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Abstract

This dissertation concerns supporting the diagnosis of eye diseases with
the use of increasingly rapidly developing artificial intelligence methods.
As this field grows rapidly, it has become more and more data-voracious
and needs a large amount of data to achieve high and stable results. In the case
of medical data, access to large datasets or obtaining them is sometimes
not feasible, consequently, methods of working on such limited datasets
are needed to support medicine with machine learning algorithms. There-
fore, this dissertation focuses on supporting the diagnosis of eye diseases
with machine learning algorithms, with the additional consideration that all
experiments should be carried out in the so-called low-data regime. Four
different machine learning approaches are evaluated in depth, including,
image classification using undervalued Scanning Laser Ophthalmoscopy
images, image segmentation, feature selection, and a general approach
for the low-data regime in image processing. In each approach, different
machine learning algorithms were used and different approaches to dealing
with a challenging dataset were compared. The obtained results, in terms
of developed machine learning algorithms, show that despite the additional
difficulties it is possible to work with small datasets in the context of machine
learning algorithms. They also show that, with the dataset used, the best
approach is to choose simple and shallow deep learning architectures, ensem-
ble learning, and, for image data, to use data augmentation. Additionally,
the classification study confirmed that Scanning Laser Ophthalmoscopy
images can be successfully used to support glaucoma diagnostics as the ac-
curacy of the classifier can reach over 96 percent. Given the challenging
to access large dataset in certain medical application, the findings of the
dissertation may inform future studies in the field to help overcome some

of the challenges while dealing with low-data regime problems.
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Preface

The motivation behind the work presented in this dissertation comes from
a combination of scientific interests. It concerns two different fields of re-
search: computer science and biomedical engineering, of which computer
science focuses mostly on machine learning algorithms, in particular for im-
age analysis applications. From this union, a topic on which the thesis
is focused was created, and it is as follows: Development of machine learn-
ing algorithms operating on small datasets to assist in the diagnosis of eye
diseases. Throughout this dissertation, the reader will be guided to this
specific topic and some of the studies that have been performed during
the last four years. For the image analysis, some of the studies include
the topic of eye diseases, particularly glaucoma detection. Patients suf-
fering from glaucoma are often diagnosed with the visual field procedure,
which is very time-consuming. While other imaging modalities such as Op-
tical Coherence Tomography or Scanning Laser Ophthalmoscopy, which
are faster and also usually collected as part of the screening process tend
to be overlooked. Therefore, it is possible to support diagnostics by im-
proving the process of analyzing the available images. Nowadays, machine
learning algorithms are the most popular solution for data analysis tasks
such as classification, and segmentation, for which manual, expert-based
handling is laborious and prone to mistakes, for example, due to fatigue.
Regarding image analysis itself, deep learning is getting the most atten-
tion. Furthermore, it enables automatic feature selection without the need
to manually prepare image features for further classification or segmentation.

The difficulty in using such algorithms in medical problems is the so-called
XVvii
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low-data regime that frequently occurs in those cases. This relates to having
a ‘low’ amount of images to train the model. The risk of using small sets
of data is overfitting or a complete inability to learn the task (model returns
random results). Therefore, within this thesis, this limitation will be dis-
cussed and some solutions will be presented to obtain the highest possible
(in terms of accuracy) and most stable results under these conditions.

The thesis is organized into four chapters. The first is the Introduction
that summarizes the current state of development of the machine learn-
ing techniques supporting the diagnosis of eye diseases, and in addition,
it contains basic information on the field of machine learning methods.
The second chapter, Research summary, contains a description of all studies
that have been performed, together with the main motivation for their im-
plementation and the experimental protocol. In the third chapter, the results
obtained from research performed during the course of doctoral studies
are presented. The fourth and final chapter connects the whole dissertation
and provides the concluding remarks from all of the findings. Additionally,

some of the future directions are outlined.



Xix
Hypotheses

The four main hypotheses for the thesis are presented below.

1. Low-resolution Scanning Laser Ophthalmoscopy images contain substan-
tial information that can support glaucoma diagnosis, especially when
combined with the use of deep learning algorithms.

2. The size of the data fed into a neural network can have a significant
impact on performance, particularly in the case of Bruch’s membrane
opening segmentation, the shape of input data can affect the final results
of the trained model despite using the same dataset across different

models.

