper the vector to zero as it approaches
the ill-defined region. To do this, we multiply the Doubleangle representation by the
magnitude of the projected vector: va? + b2 for 6,,. We can do this automatically
when using the Doubleangle representation from equation [4.3|to directly express the
projection of v, rather than first finding the angles.

Overall, this leads to the following definition of the representation: First, in terms

of the angles 0,.,0,.,0,, in equation Second, without trigonometry directly via

94



Figure 5.3: Diagram showing the angles 0,,,0,.,0,. of the projection of the vector
v onto the axis-planes. These angles are used in the Projection-Doubleangle repre-
sentation.
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the projected Cartesian coordinates in equation [5.10]

Vab e{zz,yz, zy} :

O.p(v) = atan2(vp, v,),

(v = /—vg 2 cos(2 - O4p(V) | (5.9

sin(2 - Gup(v)
r:R* = R x R® x R?,
r(©) = (8(V), texlV), (),

and

Vab €{zz,yz, xy} :

2

Vo | w2 | (5.10)

tab(V) =

Next, we have to consider how we could invert this representation. We can invert
the doubleangle representation to recreate the three projected vectors p,., P,.; Py

using the following equation [5.11

Vab € {yz,xz, 2z} :

1 U
T4 (5.11)
2 2 2
pab(u) = 4 /U?L + u% ‘ 12 ua-&-u,; 7
sign(uy), /5 — ; u§+ug

which makes use of the equation [4.3]

Crucially, any of these vectors could be multiplied by 41, due to the negation-
invariant property of the Doubleangle representation. We can now compare the 6
values from these 3 projected vector, to deduce which should be multiplied by -1.

If we knew these values of 1, then we could invert the representation using the
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following equation [5.12f

: (Szvz : pxz(u>0 + Sacy ' pacy(u>0)
’ (Syz : pyz<u)0 + Sgy * pmy(“—)l) ’ (512)

: (Syz . pyz(u)l + Sgz* p:cz(u)l)

r(u) =

NI= NI= N

where S,., 832, 52y € {—1,1}.

Now, we should be able to set the values of s, s,., 55, such that for every row in
equation [5.12]the two elements have the same sign. We could arbitrarily set the value
of one of the three signs s,., 5;., S5y, because we don’t care if our resulting vector is
multiplied by +1, and deduce the value of the other two s variables. However, we
must also account for possible inaccuracies of the prediction of any neural network
used to predict these values. Especially when one of the values of v is close to
0, a small error in the representation could cause its sign to change. If that does
happen, then we want the mismatched signs to be in the row of equation [5.12 with

the smallest values. We determine the smallest row using the following equation

0. 1of

My |pxz(u)0‘ + ‘pxy<u)0|
m(w) = 1my | = |Ipy:(a)o| + [poy (Wil | - (5.13)
m. |Py=(W)1] + [Pez(0)1 ]

and let k£ € {z,y, 2} s.t. min(my, my, m,) = my.
We can now determine the values of s,., s;., s;, using the following equation

614

{ (
1 if sign(pey(u)1) = sign(pec(1)o) .
ifk=a
| —1if sign(pay(u)1) 7 sign(pue(u)o)
Sap = 1 if sign(pa(u)o) = sign(pac(u)o) ‘ (5.14)
ifk=0»
\—1 if sign(pay(u)o) # sign(pae(u)o)
\

To explain this equation [5.14] let us consider an example where k = z is the axis
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with the smallest elements. We would therefore set s, = 1 and deduce s,. such
that the two values forming v,, which are p,.(u) and p,,(u)o, have the same sign.
We would also set s,, such that the two values forming v,, which are p,.(u), and
Pay(1)1, have the same sign. However, we could still get s, - p,.(u1) and s, - py.(a);
with different signs. This is the desired behaviour, since we selected the axis k = z
that has the smallest values and to minimise the error caused by this sign mismatch.

This Projection-Doubleangle representation is now fully defined together with

its inverse using equations [5.10] [5.11], [5.12], [5.13] .14l It is fully continuous and

requires 6 dimensions for the representation. In my empirical evaluation, I found

this representation to be the most effective.

5.1.4 Classification Representations

Classification-style representations came about as an extension of a standard classi-
fication task to a continuous space. Consider a classification task, where we quantise
the possible orientations into distinct and mutually exclusive categories. We could
then use a neural network to predict what category or bin any given orientation
belongs to. This approach is something that Wu et al. used [108], which inspired
me to pursue this direction further. The obvious shortcoming of this method is its
discrete nature, in which we cannot distinguish between different orientations within
the same category. Therefore, the granularity of the representation is determined
by the number of categories that we use. However, the larger the number of cate-
gories, the more computationally expensive the representation becomes. This size
of the representation is especially problematic in application where a large number
of orientations are predicted, such as predicting an orientation for every voxel in 3D
space. Nevertheless, if the task is difficult and we cannot expect a high accuracy
from the model, then a small number of categories may be appropriate, making this
approach feasible.

However, consider the case where an orientation is on the boundary between two
bins. We would expect the model to give a higher probability to both adjacent bins.
Could we rely on the probability of adjacent categories to determine a more exact
orientation within the category? It turns out that this is possible if we train the
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model to predict very specific category probabilities based on the exact orientation.

1D Continuous Classification

Consider an example using a one-dimensional vector v € [0,1). We could define
10 bins: ¢ € {0,1,...,9}, where each bin i represents values of v in the range [0.1 -
i,0.1- (i + 1)]. We could then say that these bins i are centred around the value
¢; = 0.1-4i+ 0.05, which is (0.05,0.15, ...,0.95). If we wanted to represent the value
that sits exactly on the centre of a bin, such as v = 0.15 for bin 1 with ¢; = 0.15,
then bin 1 gets an assignment or probability of r(v); = 1, while all other categories
get r(v);z1 = 0. To represent a value on the boundary between categories, such
as v = 0.2, we would assign a probability of r(v); = r(v)y = 0.5 for both bins 1
and 2. For any values v € [0.15,0.25], r(v); would be assigned the probability of
10-(0.25 — v), and r(v)q a probability of 10- (v — 0.15). Note that these two values
add up to 1. The last consideration we have to make is how to treat edge values.
In its current state, it is not possible to fully represent values below 0.05 or above
0.95, because there is no further adjacent bin at the extremes past ¢y and cyg. To
fully represent the numbers v € [0, 1], we need to use 11 categories that are centred
on (0,0.1,...,1).

Let us formalise this representation in one dimension. Consider a value v that
we want to represent in the range v € [b;,b,] for any real values b;,b, € R. If we
subdivide this numberline into n bins for a standard classification, then we need n+1
categories for this continuous classification. The width of a bin is w = (b, — b;)/n.
Each category i € NN [0,n 4 1) is centred around the point ¢; = b, + w - i. Lastly,

the probability value assigned to a category ¢ is defined as:

le; — v it wei— o

) = max(0, 1

- - ). (5.15)

ri(v) = max(0,1 —

This equation can be explained as the distance between the point v and the centre
of the category ¢; in terms of the number of widths of the bins w. However, we
want the probability to be 1 when the distance is zero, and zero for any distances

larger than w, which is achieved using the expression max(0,1 — z). You can see
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Figure 5.4: Graph showing the continuous classification in one dimension from equa-
tion [5.15] The points in blue correspond to the probabilities r; assigned to the cate-
gories ¢ that are centred around points ¢;. The line in orange shows us the equation
for a fixed point v and points ¢; varying along the v-axis.

this representation visualised in Figure

Let us now consider how we could invert this representation. Even if we train
a neural network to predict the probabilities r(v); exactly, we still have to expect
some error. Only two classes should ever have probabilities higher than zero. There-

fore, let us find which two adjacent classes have the highest sum of probabilities in

equation [5.16}

Find j e NN [0,n) s.t.
(5.16)

max (U; + U;a1) = U; + Ujpq.
ieNm[O,n)( 1 i+ ) J 7+

We now know that the point 7~!(u) lies somewhere on or between ¢; and ¢;j;;. We

can use the ratio between u; and u;;; to determine this exact location as follows in
equation [5.I7

Cj . Uj + Cj+1 . Uj+1
Uj + Uj+1

r (ug, uj) = (5.17)
Note that this definition also works for cases, where the point v is equal to one of
the categories’ centre points ¢;. We could arbitrarily use either one of its neighbours
1 — 1 or i + 1 for the equations and it would correctly get assigned a probability
value of 0.
Next, let us consider how we could use this representation for cyclical values.
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Figure 5.5: Diagram showing the layout of the classes’ centre points for the 2D
Continuous Classification. The arrows show the distances that we consider for the
x and y components of v.

Y
8

Imagine if we wanted the two extremes of the range [b;, b,] to be represented as the
same value. We could do this by unifying the categories 0 and n. When determining
the representation, we could calculate both ry and 7, and predict the larger value.

To invert the representation, we would assign the same predicted value to both rg

and 7,, and use equations and as usual.

2D Continuous Classification

Let us now consider how we could expand this representation to two dimensions v =
(vg,vy). We could distribute the categories with their centre points on a grid c,,,.
Any point v would fall on a face formed by four points ¢, ,, C441,y; Coyt1, Catiy+1-
We could then use the ratio between the probabilities of (ry, + 74 y41) and (ry41, +
Ts+1y+1) to determine the value of v, and the ratio between (r,, + 7,41,) and
(Tm,y+1 + Tm+1,y+1> to determine the value of v,,. This principle is visualised in Figure

We can now define equation to assign probability values r to the four adja-

cent classes of our vector v. We use the notation ¢, to refer to the z-axis element
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of ¢, and ¢, 1. Similarly, ¢, is the y-axis element of ¢, , and c; 1.

Cot1 — Ug
V)= e
Vg — Cx
pz-‘rl( ): Cor1 — C :1_pr7
Cyt1 — Uy
py(v) = F——,
! Cy+1 — Cy
Uy, — C
PV =t T 5.15)
Y Yy
r:r,y(") = px(v) : py<v>7
rr—i—l,y(v) = Pz+1 (V) . py<v)7
Tay+1(V) = Da(V) - Py (v),
Tx+1,y+1(V) = px+1(V) py+1(V)

We can show that the four values of r add up to 1 as follows:

Uy — Cg
pac-i-l(v) =
Cypy1 — Cg
S T ) G TG
Copt1 — Cy Copt1 — C
Uy — Cp — C +c
—14 = z z+l r (519)
Cet1 — Cy
-1 Cot1 — Vg
Cxt1 — Cx

The exact same logic works for p, and p,;1. Now we can show that:

Ty T Totly + Toytl T Tot1yt+1
=Pz - Py + Paty1 - Py + D Py+1 + Peg1 - Py+1
=papy+ (1= pg) - py + o =D,) + (1 — pg) - (1 = p,)

=py + (1 —p,) = 1.

(5.20)

To invert this representation r~!(u), we would first need to find which face the
representation is on. Similarly to before, we consider all the possible faces and add

up the four values u, , + Ugt1,y + Uz yt1 + Uzs1,y41 for each face. We then pick the
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face that has the highest sum. Next, we can use the following equation to invert

the representation:

Cz'(uz,y+um,y+1)+Cx+1'(ux+1,y+ux+1,y+l)
— Ug,ytUz4+1,y Uz, y+1FUz4+1,y+1 ) (521)
ey (Ua,y+ot1,y)Hey+1-(Ua,y+1+Uar1,y+1)
uac,y+ua:+1,y+uz,y+1+uz+1,y+l

1
T (U s Ut 1,5 Uy 1, U1 y41)

Note the similarity between this equation [5.21] and its 1D counterpart We
merely consider each axis x and y separately and add the two probabilities r that
should like on the same point for either axis.

Also, similarly to the 1D counterpart, we could unify the points on the extremes

of the defined space to achieve a cyclic property for the represented space.

Classification Dip-Strike

In order to represent orientations and negation invariant 3D vectors, we need to
represent points on the surface of a hemisphere. Also, we need to make sure that
the points along the equator of the hemisphere, where it is cut in two, are cyclical
and points on opposite sides are unified to the same orientation. To achieve this,
we could draw lines of latitude and longitude on the hemisphere, where their in-
tersection points are considered the centre points for our continuous classification.
Equivalently, we can call lines of latitudes as lines of constant dip ¢ and lines of
longitude as lines of constant strike ¢ from the Dip 90° Strike 360° parametrisation.

In my experiments I found that incrementing strike ¢ by 60° and dip § by 45°
yielded the best performance. This leads to 10 category centre-points and is visu-
alised in Figure I will use these increments to explain the representation, but it
can be defined similarly for other increments of ¢ and ¢. In this layout, the category

centre points lie on the following coordinates in equation [5.22}

Point ‘ A B ¢ D FE F G H I J
Dip 90° 90° 90° 45° 45° 45° 45° 45° 45° 0° (5.22)
Strike | 0° 60° 120° 0° 60° 120° 180° 240° 300° n/a

Each point X also has a point on the opposite side of the sphere X’. These points
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Figure 5.6: Diagram showing the points corresponding to categories in the Classifi-
cation Dip-Strike representation. (b) is a top-down view of (a).

are defined as X’ with Xj = 180° — X§ and X = X + 180° mod 360°. However,
the model will only predict a single probability value rx for each pair of points X
and X’ to achieve negation invariance.

We can now use the 2D Continuous Classification representation, if we consider
0 and ¢ as our coordinate system instead of x and y. This is certainly true for the
faces with 4 vertices, such as CBFE. However, we also get faces with only 3 vertices
at the pole of the sphere with § = 0°. The representation is slightly adjusted to deal
with this case and is defined as follows:

We use equation to represent points that lie on faces with four vertices.
This is the case for vectors v with § € [45°,90°] for this particular representation, or
more generally with § € [0_increment, 90°]. We use the face EFBC as seen in Figure

[5.6 for this definition:

C
b=

a
Po= v



We use equation for faces with three vertices, where one of the vertices is
the pole at 6 = 0°. This is the case when representing vectors v with § € [0°,45°)
or, more generally, 0 € [0°, d_increment). Note that if the represented vector has a

dip of exactly d_increment, then both equations and yield the same result.

. C
Po="ra
. a
Po = 0¥
ry=(1-ps), (5:24)

re =ps- (1 —py),

Tr =Dés * Pop-

To achieve negation invariance, we assign the same value of rx to both vertices
on opposite sides of the sphere rx and rx,. We will only ask the model to predict
one value rx for each pair of vertices ry and rx.

To invert the representation, we must first determine which face the represented
vector lies on. This is a similar process to the 2D Continuous classification. We need
to find the face with the largest sum of the predicted values of its vertices rx. When
performing this operation, we assign the predicted value of rx to both vertices rx
and 7y that lie on opposite sides of the sphere. Next, depending on whether the
selected face has four vertices or three vertices, we either use equation [5.25[ or [5.26
respectively.

For the following four vertex equation [5.23] we use the face with vertices EFBC

as seen in Figure 5.0}

re+r
Sy =05 + (65 — 0p) - ETE :
TE+TF+TB+TC (5 25)
by = bt (bo—dp)——C T |
v B C B T'E—FTF—l—’I‘B—l—TC.

For the following three vertex equation [5.24] we use the face with vertices EFJ as
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seen in Figure [5.6f

ry
0y =0p+ (0; —0p)  ———,
E (J E> TE+TF+TJ (526)
_ . TF '
Oy = 05+ (0r — 0R) e

As mentioned above, this representation can also be used with different incre-
ments of ¢ and ¢. I will refer to these representations using this increment, for exam-

ple, Classification Dip 45° Strike 60° for §_increment = 45° and ¢_increment = 60°.

Classification Icosahedron

A potential downside of the aforementioned Classification Dip-Strike representation
is that the points are not distributed completely uniformly. Points near 6 = 90°
are more widely spaced than points near 6 = 90°, where they merge into one, to
form faces with only three vertices. Moreover, the increment of § and ¢ can also
be different. It could be beneficial to define a representation that is more uniformly
distributed on the surface of a sphere. We could use the regular icosahedron, also
known as a 20-faced die or D20, for this purpose. It is a platonic solid, and hence
the most regular and perfectly distributed shape. Although there are other platonic
solids that we could consider, the icosahedron has the largest number of vertices
among them. Moreover, its faces have three vertices each, which makes it easier to

define the representation.

Icosahedron Geometry We place the category centre-points on the vertices of
the regular icosahedron. This icosahedron is positioned such that its vertices lie on

a unit sphere. You can see the layout of the vertices and faces in Figure and
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their precise definition in the following equation [5.2

co=15-(0,1,¢), ce =5 (0,—1,—¢p),
c1=s-(0,-1,¢), cr=s5-(0,1,—¢),
co=5-(p,0,1), cs=5-(—p,0,—1), (5.27)
c3 =5 (—¢,0,1), co=5-(p,0,—1),
cy=s-(1,9,0), cio=s-(—1,—p,0),
cs=s-(—1,9,0), ci1=s-(1,—p,0),

where ¢ = %5 is the golden ratio and s = 1/ \/m = %5 is the factor we need
to use to normalise the magnitude of the icosahedron to be on the unit sphere. Note
that ¢, = —c,.¢. These vertices lie on opposite sides of the sphere. We can pair
up these points to achieve negation invariance in a similar way to the Classification
Dip-Strike representation.

Next, we define the faces f,,, of the icosahedron as a list of indices n of the vertices

¢, that belong to the face. The first 10 faces are defined as[5.28}

fo=11,0,2] fs =11,3,10]
fi1=10,1,3] fe =[10,11,1]
fa=10,2,4] fr=11,2,11] (5.28)
f3=1[4,5,0] fs =12,9,11]
fa=10,3,5] fo=12,9,4]

while the remaining 10 faces are identical, only using the opposite vertices. The

relationship between faces and vertices can be seen in Fig. [5.7]

Representation Definition To define the representation on these points, we
must find a similarity metric that is applied to any vertex c; and the represented
vector v. This similarity must be higher the closer the two vectors are to each other.
We also want the similarity between any two vertices c; to be zero, and for any point

lying on an edge to only have non-zero similarities between the two vertices forming
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Figure 5.7: A diagram showing which vertices belong to which face of the icosahe-
dron.

the edge. Similarly, we want a point lying on a vertex to have a similarity of 1 with
the vertex and zero to all other vertices. The similarity should also be zero between
any point v (which lies on face j) and all vertices c¢; that do not belong to that
face (i ¢ f;). Lastly, the sum of all the similarities between a point v and all the
vertices ¢; should be equal to one. Together, all of these properties should achieve a
representation that behaves similarly to the Classification Dip-Strike representation
or the 2D Continuous Classification.

A good starting point for the representation is to determine what face the vector
v belongs to. We will then only allow the similarity for vertices on that face to
be non-zero. This allows us to reduce the problem from points on the surface of a
sphere to points on a triangle. If we find transformation matrices that align every
face of the icosahedron to a standardised triangle, then we can reduce the problem
to two dimensions, making it simpler.

Consider the triangle abc, where a = (0,0,0),b = (1,0,0),c = (1/2,/3/2,0).
We can find transformation matrices 7; from any face j onto the triangle abce. If we
determine that a point v lies on face j, then applying Tj to v will give us u, which
exists in the same standardised space. We can then apply the same representation
equations regardless of which face j belongs to. We can then calculate the similarity

between u and points a, b and ¢, which will correspond to the similarity r; for
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a=(0,0,0) b=(1,0,0)

Figure 5.8: A diagram showing how we calculate similarity on a standardised triangle
for any icosahedron face.

vertices ¢ € f;.

To calculate the similarity we could use Barycentric coordinates, if they are
normalised to add up to 1. Barycentric coordinates directly give the proportion
of the area of the sub-triangles opposite to each vertex relative to the area of the
whole triangle. By making the area of the triangle 1, we could use these values as
our similarity measure. Wachspress Coordinates and Mean Value Coordinates are
generalisations of Barycentric coordinates to more complex polygons, with identical
values when applied to an equilateral triangle. An equivalent definition of all of
these coordinates can be expressed using the geometry shown in Figure[5.8f We can
use the side length r,, r, and r. to form our representation, assuming that v lies
on the triangle abc. However, even though the vertices on the icosahedron lie on
the unit sphere, with a magnitude of 1, other points on the edges or faces of the
icosahedron do not have a magnitude of 1. Therefore, after using transformation
matrices Tj, the point u will not lie on the triangle abc and it will have a z-axis
component that is not equal to zero. To address this, we will project the point u

onto the surface of the triangle abc by setting its z-axis component to zero.
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We can now formalise this representation using the following equations. Let us
first define the representation r,, 7y, 7. on the triangle abc in terms of the vector u
in equation [5.30l From the geometry of the triangle in Figure [5.8 we can deduce the

following equation [5.29}

Te

Uy = Tp + 57
3

Uy = Tc.ﬁ, (5.29)
2

l=r,+7r+ ..

From these equations [5.29| we can deduce the following [5.30}

Uy U
TQ(U):l—g—ﬁ,

Uy U
rb(u) = 7 - 2\/y§’ (530)
ro(u) = L

Let us now follow the process of defining the representation from the start. First,
we must find out what face v belongs to. We can do this by finding the face that
minimises the angle, or the dot product between the vertices c¢; and the vector v as

follows in equation [5.31, which relies on equations [5.28] [5.27;

face(v) = j s.t. min Cp-V)) = Cp-V

(v)=J Z, (%( kV)) %( ke V) (5.31)

Now that we know what face v belongs to, we need to find the transformation
that maps v onto u on the standardised triangle abc. We do this by using transfor-
mation matrices 77, Tj_1 that map the vertices c; for a face ¢ € f; onto the vertices a,
b and c respectively. The process to find these transformation matrices is defined in
equation [5.47| at the end. Note that we use the convention from computer graphics
and perform the multiplication as v - T" (not 7" - v). In other words, the vectors

are row vectors. We will then def transformation as follows in equation [5.32| using
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equations and [5.47}

u(v) = | [v X Thaco(w)ly | - (5.32)

The full representation is then defined as follows in equation[5.33] using equations

Ta(“(")) if i = [fface(v)][)a
rpo(u(v))  if i = [frace(w)1,
TC(u(V)) if i = [fface(v)]% (533)

0 otherwise,
ri(v) = max(s;(v), si16(V))

Note that the final representation will only predict the values r; for the first 6

vertices, and is assigned as the larger of the pair of values s; and s;,¢.

Inverse Representation Definition Next, let us invert the representation. First,
we must determine which face the predicted r lies on. We can do this by finding
the face with the largest sum of the representation value s; for its respective vertices
i € f; after assigning the predicted values of r; to both s; and s;;6. We get the
following equation [5.34}

Si (I‘) == T{i mod 6} 5

face_inv(r) = j s.t. miin(z sk(r)) = Z sk (r).

kefi kef;

(5.34)

We can now identify r,, 1y, 7. on the triangle abc as T fraceime(ey TESPECHIVELY. We
can use these values to find the location of u in equation [5.35] which is based on

equations Note that we have to normalise the magnitude of r,, 1, r., since it

111



is not guaranteed that they add up to 1, due to errors in the predictions.

1 _ Ta Ty
Ta+7rp+Te Ta+Trp+Te
u(r) = Ve . (5.35)
Ta+Tp+Te
0

Next, we need to find v from u, by applying inverse transformation matrices
Tj_l, that map the triangle abc onto the vertices c; on the face j, where ¢ € f;. This
will map the point u onto the surface of the icosahedron. To map this point onto
the unit sphere and find v, we must normalise its magnitude to be equal to 1. This

is defined in the following equation [5.36], which uses equations [5.34], [5.35] [5.48}

v(r) =u(r) x T} (5.36)

face_inv(r)"

Transformation Matrices Let us now define the transformation matrices 7 that
transform the vertices cy, onto a, b, ¢ on the standardised triangle seen in Figure
respectively. To facilitate these transformations we use homogeneous coordinates,
which allow us to represent translations and other affine transformations as matrix
multiplications. Homogeneous coordinates extend Cartesian coordinates by adding
one additional dimension as follows: v = (z,y, z) is expressed as (z, ¥, z, 1) in homo-
geneous coordinates. The transformation matrices 7T are 4x4 matrices, which are
multiplied with the vector for the transformation. I will use the convention from
computer graphics, where vectors v are expressed as row vectors and are multiply-
ing them by the transformation matrices 7j from the right as v - T}. From now on,
when performing operations between vectors and transformation matrices, the use

of homogeneous coordinates is implied. Formally, we want the transformations to
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satisfy the following equations which use equations [5.27], [5.28}

Vi €]0,9NZ find T} s.t. :

a=(0,0,0) = ¢z, x T
(5.37)

b= (1a070) =Cfy X Tja

1 V3

C = (5, 7,0) = C[fjb X 7}
Finding these transformation matrices algebraically is difficult, however, we can
construct them from a sequence of consecutive transformations. Let us define the

transformations to perform translation and rotations in the x, y, and z axes as follows

in equation [5.38}

1 000
01 0O
ﬂranslation (.I, Y, Z) -
0010
z y 2z 1
10 0 0
0 cos(d) sin(d) 0
Trotationj:(e) -
0 —sin(d) cos(f) 0
0 0 0 1
L - (5.38)
cos(f) 0 —sin(f) 0O
0 1 0 0
Trotation,y(e) =
sin(fd) 0 cos(d) O
0 0 0 1
cos(d) sin(d) 0 0
—sin(f) cos(f) 0 0
Trotation,z(‘g) =
0 0 10
0 0 01

We can now construct our transformation matrices 7; using these operations.
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First, we perform a translation to move the first point cs,;, onto a = (0, 0, 0):

TI(]) = Ttranslation(_[c[fj]o]Ov _[C[fj}o]l’ _[C[fj]o]Q)' (5'39)

Let us also define the inverse of this operation for later use:

171 (5) = Txanstation ([€1£,10)05 [€1£,00)15 [C11,10)2)- (5.40)

Next, consider how the vertices ¢y, are transformed by Ti(j). ciy;),

X TI(j) is
guaranteed to be (0,0,0), while cfy;;, x T1(j) and cy,), x T1(j) vary depending on
f. Next, let us apply a rotation in the y-axis to align the second point (index 1) so

that its z-axis component is zero.

Tu(j) = Trotationfy(atanz([C[fjh x Ty(j), [C[fj]l x T1(5)]o)), (5.41)

T (§) = Trotationy(— atan2([cry), x Ti(5)]1, [erp,), % Ti(5)]o))- (5.42)

Next, let us make the y-axis component of the second vertex (index 1) equal
to zero, by performing a rotation in the z-axis. By performing the rotation in the
z-axis, we know that the z-axis component of the vector will be unaffected, leaving

at a value of zero.

Ti11(j) = Trotation_-(atan2([cpy,), X T1(j) x Tu(j)l2, [er), X T1(5) X T1(d)]o)),
(5.43)

Titi' () = Trotation = (— atan2([egy,, x T1(5) % T(j)]2 [erzy, % Ti(7) x Tu(5)]o))-
(5.44)

The second vertex ¢y}, X T1(j) x T1(j) x Tirr(j) will now be equal to b = (1,0,0).
We know this because we make its y-axis component zero using 71(j) and its z-axis
component zero using Tiy;(j). We know that it will be a distance of 1 away from the
first point ¢z}, x Ti(j) X Tu(j) x Tin(j), which was made into a = (0,0,0) using
T1(j) and it remained unchanged the rotations around the origin 711(j) and Tyi(7).

We are now only left with the third vertex as a function of f. A rotation around
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the x-axis will leave both the first and second vector unaffected, since they have
zero values in the y-axis and z-axis components. Let us therefore use the rotation

around the z-axis to make the z-axis component of the third vertex equal to zero:

TiV(]) = ﬂotation,x(ataHQ([c[fj}z X CT’I(]) X TII(]) X CT’HI(j)]Qa
[ei1. < T1(4) x Tur(j) x Tiu(5)]1)),
T () = Trotation.z(— atan2([cqr,), x T1(7) x Trr(j) x T (j)]e,

[err1. < T1(5) x Tu(j) x Tir(5)]1)),

(5.45)

(5.46)

With this fourth transformation, our vertices now lie on a, b, ¢ respectively. We

can therefore define the full transformation matrices as follows in equation [5.47}
T; = Ti(j) x Tu(4) x Tm(4) x Tiv(3)- (5.47)
Similarly, the inverse to the whole operation is defined as follows in equation |5.48

Tt =T () x Ty (7) x Ty " (7) x Ty '(5). (5.48)
The correctness of these transformation matrices can easily be verified numeri-

cally, by ensuring that the equation [5.37] is satisfied for all faces j. I have indeed
performed this check.