3. Machine learning algorithms can be successfully applied in the low-data
regime applications, provided they are equipped with some additional
techniques to deal with the small dataset.

4. The use of orthogonalization with convolutional networks can have a sig-
nificant positive impact on performance, particularly when the model

1s trained on small datasets.






Chapter 1

Introduction — Artificial

Intelligence

Although the topics related to artificial intelligence (Al) were already theoret-
ically considered by philosophers several hundred years ago, its real develop-
ment began only in the twentieth century with the invention of the computer.
Determining the specific date of the beginning of Al as a field of science
is an issue, but the most frequently chosen year is 1956 when the summer
workshop at Dartmouth College took place. It is worth noting that the first
works on Al and related computer programs were created earlier. Even
a well-known Turing test, originally called an imitation game, was proposed
in 1950 [8]]. However, during that summer workshop, held under the name
of Dartmouth Summer Research Project on Artificial Intelligence, the name
Artificial Intelligence was proposed for the first time. Although criticized
many times during the workshop, this terminology has remained as such
until today. The main organizer of that workshop was John McCarthy,
professor of mathematics at Dartmouth, with the help of Marvin Minsky,
Nathaniel Rochester, and Claude Shannon. This several-week meeting,
which included scientists from various scientific fields, was to establish com-
mon definitions and general development paths in a newly created field [9].
Since then, the growth of Al has accelerated and expanded to other fields
and applications. A few years later, from 1964 to 1966 at the Massachusetts
1
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Institute of Technology (MIT), Eliza — the first algorithm for natural lan-
guage processing was created. It was the prototype of the chatbots in use
today [10]. Even during the so-called ‘Al winter’, which took place in total
from 1970 to 1990 (the first and second Al winter combined) and consisted
in reducing funding for research related to Al, there were many studies
on the subject, which later transformed into the basics of today’s Machine
Learning. During that time, for example, Kohonen networks were created,
which gave rise to Competitive Learning [11]]. Also in the field of medicine,
efforts were made to use those algorithms. An example in the field of eye
diseases from those years is CASNET — a program for glaucoma consulta-
tion [12]]. Additionally, the first conference on neural networks (the First
International Conference on Neural Networks) took place in 1987 [13].
Since then, Al has been developing rapidly, especially the subdivision of Al
called machine learning (ML). ML allows machines to learn and infer rules
based on the data provided to them. Nowadays, Al is applied to almost
every area of life, from medical applications, such as supporting diagnostics,
to recommendation systems, for example when selecting films on streaming

platforms.

1.1 Machine learning

Machine learning (ML), which is considered to be a part of Al is a wide
field of science and the range of its applications is even wider. Nowadays,
it is not surprising to see that ML algorithms are used almost in every
scientific and consumer application. However, due to the fact that this
field is so broad, it is difficult to talk about it in its entirety without giv-
ing an appropriate division into its different components. Many possible
kinds of division could be considered, nevertheless, only one of them will
be discussed in this description because it is the most important for further
understanding of the considered research. However, before this division
is presented, it is worth noting that in this work, an ML algorithm is un-
derstood as a set of procedures that are to perform a specific task, whereas

the ML model corresponds to the learned algorithm with all the parame-
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Machine learning
algorithms

Supervised Unsupervised Semi-supervised Reinforcement
learning learning learning learning

Figure 1.1: Learning-based types of machine learning algorithms.

ters that have been adjusted in the learning process, which can perform
the specified task based on the new data provided. There are four different
types of ML algorithms divided according to the different learning processes
[14]. These are presented in Fig.[I.I] They differ based on the data they
are learned from. In supervised learning, the algorithm is fed with the data
and the corresponding labels or annotations. So it can be said that it learns
from the example of pairs: example data — that is, input and their labels
— output. According to the type of expected output (classes or continuous
values), we can further divide this type into classification, regression, or seg-
mentation tasks In this case of unsupervised learning, the algorithm does
not have labels for the training data and its task is to uncover similarities
and patterns in the data and based on that information, in most cases, group
the data. Unsupervised learning is commonly used for clustering, segmen-
tation, or data compression. The next learning-based type is created from
the combination of the two previously mentioned categories and it is called
semi-supervised learning. The algorithm in this case operates both on data
with and without labels. This is especially useful in cases where data labeling
is expensive and there is a substantial amount of unlabeled data. It is used
in both classification and clustering tasks. The last type of ML algorithm,
divided based on the learning process, is the reinforcement learning, whose