5.1.5 Saxena’s Representation

Lastly, let us talk about an existing representation proposed by Saxena et. al. [109] as
a benchmark to compare my representations against. Saxena’s representation uses a
3 x 3 matrix to encode a vector v as v-v?. This is a symmetrical matrix and therefore
contains 6 unique values, which we can predict using the neural network. To invert
the representation, we take the eigenvector corresponding to the largest eigenvalue
in the matrix. This can be done using principal component analysis (PCA) [110],
however, that is an expensive operation and cannot be easily performed on a GPU.

Although this representation is promising in principle, its computation was too
expensive in practice. Any models that predict orientation for every pixel/voxel in a
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volume must invert the representation for every pixel/voxel. This means the use of
PCA for every pixel/voxel when using Saxena’s representation, which was too slow.

It was only viable to use the representation on the 3D Toy Dataset.

5.2 Experiments

5.2.1 3D Dummy Dataset

Moving on from 2D to 3D, I initially performed experiments on the Dummy 3D
dataset. I only spent a brief period on this dataset before it got superseded by
the combination of the Toy Dataset and the Synthetic Seismic Dataset. The Toy
dataset allows us to evaluate the representations in a very controlled environment
that allows us to identify the specific orientations that the representations struggle
with. Conversely, the synthetic seismic dataset allows to better evaluate the practical
utility of the representations in a more realistic and challenging environment. This
3D Dummy Datasets sits between the two, with pixel-wise labels that require a large
model, but without resembling the seismic data. As such, it provides little utility
over the combination of the two datasets that superseded it and their associated
experiments.

All of the experiments that I performed on this dataset were during the prototyp-
ing and debugging stage of the creation of this dataset. I cannot be certain whether
there weren’t bugs in how I created the labels for this dataset, in fact, I suspect that
was the case. I abandoned the dataset before addressing all of my doubts about it.
Although the dataset was useful to figure out the direction of my research before I
had access to the Synthetic Seismic Data, I did not draw any conclusions from the
experiments about the performance of the various representation. For this reason I

decided to omit these results from this thesis.

5.2.2 3D Toy Dataset

The 3D Toy Dataset gives us the unique opportunity to evaluate the representations

and identify any specific orientations that it struggles with. This allows us to confirm
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the presence discontinuities in the representations and prove that they cause issues
for neural networks. On the contrary, we can demonstrate that the four proposed
representations do not suffer from these issues.

The volumes in this dataset are only 8 x 8 x 8 voxels in size, with a single
orientation label for each volume. It is therefore sufficient to train a very small model
on this dataset. Since the dataset contains a volume for every possible orientation,
we can evaluate all the possible orientations very effectively.

Since the dataset is very simple, there is no variety in the volumes apart from the
varying orientation. However, we want to both train and evaluate the model on all
the possible orientations. This is why we cannot split the dataset into a training and
validation set. However, this does not matter, since issues with the representations
should even be present in the training performance. The model should struggle with
problematic representations, especially near their discontinuities. With a sufficiently
small model, regardless of whether overfitting occurs or not, we should see differences
in the training performance of the representations are fundamentally flawed, which

we indeed observe.

Network Architecture

The model used for these experiments is shown in Figure It is a convolutional
architecture that downsamples the resolution of the volume, with a final fully con-
nected layer. With a total of 1329 parameters, this can be considered a very small

model.

Results

To visualise the error for all possible orientations, we need to create a visualisation
of the surface of a sphere, or at least a hemisphere, corresponding to the possible
orientations. These errors in the predictions can then be visualised on the sphere
as colour coding. Rather than visualising the sphere in 3D, it is more convenient
to use a projection of the sphere onto a 2D image. To do this, I use an equal
area projection. These results are visualised in Figure [5.10, Depending on the

random initialisation of the model and all other random elements during training,
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Figure 5.9: The 3D convolutional neural network architecture used on the 3D Toy
Dataset and task. Conv is a 3D convolutional layer with a 3 x 3 x 3 kernel, padding
of 1 and a strike of 1. i-norm is instance normalisation, down-s is 2x downsampling
using max pooling, Dense is a fully connected layer. The dimensions shown are
of the activations propagating through the model, with the first being the channel
dimension.

the performance of a model varies between different runs. To minimise the variation
caused by randomness, we can run the model multiple times and average the results
across all said runs. This is already the case for the images in Figure [5.10]

We can also use the average error over all possible orientations as a useful metric.
In Figure [5.11] we can see how this average error changes over the course of training
the model. The plotted line is the average across multiple runs. In Figure [5.1]]
we can see the distribution across the different runs, of the average error across all

orientations.

Discussion

Let us first talk about the issues with the benchmark representations and how the
experimental results verify the expected issues from discontinuities that I identified
in theory.

First, let us look at the Dip-Strike representations, which were described in
Figure [5.2) and Equations [5.2] and [5.3

The Dip 90° Strike 360° representation has discontinuities at 6 = 90°, where the
strike angle suddenly changes by 180°. We observe large errors in the predictions
near this discontinuity, seen as a ring in Figure The performance of this
representation is good outside of the discontinuity, however, we can see that the
overall performance was negatively affected in Figure [5.12

The Dip 180° Strike 180° representation suffers from a discontinuity at ¢ =
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Proposed Representations

Projection Legend

Piecewise-Aligned Projection-Doubleangle
Classification Classification .
Dip-Strike Icosahedron Angle error []
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Saxena's Representation  Dip 180° - Strike 180°

Z-Aligned-Vector Dip 90° - Strike 360°

Figure 5.10: The results of the 3D Toy dataset and task. The error is visualised for
every possible orientation as colour coding on an equal area projection of a sphere.
Note that there is a symmetry in the images, since any direction and its negative
are the same orientation. The errors shown are averaged over 10 runs of the same
model.
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Figure 5.11: The performance during training on the 3D Toy task. The errors shown
are averaged over 10 runs of the same model.
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Figure 5.12: A distribution of the final performances on the 3D Toy task over the
10 runs of the same model.
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0° = 180°. Despite using the doubleangle representation on the strike angle, which
removes the discontinuity in the strike angle, the dip angle becomes discontinuous.
The dip value jumps from ¢ to 180° — dip in places where ¢ = 0° = 180°. This
jump is big for dip values close to 0° or 180°, but small near values of 90°. This
is precisely what we observe in Figure [5.10] where large errors occur near places
where the discontinuity is big. On average over all orientations, this representation
performs the worst, as seen in Figure |5.12]

The Z-Aligned-Vector representation suffers from a discontinuity at z = 0, which
corresponds to § = 90°, which is where we observe large errors in Figure[5.10] These
locations align with the Dip 90° Strike 360° representation, but on average the Z-
Aligned-Vector representation performs a little better, as seen in Figure [5.12]

Next, let us look at Saxena’s representation. On average it performs well, being
the third best representation, as seen in Figure |5.12, However, it has errors near
a specific orientation, as seen in Figure [5.10, It also trains more slowly than the
proposed representations, as seen in Figure |5.11] However, its biggest problem is
the computational time required to compute PCA to invert the representation. On
my system, the overall training time on Saxena’s representation was almost 4 times
as long as the other representations.

Moving on to the proposed representations, in Figure [5.10| we can see that all 4
representations perform uniformly well across all orientations. They do not have any
specific orientations for which their error is higher. That said, they do vary slightly
in their overall average performance. The Piecewise representation performs worst,
both training slower and plateauing at a worse performance. The classification
representations train quickly, but the Classification Icosahedron plateaus earlier than
the Classification Dip-Strike representation. Finally, the Projection-Doubleangle
representation performs the best.

We cannot be sure whether the performance of these representations translates
to other tasks. We observe differences in how quickly the representations train,
which could be exacerbated on difficult tasks, and could possibly even cause the
models to get stuck and plateau at different performances. What we can be certain

of from this experiment, however, is that discontinuities are indeed a problem for
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neural network output representations. We can also be certain that the proposed
representations don’t suffer from orientation-specific issues and perform uniformly

well across all orientations.

5.2.3 3D Synthetic Seismic Datasets

The 3D Synthetic Seismic Dataset is the closest counterpart to real 3D seismic
surveys while having ground truth labels. In fact, the synthetic data is similar
enough to the real seismic data that the models trained on the synthetic data can
be applied directly to the real seismic data without the need for any fine-tuning or
domain adaptation techniques. I will use this principle in Chapter [6]

Unlike hand labelled real data, synthetic seismic data has the advantage that its
labels are guaranteed to be correct and perfectly accurate. This is important for
training deep learning models, especially if we strive to surpass human performance,
since we can at best match human performance if we train on human annotations.
Additionally, unlike what geologists tend to label in their interpretations, we can
extract more information from the synthetic data. Specifically, we can get informa-
tion about the orientation of the faults. We can therefore use this data to evaluate
the effectiveness of the orientation representations on a task and dataset that is very
similar to its intended deployment.

Since we are predicting the orientation of faults in the dataset, the distribution
of orientations that we are evaluating determined by the orientations present in the
dataset. These do not cover all the possible orientations and are restricted to dip
values in the range of 10° to 35°, followed by random transformations that may
rotate them further. This is why it was important to also use the 3D Toy dataset.
It can be reasoned that any representation that performs well for all orientations
on the 3D Toy Dataset and performs well in practise on the 3D Synthetic Seismic
Dataset should also perform well in any other task.

The dataset consists of 1535 volumes of size 96 x 96 x 96 voxels and is split into
training, validation and testing sets in a 80%, 10% and 10% ratio respectively. I
used the validation set for all of the model optimisations, while reporting the test
set performances for the metrics seen when comparing the representations.
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Network

Similarly to the networks used in for the 2D tasks on chromosomes, this tasks takes
images as inputs and returns images of the same resolution. The only difference
being that the images have an extra spatial dimension. The way to address the
extra spacial dimension is to use 3D convolutions as opposed to 2D convolutions.
Otherwise, the same principles of network design still hold.

The biggest difference that using 3D volumes as opposed to 2D images is the
memory footprint of the data. Not only on the inputs and outputs, but also for the
hidden activations in the model. The VRAM of a GPU poses a major limit to the
size of the model that can be used and therefore inform the model design.

The UNet architecture [106] provides a memory efficient way of predicting pixel /voxel-
wise features. Every downsample in the architecture reduces the memory footprint
of the subsequent layers at the lowered resolution. In two dimensions, downsampling
by 2x roughly reduces the memory to a quarter, while in 3D to an eighth. However,
detail is lost at these lower resolutions. It is therefore important to find a balance
between the amount of computation performed at higher and at lower resolutions.

To find the best architecture, I restricted my search to models that use most of
the 24GB of available VRAM memory on my Titan RTX graphics card. I always
adjusted the numbers of channels/filters a.k.a. the width of the network accordingly,
to use up the available memory.

Within the UNet architecture, convolutional blocks are used to perform calcu-
lations at every resolution. However, these convolutional blocks can themselves use
various architectures. These can have different convolutional parameters, use differ-
ent normalisation layers, or have different skip connections. In my experiments, I
varied the parameters of these blocks, while also changing their surrounding UNet
structure. The UNet can have different numbers of downsamples, while also having
different widths or depths of the blocks within it. Because it takes a lot of time to
train a single model on this dataset, the optimisation process had to be efficient.
Rather than running an automated sweep over all these hyperparameters, I manually
selected the next models to run.

The metrics that I paid most attention during the optimisation procedure are

123



capturing the performance of predicting the location of the faults and how well their
orientation is represented. All of these models were optimised using the Piecewise-
Vector Representation, before I had come up with the other 3D representations.
The two metrics that capture these properties best are the Intersection over Union
(IOU) score of the fault location and the average angle error of the orientation. Em-
pirically, these two metrics were highly correlated in my experiments, which implies
that architectural improvements apply to the general model’s ability to interpret the
images, rather than optimising for one part of the task or the other (fault location
vs orientation prediction). Because of this, I would expect the same architecture to
perform well for all the different orientation representations. I have therefore not
repeated the network optimisation procedure for the different orientation represen-
tations.

Figure shows all the various architecture types that I experimented with
and optimised. Figure [5.14] shows the final optimised architecture. The details

and performances of all the models that I trained in the process of optimising the

architecture can be found in the Appendix Tables [A.1] [A.2] and [A.3] My general

findings from the optimisation process are summarised as follows:

1. Using concatenation instead of addition as the Combine operation yields better

performance.

2. Using Instance Normalisation [2] as the Norm Layer yields similar performance
to Batch Normalisation [1], while avoiding a floating point overflow on the

deeper architectures when using mixed (16 and 32 bit) floating point precision.

3. We order the blocks in increasing order of performance as follows: ”Conv

Block”, "HarDAddNet Block”, "ResNet Block”, "HarDNet Block”

The optimised architecture in Figure[5.14] has the following architectural details:
UNet with 2 down/up samples, using max pooling with a kernel and stride of 2 x
2 x 2 for down-sampling, and trilinear interpolation for up-sampling. The model
uses instance normalisation [2] for the Norm Layer, concatenation for the Combine
operation, a batch size of 4, the Adam optimiser [111] with a learning rate of 1.0e-3.

The model uses HarDNet Blocks for the encoders, decoders and the backbone, all of
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which use a value of m = 1.7. The width of the hidden layers is: hl = 72, h2 = 104;
the encoder block 1 and decoder block 2 have a depth of 8 and k£ = 11; the encoder
block 2 and decoder block 1 have a depth of 8 and k = 16; the backbone has a depth
of 64 and k = 24.

Results

Figures and are counterparts to Figures and respectively. Figure

5.15| plots the average performance of the model across 4 separate training runs,
while [5.16] shows the distribution of the best performances achieved in each run.
These Figures and results have been published in [5].

In addition to predicting the orientation, the models also predict the location of
the faults. This performance should be similar for all models. Table [5.1] shows all
the metrics for the different representations, while their averages are shown in Table

0.2

Discussion

Unlike the 3D Toy dataset, we cannot easily visualise the error for different ori-
entations on the Synthetic Seismic Dataset. The orientations are not uniformly
distributed within the dataset, rather, they are made to resemble the distribution
of orientation within real seismic surveys. In this way, the average performance on
the synthetic data should more closely resemble the performance we might expect
on the real data.

We observe a similar pattern of performances between the Toy Dataset and
the Synthetic Seismic Dataset across the 4 suggested orientation representations,
when looking at the final distribution of their performances in Figure for the
synthetic seismic data compared to the toy task in Figure [5.16| The Projection-
Doubleangle representation clearly performs best, followed by the two classification
representations, and lastly the Piecewise-Aligned representation. We do, however,
observe some differences in the performances. Most notably, the average error is
much higher for all the representations on the synthetic seismic data than on the

toy task. This is not surprising, since the task is much more difficult in general. It
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Figure 5.13: The model architectures that I used in my experiments on 3D seismic
data. The UNet is the template that contains placeholders for encoder/decoder
blocks, downsample/upsample operations and combine blocks, as well as the norm
layers used within the various blocks. These placeholders are then populated. The
options for the blocks are the Conv Block, ResNet Block, HarDNet Block and
HarDAddNet Block. The UNet can also vary with the number blocks and up/down
sample operations, while each block can be made with different widths/depths (or
other hyperparameters), that also have to be specified. The numbers above a box
in the top left represent the number of input channels passed into the block, while
the number of output channels is on the bottom right.
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model trained on synthetic seismic data is deployed.
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Figure 5.15: The performance during training on the 3D Synthetic Seismic dataset.
The errors shown are averaged over 4 runs of the same model.
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Orientation Fault Average Max
Representation IOU  Orientation Orientation
Error Error
Projection Doubleangle 66.5% 5.28° 67.6°
Projection Doubleangle 65.0% 5.64° 68.1°
Projection Doubleangle 66.1% 5.71° 68.7°
Projection Doubleangle 66.9% 5.13° 66.7°
Classification Dip-Strike | 65.3% 6.74° 73.8°
Classification Dip-Strike | 66.4% 6.58° 73.6°
Classification Dip-Strike | 65.5% 6.59° 73.8°
Classification Dip-Strike | 66.8% 6.00° 70.2°
Classification Icosahedron | 65.1% 6.76° 73.5°
Classification Icosahedron | 65.8% 6.39° 70.5°
Classification Icosahedron | 66.1% 6.61° 73.5°
Classification Icosahedron | 66.4% 6.52° 71.0°
Piecewise-Vector 65.6% 8.42° 77.2°
Piecewise-Vector 66.0% 7.77° 77.7°
Piecewise-Vector 66.0% 7.38° 75.6°
Piecewise-Vector 65.5% 7.92° 78.2°
Z-Aligned Vector 65.4% 8.13° 74.8°
Z-Aligned Vector 66.5% 7.99° 74.6°
Z-Aligned Vector 66.9% 7.37° 74.7°
Z-Aligned Vector 66.2% 7.35° 72.7°
Dip 90 Strike 360° 65.5% 7.94° 73.7°
Dip 90 Strike 360° 67.0% 7.26° 73.4°
Dip 90 Strike 360° 65.4% 7.82° 73.9°
Dip 90 Strike 360° 65.9% 8.02° 75.5°
Dip 180° Strike 180° 66.7% 7.98° 66.9°
Dip 180° Strike 180° 67.2% 7.33° 66.3°
Dip 180° Strike 180° 66.6% 7.57° 66.1°
Dip 180° Strike 180° 65.2% 8.47° 68.3°

Table 5.1: The results for the Validation set of the Synthetic Seismic Dataset. Fach
row represents a separate model that was trained from scratch.
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Figure 5.16: A distribution of the final performances on the 3D Synthetic Seismic
dataset over the 4 runs of the same model.

Orientation Fault Average Max
Representation IOU  Orientation Orientation
Error Error
Projection Doubleangle 66.1% 5.44° 67.8°
Classification Dip-Strike | 66.0% 6.48° 72.8°
Classification Icosahedron | 65.9% 6.57° 72.1°
Piecewise-Vector 65.8% 7.87° 77.2°
Z-Aligned Vector 66.3% 7.71° 74.2°
Dip 90° Strike 360° 66.0% 7.76° 74.2°
Dip 180° Strike 180° 66.4% 7.84° 66.9°

Table 5.2: The results for the Validation set of the Synthetic Seismic Dataset. Each
row represents the average performance of the 4 models with the specified orientation
representation.
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does however shift the emphasis from the requirements on the representations. It
is less important to very finely distinguish similar orientations, and more important
to make it easy for the neural network to predict the representation effectively. The
following are my observations and thoughts about the individual representations’
results.

When looking at the imperfect representations (Piecewise-Aligned, Dip90-Strike360,
Dip180-Strike180), they perform similarly well to each other and to the Piecewise-
Aligned representation, which was not the case on the toy task. I suspect this is
because not all orientations are equally represented in the synthetic dataset. Specif-
ically, neither completely vertical nor completely horizontal faults are represented in
the dataset. The orientations that are most problematic with these orientations are
thus avoided, making the orientations more effective. At the same time, the three
imperfect orientations are most similar to the Piecewise-Aligned representation in
nature, which would explain why they all perform similarly well.

The Classification Icosahedron and Classification Dip-Strike representations per-
form similarly well on the synthetic seismic data, unlike on the toy dataset, where
the Classification Dip-Strike representation was superior. Notably, in Figure [5.11}
we can see that for the first few epochs of training on the toy task, the two classi-
fication representations performed more similarly. A possible explanation for these
performances is that the Classification Dip-Strike representation can be better opti-
mised for distinguishing very similar orientations. This is not very beneficial on the
synthetic seismic data, which is a much more difficult task where we never reached
such small orientation errors, leading to similar performance for both representations
on the synthetic seismic dataset.

Lastly, the Projection-Doubleangle representation is superior across the board.
It both trains quickly, as seen in Figure [5.15] and also reaches the best performance
for both tasks. It uses the unique approach that generalises the doubleangle repre-
sentation from 2D into 3D which seems to be very effective.

A potential shortcoming of this experiment is that the model architecture was
optimised using the Piecewise-Aligned representation. However, we see similar per-

formances for the fault location in all runs in Table [5.1 This suggests that the
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architecture is similarly effective regardless of the representation used. Also, the
representation that it was optimised for is not the best performing representation,
which is why we do not have to be concerned about biasing the results for the best
representation. We can also observe very high maximum orientation errors for all
representations, but this could just be a feature of the synthetic seismic task, which
is difficult. The fact that the maximum orientation error is lower for the runs with
lower average orientation errors suggests that we could equivalently use it as a metric

and come to similar conclusions.
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CHAPTER 6

Instance Segmentation

When performing seismic interpretations, one of the advantages that algorithms have
over people is, that they can easily work with large amounts of data at the same
high precision and fidelity as they would with smaller tasks. This is especially true
when working with 3D data that is difficult for people to work with and visualise.
This is because 3D seismic data is volumetric, with a scalar amplitude value for
every voxel in the volume. As such, without first interpreting the data, either using
automated tools or with hand-drawn annotations, there are no surfaces that can be
rendered in 3D. Instead, we must look at slices through the volume to inspect the
data in the middle of a volume. However, what complicates things further is the
way that faults are seen in the volume, as a discontinuity in the seismic reflectors,
which can be seen as lines in the images. These can only be seen effectively if a slice
through the volume is made that is perpendicular to the fault plane. It is therefore
important to slice the volume in a variety of directions to identify all faults. This
is further complicated with faults not being straight planes, but having curvature
and complicated geometries, meaning that the optimal direction to identify a fault
changes depending on the location of a fault. The algorithms therefore have a clear

advantage over the human approach of looking at slices through the volume, since
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they can effectively interact with the 3D data directly, in a 3D context.

When hand annotating faults, the geologist must go through the entire volume
of interest and highlight the location of faults slice after slice, over the whole vol-
ume. Many times they must also consider varying slicing directions over the same
volume, to accurately capture all faults. This is a very tedious task. Instead, to save
time, geologists commonly annotate faults at a lower precision than voxel precision,
annotating a handful of points on the fault and drawing straight lines between them.
This also allows them to skip multiple slices. On the contrary, the deep learning
models that I train create predictions for every individual voxel in the volume.

The voxel-wise fidelity of the deep learning is both a blessing and a curse though.
While offering a high fidelity, information about which voxels belong to which fault
is getting lost. This means that the prediction is not separated into distinct faults
that are 2D planes in 3D. This makes it very difficult to visualise the predictions of
a deep learning model, since a lot of occlusion may occur between different faults.
One effective strategy is to look at slices through the volume. However, this way
we lose interesting high fidelity detail about the faults, such as their orientation or
curvature. In turn we lose one of the advantages that the deep learning model offers
over human interpretations and annotations.

Instead, if we were able to separate individual faults from a model’s prediction,
we could visualise them separately in 3D and avoid issues with occlusion. To achieve
this prediction, we could look at instance segmentation techniques. We could treat
the faults in the volume as different instances of a fault within a binary classification
context.

There are many existing deep learning instance segmentation techniques that are
most commonly trained on 2D images. However, they fundamentally rely on ground
truth labels as annotated data for supervised learning. These are even more difficult
to source than annotations of faults in seismic data in the first place. Additionally,
due to memory constraints, when working with 3D data, the volumes analysed in
a single pass must be quite small. However, faults are thin planar structures that
span very large parts of the volume. We can therefore not identify a whole fault

instance with deep learning based instance segmentation techniques directly, since
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the volume that spans the fault could not fit into memory of a GPU. Instead, we
must stitch together many parts of a volume that are analysed directly, using a
broader post processing approach.

I must therefore use a post-processing algorithm on top of a deep learning model’s
predictions that can separate faults into instances. Additionally, the post processing
algorithms could also make use of the fact that faults are planes in 3D. Specifically, I
should be able to separate fault instances using the orientation of faults from Chapter
[} together with some other features in the form of pixel-wise binary labels akin to
a semantic segmentation. In fact, one of the purposes of designing the orientation
representations from Chapter |5/ was for performing this instance separation.

A property that we can exploit of fault planes in 3D is that if they are parallel,
then they cannot intersect. In other words, the orientation of two intersecting planes
must be different. If we train a model to predict the orientation of fault planes
together with the location of the fault planes and with places of intersection, we can
make use of the orientation predictions to refine where intersections occur as well
as match or distinguish different faults.

Similarly to orientation representations, the chromosome dataset can be used as
a 2D simplification of the 3D problem of separating seismic fault planes. However,
unlike the orientation representations, there are bigger differences between these
two instance separation tasks with their unique challenges. They do share the same
key principles though, most importantly the use of orientation to distinguish the

separate instances.

6.1 2D - Separating Overlapping Chromosomes

Karyotyping is a process in which an image of chromosomes is taken from a cell and
the chromosomes are laid out and sorted according to their size. It is used to visually
identify numerous defects, such as genetic abnormalities [112] or cancer [113]. One of
the difficulties with karyotyping is that the chromosomes are positioned randomly in
the image and can touch or overlap. It is often simpler to prepare multiple images of

chromosomes from the same patient and to look for ones without overlaps [114}[115]
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than to segment overlapping chromosomes. Numerous image processing algorithms
have been proposed to separate overlapping chromosomes [116-121], however, the
task remains an open problem.

Using standard instance segmentation approaches proves difficult when dealing
with overlapping chromosomes for a similar reason to separating intersecting fault
planes: the overlapping features are not sufficiently differently localised in space. Of
particular difficulty is the fact that the overlapping chromosomes can have the exact
same centre-point and a lot of the visible area of the chromosomes may be overlap-
ping, which makes the use of bounding-box based methods difficult. Additionally,
approaches developed on vision tasks don’t have to be concerned with the shape of
an object that is obscured by another object, unlike on the chromosomes, where we
must accurately reconstruct the entire shape of both chromosomes.

Instead, existing deep learning approaches for overlapping chromosome separa-
tion focus on the use of semantic segmentation. This can be effectively used to
segment the chromosomes into three semantic categories: the background, pixels
where multiple chromosomes overlap, pixels with a single chromosome. Some ex-
isting methods [122}/123] attempt to use semantic segmentation approaches to also
separate the two overlapping chromosomes as different semantic classes: chromo-
some 1 and chromosome 2. I prove that this is a problematic approach and that
there are issues with Pommier’s dataset that they used. It allowed undetected
overfitting to falsely inflate performance metrics, which also means that the method
does not generalise.

Instead of using semantic segmentation to distinguish the chromosome instances,
I propose predicting the orientation of the chromosomes together with a 3-class
semantic segmentation which are used by a post-processing algorithm do distinguish
the chromosome instances.

The model architecture used in all the experiments with chromosomes is the

same as the one used in Chapter |5 and can be seen in Figure |4.8|
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6.1.1 Semantic Segmentation

Semantic Segmentation is an integral part in my orientation-based segmentation
approach. However, this section explores the use of segmentation to directly distin-
guish chromosomes instances as semantic categories. This approach has been used
to separate Pommier’s dataset in existing literature [122,/123]. I argue that this
approach is fundamentally flawed, even with modification that address some of its
issues.

The semantic segmentation approach discussed in this section takes images of
pairs of chromosomes that are overlapping. These two chromosomes are then labelled
as distinct semantic classes: “chromosome 1”7(“ch1”) and “chromosome 27 (“ch2”),
together with a “background” and an “overlap” class. The first issue with this
approach is that it is unclear which of the two chromosomes should be labelled as
“ch1” and which as “ch2”. This ambiguity is the fundamental source of the issues
with this approach.

Additionally, this semantic segmentation approach also suffers from another
downside. It requires the input images to already be cropped to precisely two chro-
mosomes that are overlapping. It is common to use object detection models, such as
the YOLO models [124], to identify bounding boxes around the chromosomes. How-
ever, in addition to this extra step required in the pipeline, there is another issue with
cropping the images to have exactly pairs of chromosomes present: we cannot guar-
antee that other chromosomes won’t be present in the cropped image. A lot of the
difficult cases are clusters of chromosomes rather than just pairs of chromosomes
overlapping. The model may consequently struggle to distinguish which chromo-
somes are the intended targets of the semantic segmentation and which should be
classed as the background.

What is most confusing, however, is that this semantic segmentation approach
is seemingly effective when used on Pommier’s dataset [122,|123], generalising well
from the Training set to both Validation and Testing sets. However, as previously
mentioned in Chapter [3.1.2] the entire dataset of 13434 images is created synthet-
ically from only 46 source images of chromosomes, overlapping different pairs of
chromosomes in different orientations. This means that the images in the dataset
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are not truly independent and overfitting on the training set could improve perfor-
mance on the validation and testing sets. In order to demonstrate that this is indeed
happening, I created a separate dataset from Pommier’s source data, as described in
Chapter [3.1.2] which I will refer to as the synthetic chromosome dataset. I also cre-
ated a small dataset of real overlapping chromosome images from Pommier’s source
data, which I will refer to as the real chromosome dataset. Experiments on these
datasets create a more realistic baseline for my orientation-based segmentation to
improve upon.