principle of operation is different than those of the previous ones. Instead

!In supervised learning the most popular is semantic segmentation, which is a classifi-
cation of each pixel in the image.
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of providing training data, only information about the direction of action
is used here to inform the algorithm, this action can be extracted from
the interaction of the algorithm with the environment. There are two types
of feedback: positive (reward) and negative (penalty). The goal of the al-
gorithm is to maximize the reward and minimize the penalty. It is used,
for example, in autonomous cars. Summarizing this division, the ML algo-
rithm should be selected based on the analysis of available data and the final
purpose of the algorithm. As mentioned previously, there is more than one
division for ML algorithms. Others include, for example, division on the ba-
sis of whether it learns on all available data at one time or whether the data
is provided to the algorithm, e.g., incrementally. This type of division is not
going to be described in more detail here because, in all the studies discussed

in this work, the algorithms have access to all possible data at once.

1.1.1 Standard machine learning algorithms

Considering the above-mentioned types of ML categories, special atten-
tion is paid to supervised learning due to the subject matter of the work.
Many different algorithms are dedicated to particular problems, datasets,
etc. In the case of the numerical datasets, the five most popular standard
ML algorithms, which are commonly used in the benchmark process against

others, will be discussed in the following paragraphs.

Multilayer perceptron

The first algorithm is the multilayer perceptron (MLP) proposed in 1985 [[15]].
This is an algorithm from the category of neural networks. They were in-
spired by the human neural network in the brain. The basic unit of an artifi-
cial neural network is a neuron, which is to aim to replicate the real human
neuron. Fig. shows a schematic view of both the real and the artificial
neuron. On the left side, there are inputs. The main difference in this input
is that in the artificial input is some numerical value and in the real input
is an electrical and chemical impulse through dendrites. After that, the sig-

nals are combined and processed by a certain activation function and the re-
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Figure 1.2: Schematic view of human (top) and artificial neuron (bottom). On
the left side, there are impulses (top) and numeric values (bottom) inputs. In the mid-
dle, there is signal combination and activation. On the right are the impulse (top)
and the numeric values (bottom) output.

sult in both neurons is an output value or impulse. Thus, as such, artificial
neurons are just a simplified version of the biological model of the neuron.
The simplest neuronal network, which may even consist of just one neuron,
is the perceptron — proposed in 1958 by Frank Rosenblatt [16]]. It is a binary
classifier, the major disadvantage of which is that it works only on linearly
separable problems. The solution to this limitation is a more advanced
version of the neural network, called the MLP. It is a feedforward network,
and it consists of more layers of neurons. If there are more than three layers,
it is considered a deep learning (DL) algorithm. Since MLP has more
layers, it is able to solve nonlinear problems as well. Because of this and its

simplicity, it is still a commonly used algorithm today.

Gaussian Naive Bayes

The second algorithm, having a different operating principle, is the Gaussian

Naive Bayes (GNB) [17]]. It is an algorithm from the group of probabilistic
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classifiers, which means that during classification it calculates the probability
of the feature vector belonging to each possible class. It operates based
on Bayes’ theorem and it assumes that given features are independent.
It is based on the conditional probability of events (A and B). Despite
its simplicity and the assumption of independence, it is commonly used.
In many real-world applications in which this assumption of independence
is not fulfilled, the GNB algorithm can still perform well. In addition,
it works efficiently for multidimensional data and is also increasingly used

in natural language processing [18].

P(B|A)P(A)

PAIB) = =

(1.1)

Decision trees

The next algorithm that can be used for both regression and classification
problems is the Decision Tree (DT). They belong to a group of algorithms
with a rule-based approach. In a simplified way, it can be said that decision
trees are algorithms that focus on subsequent conditional statements exe-
cuted until they reach the leaves, i.e., in the case of classification — the target
class. An example of such a decision tree is presented in Fig.[I.3] The initial
set of features is divided according to a specific rule into two nodes that can
be further divided if needed. There are two basic types of rules — univariate
and multivariate, depending on the number of features that it used to divide
the tree. As a result, the optimal (in the sense of interpretability) model
should have a small number of nodes and small depth, because in this way
the user can assess what was the reason for such a decision. Some methods
try to prune trees to reduce their size, but this topic is outside the scope

of this work.