In order to demonstrate the problems with both the approach and Pommier’s
dataset, we need to compare model performance between the different datasets.
If models trained on Pommier’s dataset perform well when testing on Pommier’s
dataset, but do not translate well to the Synthetic dataset, then we can see that the
domain adaptation from one dataset to the other could be the issue. However, these
issues with domain adaptation should also cause similar issues when training on the
Synthetic dataset and testing on Pommier’s dataset. If we don’t observe a similar
drop in performance in this case, then it is highly likely that domain adaptation
isn’t the main cause of the drop in performance and that the undetected overfitting
is the issue.

Furthermore, we still have to address which chromosome to label as “ch1” and
which “ch2”. Training the model using arbitrary labels would only confuse the
model. Instead, we could introduce comparison rules that determine the labels.
I use the following in my experiments: length-wise (longer/shorter), orientation-
wise (more/less vertical), position-wise (rightmost/leftmost), and randomly as a
control. These could alleviate the issue with treating the two chromosome instances
as different semantic categories. However, note that at evaluation we do not care
which chromosome is assigned which class, as long as it is consistent within the
same image. We therefore try both possible assignments and pick whichever has
the better metrics for each image at evaluation. To determine the effectiveness
of the comparison rules, we can compare the performance of the model on the
individual classes “chl” and “ch2” with the performance on the union of the two

classes “chl+ch2”. Any discrepancy between the IOU score on these classes is
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Table 6.1: Semantic segmentation results, shown as IOU % scores. The individual
semantic categories are: background, chromosome 1, chromosome 2 and overlap.
ch14-ch2 represents the area covered by merging the chl and ch2 categories.

Training  Testing Average Individual IOUs ch1l+ch2
Dataset Dataset 10U back. chl  ch2  over.
Pommier’s Pommier’s 92.4 100 90.7 964 82.6 97.7
Synthetic ~ 43.2 86.6 26.1 252 349 44.4
Real 35.9 66.5 25.8 223 29.0 51.4
Synthetic ~ Pommier’s 51.1 924 331 483 305 55.2
Length- Synthetic ~ 71.2 98.8 69.5 56.9 59.8 88.1
wise Real 50.2 84.3 421 387 35.8 67.3
Synthetic ~ Pommier’s  60.0 97.3 448 588 39.2 63.5
Orientation- Synthetic — 75.3 98.8 722 T70.5 59.7 87.7
wise Real 56.8 84.2 49.8 534 398 67.7
Synthetic Pommier’s  55.2 97.5 38.7 479 36.6 62.2
Position- Synthetic ~ 77.3 98.8 742 76.2 60.0 88.0
wise Real 52.7 84.5 439 433 39.2 67.9
Synthetic ~ Pommier’s  50.9 95.5 295 46.3 32.1 61.3
Random Synthetic ~ 64.6 98.7 534 521 54.0 87.5
Real 46.5 82.3 356 349 335 65.1

caused solely by the model confusing which of the two chromosome classes to assign

to a pixel.

Results

Table shows the metrics from my experiments, while Figure [6.1| shows examples

of images and their segmentations.

Discussion

Firstly, let us compare my results on Pommier’s datasets with the relevant results in
literature. My performance of 92.4% is comparable to the 94.7% reported by [122]
and the range of 90.63% - 99.94% reported by [123]. This justifies that criticisms
of my models trained on Pommier’s dataset most probably apply to the cited ap-
proaches as well.

Next, let us compare the drop in performance caused by the domain shift be-

tween the datasets. For the model trained on Pommier’s dataset, there is a drop
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Figure 6.1: Semantic segmentation result examples.

Trained on our synthetic Trained on Pommier's dataset.
orientation-wise dataset. Tested on our synthetic dataset.
Tested on our real dataset.
Input Label Prediction Input Label Prediction

Good
Example

Bad
Example

Cluster

of 49.2% IOU between the testing on Pommier’s dataset (92.4%) to testing on the
Synthetic dataset (43.2%). When training on the synthetic dataset, the drop in
performance lies between 13.7%(Random) and 22.1%(Orientation-wise). The drop
is therefore almost 2x bigger in the best case and over 3x bigger in the worst case
when transferring from Pommier’s dataset to the synthetic dataset than the other
way around. This highly suggests that there are issues with Pommier’s dataset and
that it does not actually generalise. We also see that the model trained on Pom-
mier’s dataset generalises more poorly to the Real dataset (35.9%) as opposed to
the models trained on the Synthetic dataset (46.5% - 56.8%). Notably, even the
model trained using random assignment of “ch1” and “ch2” classes performs better
on the Real dataset than the models trained on Pommier’s dataset. This may be
due to the larger size of the synthetic dataset in comparison to Pommier’s dataset.

Let us compare the different class assignment rules. Orientation-wise assignment
yielded the best performance on the real dataset, while position-wise assignment
yielded the best performance on the synthetic dataset. Notably, all three rules
performed better than the control with random assignment, with an improvement
of 6.6%, 10.7% and 12.7% for the synthetic dataset and an improvement of 3.7%,
10.3% and 6.2% for the real dataset, respectively for length-wise, orientation-wise
and position-wise assignment. This suggests that the ambiguity in the random

assignment is indeed problematic, and that the assignment rules address the issue,
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at least partially.

Lastly let us look at the difference between the performances on the “chl” and
“ch2” classes separately as opposed to the union “chl4-ch2” of the two classes. For
the synthetic dataset we find a difference of 16.6%, 9.4%, 6.2% and 25.2%, and for the
real data 20.3%, 10.7%, 17.6% and 23.4%, respectively for length-wise, orientation-
wise, position-wise and random assignment. Larger values suggest that the model is
more confused with which of the two chromosome labels to assign. These results sim-
ilarly show that position-wise assignment performed best on the synthetic dataset,
while orientation-wise assignment performed best on the real dataset. Nevertheless,
the difference between these scores is significant, which suggests that the models still
struggle to distinguish the two classes and that the semantic segmentation approach

is still Jawed.

Conclusion

Despite the improvement that the class assignment rules offer, the approach is still
fundamentally problematic. Firstly, there are instances where the properties used for
the assignment rules are very similar for both chromosomes. Two chromosomes can
have the same length, orientation or position. In these cases the assignment is still a
source of uncertainty. Secondly, using a semantic segmentation in this way requires
the image to be cropped around the pair of overlapping chromosomes. This could
be done with a separate model, however it also causes the issues with larger clusters,
where more than two chromosomes are visible in the cropped image, which the model
wasn’t trained to deal with. This can also be seen in Figure 6.1} where the model is
expected to only highlight two chromosomes in the cluster, but struggles to tell which
chromosomes cropped around. The best way to use semantic segmentation is to
distinguish the semantic categories: background, unique-chromosome and overlap,
which can be applied to images with any amount of chromosomes, and rely on other

methods to separate chromosome instances.

140



6.1.2 Orientation-based Separation

My proposed approach for separating overlapping chromosomes is to predict the lo-
cation of the chromosomes using semantic segmentation without distinguishing the
chromosome instances. In addition to the semantic segmentation, we can use the
representations discussed in Chapter [, specifically the Doubleangle representation
to predict the orientation of the chromosomes. I then use all of these predic-
tions in a post processing algorithm to separate the chromosome instances in the
image.

The semantic segmentation is used to distinguish the following three semantic
classes: “unique chromosome”, “chromosome overlap”, and “background”. For the
pixels that lie on a unique chromosome, we also predict the orientation using the
Doubleangle representation. Since neural network must predict the same features
for each pixel in the outputs, we ignore the orientation prediction in the pixels that
are classified as “background” or “overlap”.

Orientation is a useful distinguishing feature for the chromosomes, since most
overlapping chromosomes will have different orientations. The only exception being
parallel chromosomes that partially overlap, either side-to-side or end-to-end. In this
case the overlapping area should fully separate the two chromosome instances. The
key utility provided by knowing the orientation of the chromosomes is, that it can be
used to match multiple separate chromosome areas that are divided by overlapping
areas. Assuming that chromosomes don’t bend very sharply, the orientation of the
chromosome before and after an overlap will be mostly the same.

Predicting the exact pixels that lie on the chromosome will always be very prob-
lematic though. We must expect errors, especially near the boundary between se-
mantic classes. This is especially problematic near the quadripoint where the “back-
ground” meets the “overlap” area and the two chromosomes. Because we cannot
distinguish the two chromosomes from each other using the 3 semantic classes, the
two distinct chromosome regions can merge together and be difficult to tell apart.
To distinguish these, we also predict another region, which is the “overlap” region,
but is dilated by two pixels.

Overall, the model predicts a total of six channels: two for the Double-Angle
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representation, one for the dilated overlap, and the last three for the 3-class semantic
segmentation. These features are then used by the post-processing algorithm, which
is detailed in Algorithm [I7]

In essence, the algorithm first analyses the prediction and identifies unique chro-
mosome segments. These segments are then merged to create the predicted chro-
mosome instances based on their orientation and relative location to the areas of
overlap.

To avoid issues with noisy network outputs, we remove any areas of overlap that
are too small. We then subtract the dilated overlap prediction from the chromosome
class to spatially separate chromosome segments from each other. Nonetheless,
the segments may not be fully disjointed, so we perform the following operation
to identify them. First we determine seeding points as the maxima of a distance
transform applied to the segments. These will be the points in which the chromosome
segments are the widest. We then iteratively grow these segments to cover the whole
segment area. Crucially, due to fluctuations in chromosome widths, multiple seeding
points may exist in a single chromosome segment. We therefore merge two segments
if either of their seeding points was barely a local maximum, raised only 1 pixel over
the neighbouring area. Finally we grow the segments over the areas of the dilated
overlap until they cover the whole chromosome areas. We further consider merging
two adjacent segments if their orientation is sufficiently similar in the area where
they touch. We do not apply this operation near areas of overlap where two distinct
chromosomes must be present. Next we determine which chromosome segments
belong to the same chromosome. We assume that every area of overlap is created
by overlapping exactly two chromosomes. We therefore merge the chromosome
segments with the most similar orientation until only two chromosome instances
are present near every overlap. Finally we add the adjacent overlap areas to all

chromosome instances.

Results

The trained deep learning model was able to achieve the following results: back-

ground IOU: 98.8%, chromosome 10U: 88.3%, overlap IOU: 58.6%, dilated overlap
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Algorithm 1: Orientation-Based Instance Segmentation

Input: orientation, dilated_overlap, background, chromosome, overlap
1 remove small areas from overlap
2 distance_image < distance transform of (chromosome - dilated_overlap)
3 segments < local maxima of (distance_image)
4 for distance in max(distance_image) to 0 do
5
6

dilate segments until they fill the area where distance_image > distance
if two segments touch and maximum distance in either segment <
distance+1 then

7 ‘ merge the two segments

8 dilate segments until they fill the area of chromosome

9 for all pairs of segments do

10 neighbouring_pizels < intersection of (pair of segments dilated by 1
pixel)

11 if neighbouring_pizels are not near an overlap and their orientation is
sufficiently similar then

12 ‘ merge the two segments

13 remove small segments

14 for all overlaps do

15 while there are more than two segments adjacent to the overlap do
16 ‘ merge the segments with the most similar orientation

17 separate_chromosomes < segments merged with adjacent areas of overlap

I0U: 70.4%, average orientation difference: 70.4%.

After separating the chromosomes using the post-processing algorithm, we com-
pare the labelled chromosomes with the best matching predicted chromosome and
average their IOU values. Note that any extra predicted chromosomes that did not

get matched are ignored. These metrics can be seen in Table [6.2]

Discussion

The instance segmentation performs 3.6% better on the synthetic data and 20.8%
better on the real data than the semantic segmentation trained on the orientation-
wise synthetic dataset. When qualitatively evaluating the results in Figure (6.2,
we find that the model can correctly separate some examples, but fails on others.
When it does fail, the network prediction is very noisy, suggesting that the neural
network failed to generalise well. The most likely cause of this is the use of the
synthetic dataset for training, which does not fully resemble the real overlapping

chromosomes. The dataset is also of limited size and sample variety, owing to its
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Figure 6.2: Orientation-based segmentation result examples. The Labels and Pre-
dictions are the separated chromosomes, while Semantic, Dilated Overlap and Ori-
entation are the network outputs.
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source of only 15 human metaphase images, nine of which were used for training.
Ultimately, the work on the chromosomes proved a very useful test bed for the

principles of using orientation as a useful feature to distinguish overlapping object

instances. It leads directly to the 3D counterpart of separating faults, while also

proving the utility of predicting orientation in its own right.

6.2 3D - Separating Faults

In the real world, faults occur in various orientations and often also intersect. If we
visualised all the faults in 3D from a seismic survey, they would look like a big web of
flat planes. Separating them into separate fault segments would make visualisations
and further analysis of individual faults much easier. It is this very environment
that the instance separation approach must cater to. In comparison, the synthetic
data used for training my models is extremely simple. The synthetic data consists
of at most 3 planes that are completely flat. Nonetheless, some models trained on
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Table 6.2: The average IOU scores over the best-matching separated chromosomes.

Testing Semantic Segmen- Orientation-Based
tation

Dataset (orientation-wise)  Segmentation

Pommier’s 61.5 66.4

Synthetic 78.3 85.4

Real 57.0 77.8

synthetic data translate very well to real seismic surveys, especially convolutional
models that perform localised analysis and aren’t as good at taking long distance
relations into account, such as the broad fault geometry. In our case this may even
be advantageous due to the lack of realism in the fault geometry of the synthetic
volumes.

Although the synthetic data lacks complex geometry, we can take models that
were trained on synthetic data that can predict the location and orientation of faults
effectively. We can then hard-code the post-processing algorithm and optimise it for
the real seismic surveys. Specifically, I worked with the Laminaria seismic survey,
as described in Chapter Note that due to the lack of annotated data, there
are no metrics that can be used to evaluate the performance of the post-processing
algorithm. Instead we have to rely on subjective human evaluation of the outputs.

We can use the same models from Chapter that were trained on the Syn-
thetic Seismic dataset to predict the location and orientation of faults in the real
seismic data. The networks are only modified to output additional features that are
required for the post-processing algorithm. The following is a list of the predicted

features:

1. At least one fault is present (fault probability)

2. More than one fault is present (intersection probability)
3. Exactly one fault is present (segment probability)

4. The orientation of the fault normal (only if 3 is True)

5. The orientation of the intersection, which is perpendicular to the intersecting

faults’ normals (only if 2 is True)
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Figure 6.3: 3D visualisation of shallow faults from the Laminaria 3D dataset bor-
dering slice (b) in Fig. . The strike angle of the faults is visualised using colour,
with additional shading making deeper voxels darker. In part (a) we visualise the
seismic data only as slices on the boundary of the volume. Part (b) adds the pre-
dicted faults to the slices. Part (c) adds a single fault segment in 3D, which was
separated by the post-processing algorithm in Section . Part (d) visualises all of
the predicted faults in 3D.

\

The first three features: fault, intersection, and segment probability, are predicted
independently as binary classifiers,also known as a multi-label classification, and are
trained using the dice loss |125]. The orientations are predicted using the Projection
Doubleangle representations from Chapter |5.1.3] Figure [6.3| shows an example of a
region from the Laminaria volume and the model’s predictions therein.

These predictions are then fed to the post-processing algorithm which annotates
all the fault voxels using unique integers, where all voxels belonging to the same
fault segment are marked with the same integer. The predicted fault segments
are intended to be sections of faults that do not intersect with any other faults.
The post-processing algorithm takes the predicted fault locations and removes areas
from the volume until its fault segments are disjointed in space. These are then
enumerated and grown out to cover the original predicted volume. The steps of the

algorithm are visualised in Figure [6.4] and explained below.

1. Threshold the fault probability, intersection probability, and segment proba-
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bility values. Morphologically dilate the intersection volume and subtract it
from the fault segment volume. The resultant binary volume of segments will

further be refined until the segments are separated in space.

. Subtract areas with inconsistent fault orientation from the segments, measured

as the absolute value of the dot product between normals in a neighbourhood.

. Connected smoothing: Set voxels as segment voxels if and only if a sufficient
number of neighbouring voxels are segment voxels. This removes noisy parts

of the volume and smooths out the segments.

. Shrink the fault segments along the fault plane, which avoids thinning them.
For every segment voxel, consider the points in its neighbourhood that are
perpendicular to the orientation expressed as a normal vector to the fault
plane. Of the considered points, count the number labelled as a segment and
only keep the points where this count is higher than a threshold. Repeat this

process 3 times.
. Connected smoothing: Repeat the same operation from point 3.

. We proceed to label each distinct segment with a unique integer. To do this
in a GPU parallelisable manner, we assign every segment voxel in the volume
a unique integer and assign non-segment voxels a very large integer. We then
iteratively apply the min operation over segment voxels in a local neighbour-
hood until no more changes occur. Finally, we count which unique integer
values are present in the volume and map them to consecutive values starting
at 2. The background is set to 0 and segments that are too small are assigned

a value of 1.

. The segments are now uniquely labelled and returned. However, they are

smaller than the original predicted segments.

. The segments are iteratively dilated until they cover the volume of the original
segment probability volume. To encourage the dilating segments to grow in
a meaningful manner, an iteration of connected smoothing is applied between

every iteration of dilation until no more changes occur, and return the output.
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9. Finally, we repeat the dilation process, but cover the whole faults including

the intersections. This is used as the third and final output.

This algorithm returns its predicted fault segments in 3 levels. The first being
the core points that were used to separate the fault segments, while the second
covers the whole fault segments (voxels with exactly 1 fault present) as predicted by
the neural network. The third covers all the faults (at least 1 fault present), which
includes areas of intersection which will be allocated to the nearest fault rather than
all the faults present in the intersection area. One of the major advantages of this
algorithm is that all its operations are performed in a local neighbourhood. They
can be expressed as stencils and are therefore easily parallelisable on a GPU.

Due to GPU VRAM memory constraints, it is not possible to work with the
whole Laminaria 3D volume at once, which has a resolution of 1444 x 3964 x 751.
Instead, we can turn to a sliding window approach for both the model prediction
and post processing. With the model having a fully convolutional architecture, it
can be applied to any resolution. With 24GB of VRAM I was able to deploy the
model on volumes of shape 176 x 176 x 176, and moved the sliding windows with
a stride of 44. 1 perform a weighted average of all the overlapping sliding windows,
where the weight is highest in the centre of a window and 0 at the edge. Points
near the edge cannot see the full context past the edge of the window to make the
prediction, which is why they have a lesser weight. The weight changes sinusoidally
from zero at the edge to 1 in the centre. To average the orientations we cannot
simply average their vectors, since we don’t know whether to multiply them by
—1. Instead, I make use of our Piecewise-Aligned representation, where taking a
mean of multiple orientations in this representation yields a meaningful average
orientation. To do this I translate the orientation output of the model from any
trained representation into the Piecewise-Aligned representation, average the values
and invert the representation back into a vector.

When performing the post-processing on the Laminaria volume, I use a sliding
window of size 608 x 608 x 751. Note that 751 is the full height of the Laminaria
3D volume. We slide the window with a stride of 304, where we compare the fault

instances in overlapping windows. If two fault instances share more than 5 voxels
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Figure 6.4: 3D visualisation of shallow faults from the Laminaria 3D dataset at
different stages of the post-processing algorithm. (a) - (f) visualise the strike angle
using colour, while (g) - (i) visualise distinct fault segments in different colours.
Additional shading is applied making deeper voxels darker. (a) visualises voxels
with a high fault probability. (b) - (f) visualise the fault segments after steps 1 - 5
of the post processing algorithm respectively. (g), (h), and (i) visualise the result of
steps 7, 8, and 9 respectively.
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in the core points volume (1st level output), we unify them as the same instance.

6.2.1 Results

The performance of the deep learning model that predicts the location and orien-
tation of the faults plays the most important role. The post-processing algorithm
only enriches those results by separating the predicted faults into fault segments,
however, their location in the first place is of highest importance. For this reason, I
spent considerable effort evaluating the quality of the fault location predictions on
the Laminaria volume. I achieved the most comprehensive results with the simplest
approach of directly applying the model trained on the synthetic data to the real
volumes. All the results in this section were achieved with this method.

First, let us visualise the deep learning model’s predictions on the Laminaria
volume on three horizons through the volume in Figure[6.5] We can compare these
to the interpretation by Phillips et al. [6] and Cift¢i and Langhi [126]. We can also
compare the orientation of the faults on the horizons, as well as in areas around the
Corallina, Laminaria and Vidalia wells in Fig. [6.7]

To evaluate how well the model distinguishes the faults, we analyse two slices
through the volume seen in Fig. [6.6] where Ken McCaflrey, a geologist, annotated
the predicted faults as true positives or false positives. He also annotated faults
that the model missed as false negatives. To get quantitative measures, we count

the number of faults in each category and calculate the following metrics:

2«xTP

F1 : 1
Seore: S TP T FP L EN (6.1)
TP

I I : . .2
Jaccard Index (IOU) TPLFPLFN (6.2)

The results can be seen in Tables and For comparison, on the synthetic test
set, the model achieved an F1 of 98% and an IOU of 96%. Volumetrically when
treating pixels independently, it got an IOU of 67%. The volumetric IOU is a much
more stringent metric, which heavily penalises even small positional inaccuracies of
the prediction, especially since the faults are very thin features. This is why its
value is much lower than the fault counting IOU.
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Figure 6.5: 2D map comparison between modelled fault traces and those interpreted
by Phillips et al. @ There is generally good correspondence between the model and
interpreter at shallow (H25 level, c. 1s TWT). At intermediate (H75, c. 2.3 s TWT)
the level of agreement drops. The structures identified by Phillips et al. correspond
to the main east-west fault traces. The Corallina, Laminaria and Vidalia (yellow
circles) are where the wells were drilled in the area of this seismic volume. The
model shows a lot of additional detail in the form of short E-W and ENE-WSW
trending fault segments that are probably secondary faults to the main structures.
At deep (H80, c. 2.6 s TWT) levels there is very little correspondence between the
modelled and interpreter structures other than a broad agreement in the trend and
location of some of the bigger faults. Lines (a) and (b) correspond to the two slices
through the data shown in Fig. [6.6]
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Figure 6.6: Slice (a) and (b) taken across the Laminaria High (locations are shown
on Fig. 16.5). The model fault picks are shown in red and blue. False positive
structures (where the interpreter (McCaffrey) does not agree with a model pick)
are shown and are overall quite low in number. False negatives (model has missed
faults the interpreter would pick) increase dramatically with depth. The faults are
grouped into shallow between 400-1680 on TWT scale (green), intermediate between
1680-2400 (yellow) and deep level for those greater than 2400 TWT (red) which
corresponds to the levels identified by Phillips et al. @]) and the metrics presented

in Table and .
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Figure 6.7: Rose diagrams showing the distribution of the strike and dip angles in
the following areas: Horizon spans the whole area of the volume at shallow horizon
H25 level, intermediate horizon H75 and deep horizon H80 respectively. Corallina,
Laminaria and Vidalia span an area with a radius of 2km and +100ms from the
respective horizon in TW'T, as seen in Fig. in yellow.

153



Table 6.3: Metrics on slice (a) in Fig. .

Shallow | Intermediate | Deep All

Total Faults 39 52 63 154
True Positives 32 38 30 100
False Positives 2 2 2 6
False Negatives 5 12 31 48

F1 Score 90.1% 84.4% 64.5% | 78.7%
Jaccard Index | 82.1% 73.1% 47.6% | 64.9%

Table 6.4: Metrics on slice (b) in Fig. .

Shallow | Intermediate | Deep All

Total Faults 55 64 68 187
True Positives 42 50 38 130
False Positives 5 1 3 9
False Negatives 8 13 27 48

F1 Score 86.6% 87.7% 71.7% | 82.0%
Jaccard Index | 76.4% 78.1% 55.9% | 69.5%

With the help of the Department of Earth Sciences at Durham University, I
collected annotations from 8 volunteers of 4 slices through the volume, which can
serve as a ground truth in these limited regions. These can be seen in Figures [6.8]
[6.10] The volunteers were qualified geoscientists ranging from postgraduate
students to the head of the department. They were provided with the slices as
images, together with an adjacent slice from the volume for context. The each
used their own tools and were asked to identify all faults present in the slices.
The volunteers returned images with drawn-on lines in the locations of the faults.
However, due to the variety of their preferred tools, the annotated lines were of
varying widths, and some images were interpolated to a lower resolution. Because
of this, I normalised the interpretations, to the same resolution and the same line
thickness.

Table [6.5| visualises the IOU scores for the agreement between the interpreters
and the model. Due to the high disagreement between the interpreters, we must
decide what to treat as the ground truth. First, how many interpreters must agree on

a fault location for us to treat it as being present as ground truth. Second, we must

decide how to determine whether the interpreters and the model point to the same
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Figure 6.8: Continued in Figures and

fault. We could treat pixels independently, however, in this way small inaccuracies
in the placement of the faults can lead to complete disagreement. Instead, we could
allow for any fault interpreter’s fault pixels that are drawn within a fixed radius of
the model’s prediction to be treated as matching. Table shows the values with
a tolerance of a radius of 4 pixels.

Lastly, to evaluate the post-processing algorithm, we can look at visualisations of
how the faults were separated into segments. Figure[6.11]shows small sections of the

Laminaria volume with interesting geometries where faults of different orientations
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# interpr. 1 2 3 4 5 6 7 8

pixel-wise

Slice 1 | 14.1 13.7 92 51 20 04 00 0.0

Slice 2 | 17.6 21.2 171 109 56 26 1.0 0.1

Slice 3 | 14.5 17.0 133 80 37 15 03 0.0

Slice4 | 96 55 24 08 03 0.0 0.0 0.0
with matching

Slice1 | 26.8 30.6 27.3 23.1 185 138 85 3.7

Slice 2 | 33.7 47.7 426 354 30.2 259 199 10.3

Slice 3 | 27.4 349 32.6 293 24.1 16.5 10.1 4.0

Slice4 | 21.8 19.8 139 88 50 25 08 0.0
subjective matching

Slice 1 | 279 319 28.6 24.7 17.7 13.7 106 6.6

Slice 2 | 33.8 47.7 426 37.1 304 269 221 15.1

Slice 3 | 28.1 36.1 31.9 293 235 158 7.9 27

Slice 4 | 22.2 21.0 145 101 6.6 41 21 08

Table 6.5: Agreement between human annotators and the model on 4 slices through
the Laminaria volume as seen in Figures [6.8] [6.9] The values are volumetric
(pixel-wise) Intersection Over Union (IOU) values as percentages. The columns
represent the number of interpreters that must agree on a fault to be considered as
the ground truth, out of 8 interpretations. Pixels are either treated independently
as seen in the upper half of the table, or we perform matching with a tolerance of 4

pixels in the bottom half of the table.
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intersect. I mostly used these volumes to develop the post-processing algorithm and
adjusting various parameters of the algorithm. Figure shows a 3D visualisation
of faults at various stages of the algorithm. The parameters of the algorithm were
optimised to achieved the desired effect on the volume at each of these steps. It

is however difficult to view the final segmentation of faults from this visualisation.

Figures [6.12] and [6.13| visualise faults around near and including slice (b) as seen

in Figure [6.5. These visualisations are limited to the largest faults and shallow
faults respectively, since it is very difficult to visualise the whole volume in an image
without an interactive 3D application. In Figure we get an idea of what the
interpretation looks like at all depths and the ability the system offers to individually

visualise faults.

6.2.2 Discussion
Ken McCaffrey’s Insights

We can qualitatively evaluate the predictions of the model as well as compare it
against existing literature. The following two paragraphs are the analysis that was
kindly provided by Ken McCaffrey and published in [5]:

We further analyse the prediction on the Laminaria 3D seismic volume where
we observe that the model performs well at shallow levels. There is good agreement
with a high F1 score and Jaccard Index at the shallow levels in Table [6.3] and
from Fig. . In 2D map view, the structures match well in terms of location (Fig.
and orientation (Fig. [6.7) with previous manual interpretations by Phillips
et al. [6] and Cift¢i and Langhi [126]. The trends in Fig. for the Corallina,
Laminaria and Vidalia areas at the shallow level are the same ENE-WSW trends
as shown in the previous work. At the deep level both E-W trending and a large
number of ENE-WSW fault major structures were identified by the model, however
only E-W structures were identified in previous work. This is possibly because the
ENE-WSW structures are short and were considered to be secondary faults by the
authors. Note the prominent structural feature where the two trends meet, as seen

in Fig. [6.5) in horizon Shallow H25, which was labelled as ’intersection point’ and
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Figure 6.11: Small real seismic volumes, with the largest 20 fault segments visualised
in different colours. The remaining fault segments are visualised in grey and the fault
intersections are drawn in translucent black.
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Figure 6.12: The 200 largest faults in the volume drawn in cyclically repeating
colours.

1.07e+03

Figure 6.13: Fault segments from the upper part of the large real seismic volume
drawn in cyclically repeating colours, with intersections drawn in translucent black.
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Figure 6.14: A visualisation from the Laminaria 3D volume shown at the full depth,
visualising individual fault segments in different colors, as predicted by the model
and post-processing algorithm. A single fault is also selected for individual visuali-
sation, which is the main benefit of annotating separate fault segments.

‘outboard en-echelon faults’ by Phillips et al. @]

There is some drop off in performance between the model and interpreter at
intermediate level (Fig. Table , , but overall the agreement remains
relatively high. At deep levels, the amount of correspondence between the interpreter
and the model is relatively low (Fig. , Table . The main reason for the
poorer model performance is the number of false negatives, i.e. structures that
the model has not recognised that the interpreter thinks should have been there.
Possible explanations for this poorer performance at deep levels might have to do
with the high levels of ambient noise at depth in the Laminaria 3D seismic volume
and the presence of more low dip angle structures, both of which are missing from
the synthetic training data set. We can see from our modelled dip values that there
are more gently dipping faults at the deep and intermediate levels compared to the
shallow level. In contrast, at the deep and intermediate levels many more faults
are picked by the model than shown in the published interpretations. We do not,
however, consider these to be false positives because they were not identified as
such in our own interpretation (Fig. . It is likely that in previous studies @ the
fault interpretation has been implicitly simplified at intermediate and deep levels to
focus on primary structures, i.e., those that bound the main high structures. Our

model has picked out both the major and minor (secondary) faults. This illustrates
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the difficulty in comparing Deep Learning representations of faults with published

interpretations.

Volunteer Annotated Data

Next, let us look at the ground truth results collected from 8 volunteers in the
Department of Earth Sciences at Durham University in Figures [6.8] and
the metrics in Table We observe that there is a lot of disagreement between
the interpreters, both in fine fault location and in fault presence. There is much
more agreement in shallow faults, where many interpreters draw faults in similar,
but not identical locations, resulting in a fuzzy heatmap of many parallel lines. It
is not possible to distinguish whether these are all annotating the same fault or if
they show the presence of multiple faults. In intermediate and deep regions, there
is very little agreement between the interpreters. Many faults are only drawn in by
a single interpreter, which do not always agree with faults predicted by the model.
There are also many faults that the model predicted but were not annotated by
any interpreters. Slice 4 in Figure crosses many faults at very acute / obtuse
angles (not perpendicular), making them much more difficult to see in the slices.
This might explain why there are many more faults that were not annotated by the
interpreters but seen by the 3D model.

We can quantify the degree of agreement between the model and interpreters by
looking at Table[6.5] The highest agreement is achieved when treating the areas with
at least 2 interpreters as true faults. Nevertheless, the pixel-wise agreement is only
between 5.5% and 21.2% IOU depending on the slice. These values are very low,
compared to both the results achieved on the synthetic dataset with and the slices
annotated by Ken McCaffrey in Figure [6.6] and Tables and The volumetric
pixel-wise metrics are the same as the synthetic dataset which achieved 67%. The
other type of metric used on the synthetic dataset and the slices in Figure|6.6|doesn’t
match pixels, but rather counts entire faults as true positives, false positives or false
negatives. Notably, the notion of true negatives does not exist in this setting. This
is a much easier metric to achieve. It is, however, not possible to match the ground

truth annotations with the model predictions using these metrics, since it is not
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possible to accurately determine whether the annotated faults that are adjacent to
a model’s fault refer to the same fault or not. Moreover, faults can be drawn with
different lengths and only partially match, or be drawn as a single fault as opposed
to multiple shorter faults in different interpretations. Instead, using the 4 pixel
radius of tolerance allows for a metric that sits in-between the two approaches. It
is still pixel-wise in nature, but allows for a degree of inaccuracy to be tolerated.
Nevertheless, the metrics that we observe with 4-pixel matching in Table |6.5] are
between 19.8% and 34.9% IOU, which is still much lower than the synthetic pixel-
wise 67% and especially lower than the fault-counting IOU of 96% on the synthetic
dataset and 78.7% and 82.0% on the slices from Table and [6.4] respectively.
Given these problems with the evaluation method, I argue that it is not a viable
approach. The biggest reason is the extent of disagreement between the interpreters,
both in terms of precise fault positioning and especially fault presence. I can see
three reasons for the large extent of disagreement. First, the task is simply difficult.
In Chapter we have seen that uncertainty in seismic interpretations is a big
problem. Second, the slices through the volume are very large, making the workload
of interpreting them large. Such interpretations could be the subject of entire papers
or a thesis. In comparison, the amount of time spent on the interpretations by
the volunteers was much shorter than what would be required to get their best
interpretations. Third, the expected amount of detail in the interpretations was
not specified. Most interpreters highlighted the shallow faults that are the clearest,
while only some annotated deeper faults that are much more difficult to distinguish.
Overall, we can only rely on the annotations for the presence of the shallow faults
with a great deal of agreement between the interpreters. We must suspend our
judgement on the intermediate and deeper layers and remain sceptical about the
faults that were predicted by the model but not by the interpreters. We must also
be sceptical of the faults that were only drawn by a few interpreters, where the
interpreters may have been overzealous with their interpretations and where the

faults may not be truly present.
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My Personal Insights

Outside of the metrics and comparisons from the previous sections, there are notable
features of the deep learning model’s predictions that should be pointed out. Most
notably, the model struggles with missing data. The Laminaria volume does not
cover a precise rectangle. The areas with missing data are filled in with zeros.
The synthetic data does not contain such regions, which explains why the model
struggles to understand the regions, labelling them as faults on the boundary of the
data. This is not necessarily problematic, since the boundary around the volume can
easily be identified and any predictions removed. However, what is more problematic
is that the Laminaria data is missing some lines throughout the volume, in the
inline direction. These are also predicted as faults by the model. Although these
predictions can easily be removed, they may have an effect on the predictions in its

local neighbourhood that cannot be avoided.

Post-processing Algorithm

Lastly, let us look at the results of the post-processing algorithm. We can see that
the algorithm is generally effective at separating faults into segments. In Figure
we can see that it is able to distinguish segments of faults that intersect in
various orientations. Figures and show that the approach is also effective
in a broader context where patching is required to stitch the predictions of multiple
smaller volumes together, due to computational memory constraints. The only
instance where the post-processing algorithm struggles to distinguish fault segments
is when multiple faults are highly parallel, and especially when two parallel faults
merge into one at different depths. These faults can be labelled as a single fault

segment in some instances.

6.3 Conclusion

Separating overlapping instances of objects is no easy task. 3D Fault separation
offers some unique challenges in the field, some of which are shared in the 2D context
of separating overlapping chromosomes. Predicting and using the orientation of the
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faults/chromosomes to separate their individual instances proves to be an effective
approach that is able to leverage the power of deep learning when restricted to
training on synthetic data.

When looking at chromosome separation, the proposed orientation-based seg-
mentation offers improvements over the semantic segmentation approach when closely
scrutinised. My work proved issues with existing approaches in the field that arti-
ficially inflated the reported performance. After addressing these issues, both the
existing and my proposed approach are not robust enough for deployment in indus-
try yet, mostly due to the quality of the data available for training. However, the
experiments did pave the way for the orientation-based separation and to further
use a similar method for seismic interpretation.

When deploying my system for seismic interpretation on the Laminaria volume it
achieves useful results. By annotating individual faults, the system is able to create
a great first pass for geologists, who can then scrutinise the results rather than
drawing faults from scratch. This saves on both the time required to find the faults
and to enter their locations into the system. Additionally, by separately annotating
fault segments as instances, small faults can be omitted from visualisations, as well
as areas of intersections. When focusing on individual faults, multiple small fault
segments could be selected to form a fault to be visualised in its entirety, as well
as the selection of faults based on their orientation. This could prove to be very
beneficial if introduced into the workflow of interpreting faults in software, such as

GeoTeric.
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CHAPTER [/

Discussion and Conclusion

The most significant scientific contribution of this thesis is the development of repre-
sentations for orientation, or negation-invariant vectors, in both 2D and 3D. These
representations are not only directly applicable to chromosome segmentation and
seismic fault identification but also stand as versatile mathematical formulations
with potential applications across various fields. Beyond orientation representation,
they could be applied to other deep learning tasks, such as pose estimation. These
representations are fundamental building blocks, not limited to any specific dataset,
task, domain, or even sub-field of deep learning.

The first application explored in this thesis is chromosome karyotyping, with a fo-
cus on segmenting overlapping chromosomes. By predicting the orientation of chro-
mosomes alongside semantic segmentation, the developed algorithms can accurately
determine which segments of overlapping chromosomes belong to which individual
chromosome instance. This work also identified issues with existing published meth-
ods and datasets in the field, where certain combinations led to artificially inflated
metrics, allowing these issues to go unnoticed. I improved the published dataset,
re-evaluated the problematic methods, and tested proposed improvements, which

ultimately proved insufficient. As an alternative, I propose the use of orientation-
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based instance segmentation. This application also served as a test bed for devel-
oping and refining orientation representations in 2D, laying the groundwork for a
similar approach in 3D.

The second application focuses on the identification of faults in 3D seismic vol-
umes. Building on semantic segmentation, my models can pinpoint the locations
of faults within seismic images, predict their orientations, and separate them into
distinct, non-intersecting fault segments. This process is highly scalable, making it
suitable for large seismic surveys and efficient GPU processing. The resulting fault
segments enable selective visualization in 3D, significantly improving the usability
and inspection of the model’s interpretations. The synthetic seismic images also
provided a platform for evaluating the effectiveness of the 3D orientation represen-
tation, with the trained models subsequently deployed on a real seismic survey. The
findings from this survey are compared with existing publications on the same geo-
logical site, offering new insights and a qualitative assessment of the model’s ability

to generalize from synthetic data to real seismic surveys.

7.1 Seismic Interpretation

Existing deep learning approaches for fault interpretation in seismic images primar-
ily focus on detecting fault locations, which also serves as the foundation for my
approach. The selection and optimization of my deep learning model were aimed
at maximizing fault prediction performance and served as the benchmark for eval-
uating domain adaptation techniques. However, my research extends beyond fault
location prediction by introducing a novel method: predicting fault orientation di-
rectly through the neural network. This orientation prediction can further refine the
model’s fault location predictions, offering a new dimension of accuracy and insight
in seismic interpretation.

The novelty of my research is a significant strength, yet it also presents challenges.
The absence of competing approaches means there are no direct comparisons to be
made with other methods for predicting fault orientation. Additionally, the lack of

standardized datasets in this field leads to comparisons between existing methods
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that are often qualitative rather than quantitative. This challenge applies to both
automated interpretation methods and those performed by geoscientists.

The 3D orientation representations developed in this research were tested in de-
ployment scenarios specifically on seismic images. While this focused testing raises
questions about the generalizability of these representations to other data domains,
I argue that the extensive theoretical exploration and the experiments conducted
on the toy dataset provide a strong justification for their broader applicability. Al-
though slight variations in performance were observed among the four proposed
representations—such as differences in their effectiveness on the toy dataset versus
the synthetic seismic dataset—these variations should not detract from their overall

qualitative utility.

7.2 Chromosome Karyotyping

A significant portion of my research was dedicated to exploring 2D orientation rep-
resentations and the principles required to make them effective. I also focused on
developing representations that can be scaled to 3D. Despite the limitations of the
dataset on which the models were trained—such as its small size—the findings re-
garding the effectiveness of these representations remain robust. These findings val-
idate the theoretical challenges associated with various representations, as outlined
in this thesis, and demonstrate their practical effectiveness.

My critique of existing techniques and the dataset used in published studies
constitutes a relevant scientific contribution. This critique identifies specific issues
in the methods employed by previous works, highlighting gaps in the field that my
research addresses.

The orientation-based approach for separating overlapping chromosomes stands
as a valuable contribution in its own right. It successfully outperformed the criticized
semantic segmentation method and, despite the limited size of the available dataset,
demonstrated superior performance over existing alternatives. This method not only
provides a practical solution for the immediate problem but also lays the groundwork

for future research that could refine the approach and potentially lead to its adoption
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in industry.

7.3 Domain Adaptation

In this thesis, many models were trained on synthetic data, which were then de-
ployed on real data. This raises the question of whether other domain adaptation
approaches could improve the model’s ability to generalize to real datasets. I ex-
plored several approaches to mitigate this issue in the seismic imaging application,
but mostly encountered negative results. It appears that the limitations of the syn-
thetic seismic data and of the convolutional architectures counterbalance each other,
leading to exceptionally good transfer performance to the real seismic survey. In
this section, I will outline the approaches I explored and my findings.

The approach I explored in the most detail is masking self-supervised learning.
Despite the lack of annotated real seismic data, unlabelled data is plentiful. We
can, therefore, train the model in a self-supervised manner on this data. I trained
the model to recreate the input data in its outputs and to fill in masked areas of
the input data. The model was then trained on the synthetic data to perform both
fault location and orientation prediction, while also recreating the masked areas of
the inputs. During training, it was simultaneously trained to recreate the inputs
on the real data, while its predictions on fault locations remained unaffected by the
real data. This approach improved the model’s ability to predict fault locations by
2.5% on the synthetic data. However, the model almost completely lost its ability
to predict faults on the real data, with only some of the most obvious and clean
faults in the shallow parts of the volume being detected.

I hypothesize that the differences between the synthetic and real data were ex-
acerbated in the model. Since the synthetic data does not fully resemble the real
data, the model may have learned to treat the self-supervised learning task on the
real data differently from the synthetic data, recognizing that they are different.
This could have led to the model’s ability to predict fault locations and orientations
being limited to data that more closely resembles the synthetic data, such as the

shallow regions, and hindered its ability to detect faults in deeper and more chaotic
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| (a) | (b)

Figure 7.1: Slices (a) and (b) are the same from Figure [6.6] visualising the pre-
diction of fault locations from the self-supervised model that was fine-tuned on the
annotations from Figure [6.6l As such, they serve as training-set performance visu-
alisations.

regions. Moreover, the self-supervised learning forces the model to deduce informa-
tion from the surroundings of the masked region, which means it is compelled to
observe broader fault geometry—one of the aspects that differs significantly between
the synthetic and real data.

Next, I attempted to fine-tune the self-supervised model. The two slices from
Figure 6.6/ contain high-quality annotations, which I used to further train the model.
Unfortunately, this did not lead to substantial improvements, implying that the
problems with self-supervised learning are not easily overcome in this model. Figure
[7.1] shows the resulting predictions on the slices used for fine-tuning. More fine-
tuning with additional data could still lead to larger improvements.

The next approach I considered was the use of GANs, specifically starting with
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Figure 7.2: My proposed GAN architecture for training a model with labelled syn-
thetic data and unlabelled real data.

a Cycle-GAN that could learn the domain shift between the synthetic and real data.
My proposed architecture, visualized in Figure intercepts the process of shifting
from one domain to the next and feeds this in-between space into the model for
identifying faults. Although potentially promising, the architecture suffers from a
fundamental issue: it does not guarantee that the location of the faults is maintained
when transferring from one domain to the other. Due to this limitation, I did not
implement or experiment with the architecture.

Ultimately, the naive approach of training on synthetic data and deploying on
real data is exceptionally appropriate for its purpose, especially given the nature of
these particular datasets and the architectures used. Although there is still potential
to exploit the available unlabelled data from real seismic surveys as part of model

training, a significant breakthrough in future work would likely be required to achieve
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substantial progress in this area.

7.4 Future Work

Most of my work is wrapped up well, especially from the point of view of what it can
offer to the theme of this thesis, namely seismic interpretation. Although there are
multiple areas that would benefit from further work, they would not have a major
impact on the conclusions drawn from this thesis, since they would either benefit
fields other than seismic interpretation, or merely offer incremental improvements.
Domain Adaptation remains as the primary area with potential for a breakthrough
that would benefit seismic interpretation.

The models that I trained for chromosome karyotyping are capable of separating
overlapping chromosomes. For true utility to karyotyping in industry, the model
would have to be integrated into a workflow that works with whole images and
multiple chromosomes. Although my proposed method is capable of working on the
whole images, the neural networks powering the method are only trained on the
synthetic data cropped around pairs of chromosomes. The most beneficial future
work of this method would be improving the quality of this model and making it
robust to the types of features and noise present in whole images. This would mostly
require the collection of data for the task.

My work on predicting the orientation of 3D vectors is complete. The repre-
sentations are explored and tested, both theoretically and in practice. A potential
direction is predicting other features for seismic interpretation that may benefit from
the representations. Similarly, some features may not benefit from negation invari-
ant representations, but may need specialised representations developed. However,
this is conditioned on having annotated features within the training data, which is
something I don’t have in my synthetic dataset.

The instance separation of faults could benefit from future work. It is diffi-
cult to quantitatively evaluate the effectiveness of the method due to the lack of
ground truth annotations of real seismic surveys. Future work focusing on gath-

ering datasets for evaluation could benefit in the refinement of the algorithms and
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their hyperparameters. Nevertheless, the approach stands as useful in its current
state, which is demonstrated by the qualitative evaluation on small examples from
the real seismic dataset.

Similarly to the instance separation, improving the architecture of the models
that perform the seismic interpretation would not change the conclusions of this
thesis. Deep Learning is a field that moves very quickly, as well as the available
computational resources. A slightly better model is always around the corner, and
it is important to keep up with the field for any future research. Therefore, I don’t
think the pursuit of the best available models is justified at this time, beyond what

I have performed in this thesis.

7.5 Conclusion

In conclusion, this thesis provided a thorough exploration of orientation represen-
tation and how neural networks can predict it, for both 2D and 3D orientation. I
proposed novel representations and demonstrated their performance when predict-
ing the orientation of chromosomes in 2D and of seismic faults in 3D. Subsequently, 1
demonstrated the utility of predicting orientation by using it for separating overlap-
ping chromosomes and separating the predicted faults into separate fault segments
that do not intersect. My novel orientation representations can be used in a broad
set of fields that use Deep Learning and could benefit from predicting negation in-
variant vectors (orientation). My trained models for seismic interpretation and my
method for separating faults into fault segments directly brought novel functionality
and utility to the field of seismic interpretation. My work on chromosome segmen-
tation uncovered issues in published approaches and a dataset, while proposing an

alternative method to segment overlapping chromosomes.
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APPENDIX A

Basic and Auxiliary Results

A.1 Orientation Representation

A.1.1 3D Network Optimisation
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60x16
2 | HuDUNet  batch 54% 1% 820 12.2°
(k=16)x16
3 | ResUNet batch 56% 11% 80° 11.4°
80x16
4 | UNet batch 54% 9%  81° 11.6°
92x16
5 | HarDAddUNet batch 54% 6%  82° 11.9°
30x32
6 | HarDUNet batch 51% 5%  83° 16.2°
(k=8)x32
7 | ResUNet batch 58% 12% 83° 13.8°
42x32
8 | UNet batch 5% 9%  82° 11.9°
46x32
9 | HarDAddUNet batch 51% 0%  84° 29.2°
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10 | HarDUNet batch 54% 7%  83° 13.2°
(k=3)x64
11 | ResUNet batch 59% 13% 84° 18.6°
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Table A.1: Is extended in Tables[A.2and[A.3} All of the neural network architectures
trained on the synthetic seismic dataset and tested on its validation set. The second
line of each row in the table shows the width xdepth of the blocks used in the UNet
architecture, with 1 and | representing the downsampling/upsampling in the UNet
architecture. Refer to Figure for architecture details.
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ResUNet batch add 63% 18% 80° 10.1°
40x8 | 80X8 | 224x64 1 80x8 T 40x8
UNet batch add Failed on float16
52x8 | 104x8 | 240x64 1 104x8 1 52x8
HarDUNet batch cat Failed on float16
72(k=11)x8 | 104(k=16)x8 | (k=24)x64 1 104(k=16x8 1 72(k=11)x8
HarDAddUNet batch add Failed on float16
32x8 | 64x8 | 128x8 | 28864 1 128x8 1 64x8 1 32x8
HarDAddUNet batch add Failed on float16
32x8 | 64x8 | 128x8 | 256x8 | 320x64 1 256x8 1 128x8 1 64x8 1 32x8
HarDAddUNet layer add Out of memory
32x8 | 64x8 | 160x64 T 64x8 1 32x8
HarDAddUNet instance add 64% 16% 81° 11.9°
32x8 | 64x8 | 160x64 1 64x8 1 32x8
HarDAddUNet layer add Out of memory
32x8 | 64x8 | 1288 | 288x64 T 128x8 1 64x8 T 32x8
HarDAddUNet instance add 62% 17% 83° 12.4°
32x8 | 64x8 | 1288 | 288x64 T 128x8 T 64x8 1 32x8
HarDUNet instance cat 64% 18% 76° 9.0°
72(k=11)x8 | 104(k=16)x8 | (k=24)x64 1 104(k=16x8 1 72(k=11)x8
HarDAddUNet instance add 63% 16% &82° 13.1°
32x8 | 64x8 | 1288 | 256x8 | 320x64 T 256x8 1 128x8 1 64x8 1 32x8
HarDUNet layer cat 61% 15% 79° 9.4°
48(k=6)x8 | 80(k=10)x8 | (k=22)x64 1 80(k=10)x8 1 48(k=6)x8
HarDUNet instance cat 64% 17% 80° 9.7°
80(k=10)x8 | 112(k=14)x8 | 144(k=18)x8 | (k=22)x64 1 144(k=18)x8 1 112(k=14)x8 1 80(k=10)x8
HarDAddUNet instance cat 63% 17% &82° 13°
32x8 | 64x8 | 128x8 | 2408 | 288x64 1 240x8 1 128x8 1 64x8 1 32x8
HarDAddUNet instance add 60% 18% &3° 15.3°
32x8 | 64x8 | 96x8 | 160x8 | 224x8 | 288x64 1 224x8 1 160x8 T 96x8 T 64x8 1 32x8
HarDUNet instance cat 61% 16% &1° 11.6°
96(k=10)x8 | 128(14)x8 | 160(18)x8 | 196(22)x8 | (26)x64 T 196(22)x8 1 160(18)x8 T 128(14)x8 T 96(10)x8
HarDUNet instance cat 64% 18% 77° 9.3°
80(k=10)x8 | 112(k=14)x8 | 144(k=18)x8 | (k=22)x32 1 144(k=18)x8 1 112(k=14)x8 1 80(k=10)x8
HarDUNet instance cat 58% 15% 81° 11.5°
80(k=10)x4 | 112(k=14)x4 | 144(k=18)x4 | (k=22)x64 1 144(k=18)x8 1 112(k=14)x8 1 80(k=10)x8
HarDUNet instance cat 61% 16% 78° 11.2°
80(K=10)x8 | 112(k=14)x8 | 144(k=18)x8 | (k=22)x64 1 144(k=18)x4 1 112(k=14)x4 1 80(k=10)x4
ResUNet instance add 65% 17% 80° 10.9°
40X8 | 80X8 | 224x64 1 80x8 T 40x8
ResUNet instance add 62% 15% 82° 13.9°
40x8 | 80x8 | 160x8 | 320x64 T 160x8 1 80x8 1 40x8
HarDUNet instance cat Ilr=3e-3 64% 17% 80° 10.5°
72(k=11)x8 | 104(k=16)x8 | (k=24)x64 1 104(k=16)x8 1 72(k=11)x8
HarDUNet instance cat Ir=3e-4 63% 17% 79° 9.4°
72(k=11)x8 | 104(k=16)x8 | (k=24)x64 1 104(k=16)x8 1 72(k=11)x8
HarDUNet instance cat Ir=le-4 62% 17% 81° 10.1°

72(k=11)x8 | 104(k=16)x8 | (k=24)x64 1 104(k=16)x8 1 72(k=11)x8
Table A.2: Continuation of Table Is extended in Table
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HarDUNet instance cat 63% 16% 81° 11.4°
72(k=11)x8 | 104(k=16)x8 | (k=24)x64 1 104(k=16)x8 1 72(k=11)x8
HarDUNet instance cat 64% 19% 74° 9.1°
72(k=11)x8 | 104(k=16)x8 | (k=24)x32 1 104(k=16)x8 1 72(k=11)x8
HarDUNet instance cat 63% 17% 79° 9.3°
52(k=13)x8 | 88(k=16)x8 | (k=24)x64 1 88(k=16)x8 1 52(k=13)x8
HarDUNet instance cat 63% 17% 79° 10.9°
128(k=6)x8 | 160(k=10)x8 | (k=18)x64 1 160(k=10)x8 1 128(k=6)x8
HarDUNet instance cat m=1.2 63% 17% 80° 10.8°
84(k=15)x8 | 112(k=22)x8 | (k=30)x64 1 112(k=22)x8 1 84(k=15)x8
HarDUNet instance cat 61% 16% 81° 10.0°
72(k=10)x8 | 128(k=12)x16 | (k=18)x64 1 128(k=12)x16 1 T2(k=10)x8
HarDUNet instance cat 61% 15% 80° 9.8°
72(k=11)x8 | 104(k=16)x8 | (k=24)x32 1 104(k=16)x8 1 72(k=11)x8
ResUNet instance add 63% 16% 82° 12.4°
40X8 | 80X8 | 224x64 T 80x8 T 40x8
ResUNet instance add 62% 17% 81° 10.4°
46x8 | 92x8 | 138x64 T 92x8 T 46x8
ResUNet instance add 63% 17% 82° 10.3°
40x8 | 80x16 | 224x32 1 80x16 1 40x8
ResUNet instance cat 63% 17% 81° 10.9°
40x8 | 80x8 | 216x64 T 80x8 T 40x8
ResUNet instance add bias 64% 18% 81° 9.96°
40X8 | 80X8 | 224x64 1 80x8 T 40x8
HarDUNet instance cat Ir=4.4e-4 63% 17% 80° 10.4°
72(k=11)x8 | 104(k=16)x8 | (k=24)x64 1 104(k=16)x8 1 72(k=11)x8
HarDUNet instance cat Ir=6.7e-4 64% 18% 78° 8.6°
72(k=11)x8 | 104(k=16)x8 | (k=24)x64 1 104(k=16)x8 1 72(k=11)x8
HarDUNet instance cat Ir=1e-3 65% 19% 76° 8&.1°
72(k=11)x8 | 104(k=16)x8 | (k=24)x64 1 104(k=16)x8 1 72(k=11)x8
HarDUNet instance cat Ilr=1.5e-3 63% 19% 77° 9.1°
72(k=11)x8 | 104(k=16)x8 | (k=24)x64 1 104(k=16)x8 1 72(k=11)x8
HarDUNet instance cat Ilr=2.25e-3 64% 18% 76° 8.5°
72(k=11)x8 | 104(k=16)x8 | (k=24)x64 1 104(k=16)x8 1 72(k=11)x8
HarDUNet instance cat 1r=3.375e-3 64% 18% 78 9.0°

72(k=11)x8 | 104(k=16)x8 | (k=24)x64 1 104(k=16)x8 1 T2(k=11)x8

HarDUNet instance cat Ir=1e-3 batch=1 60% 12% 79° 10.0°
288(k=11)x8 | 416(k=16)x8 | (k=24)x64 1 416(k=16)x8 T 288(k=11)x8

HarDUNet instance cat Ir=3e-4 batch=1 60% 12% 79° 10.0°
288(k=11)x8 | 416(k=16)x8 | (k=24)x64 1 416(k=16)x8 T 288(k=11)x8

HarDUNet instance cat Ir=1e-4 batch=1 61% 11% 81° 9.7°
288(k=11)x8 | 416(k=16)x8 | (k=24)x64 1 416(k=16)x8 T 288(k=11)x8

HarDUNet instance cat Ir=1e-3 batch=1 59% 10% 80° 10.0°
240(k=32)x8 | 336(k=44)x8 | 432(k=56)x8 | (k=68)x64 1 432(k=56)x8 1 336(k=A4)x8 1 240(k=32)x8
HarDUNet instance cat Ir=3e-4 batch=1 63% 14% 78° 9.1°
240(k=32)x8 | 336(k=44)x8 | 432(k=56)x8 | (k=68)x64 1 432(k=56)x8 1 336(k=44)x8 1 240(k=32)x8

HarDUNet instance cat Ir=1le-4 batch=1 62% 14% 80° 9.5°
240(k=32)x8 | 336 (k=A4)x8 | 432(k=56)x8 | (k=68)x64 1 432(k=56)x8 1 336(k=44)x8 1 240(k=32)x8

Table A.3: Continuation of Table and
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