K-nearest neighbors algorithm

The k-nearest neighbors algorithm (k-NN) is another type of algorithm used
for both regression and classification problems [[19]]. It is a non-parametric
method. It operates by comparing an object with the k-closest objects

in the training set. The closest ones are understood as the objects with
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root node
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Figure 1.3: A sample decision tree diagram. At the top is the root node where
the algorithm starts. Then the nodes are divided into internal or leaf nodes. Internal
— if a further division is still to be performed, leaf — this is the last node which,
for example, is a target class in the classification task.

the lowest value of the set distance2] Then the class is selected as the most
common class among these k-objects in the classification task and it is an av-
erage of them in the case of regression. This algorithm belongs to a group
of instance base learning, which means that all the processing is performed
during classification, not like in most other algorithms, which occurs during
training. Unfortunately, due to the need to calculate distances for each
object in the training set, for large datasets and high-dimensional data, k-NN
has low computational efficiency. However, there are several search algo-
rithms available to help deal with this problem by speeding up the entire
algorithm [20]].

Support Vector Machine

The last ML algorithm for supervised learning discussed here is the Support
Vector Machine (SVM) [21]]. The principle of operation of this algorithm

is that it iteratively searches the best (in some sense) hyperplane to separate

The distance can be defined in many ways, depending on the data type.
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Figure 1.4: Schematic view of Support Vector Machine principle of operation.
The axes contain the values of two features (x; and x,) based on which the clas-
sification is made. The bold black line marks the designated hyperplane based
on support vectors, which are objects closest to the dividing line. Margin determines
the distance between the support vectors for two classes.

two classef] in n-dimensional space. This hyperplane should fulfill the con-
dition of maximizing the margin between these two classes. The support
vector refers to the data points that are closest to the hyperplane and based
on them the margin is calculated. The schematic view of this principle
is presented in Fig. 1.4 with hyperplane, margin, and support vectors shown.
SVM has proved to be useful even with high-dimensional datasets and,
with the choice of appropriate kernel function [22], it can provide good
generalization power and most often outperforms neural networks. It is ca-
pable of handling both continuous and categorical numeric data. Depending
on the available dataset, there is a need to choose the right kernel function
that will convert the data to an appropriate form. Additionally, the algorithm
works well with image data [23]]. Although it was proposed in 1963 it is still

commonly used.

3In the case of multiclass classification, the problem is divided into multiple two-class
problems.
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Figure 1.5: Examples of deep learning techniques that are considered in this work.

1.1.2 Deep learning

ML, as outlined above, has many advantages and it is commonly used
for a wide variety of tasks and applications. However, its performance
is closely related to the given data representation (i.e., features extracted),
which may impact the performance of the final trained model. It is worth
restating that ML algorithms need extracted features as an input, which is typ-
ically manually done, where a feature extraction method needs to be selected
and the quality of these features influences the final model performance.
To overcome the issue with the features extraction, DL method provides
a solution to bypass this need. Instead of a time-consuming and sometimes
manual feature extraction in the preprocessing stage, DL algorithms as part
of their learning process are able to extract the necessary features and then
use this information to complete the task. It is not uncommon for models
that extract features automatically, to achieve much better results than those
learned using extracted features from manual pre-processing. A good exam-
ple would be image classification, where features may differ due to many
aspects of the image itself, such as lighting or the angle at which the image
was taken. In this case, DL tends to describe the complicated image repre-
sentation more easily, for example using edges [24], than manual human
extraction. The simplest example of DL is MLP which, assuming it has
more than three layers, maps input through different layers to different
representations in the output. It is worth mentioning that DL derives from
the subfield of ML, which are the neural networks hand above all, compared

to their shallow versions, they can represent nonlinear functions [23].
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The rapid development of DL, and in particular its branch of computer
vision, began when Alex Krizhevsky proposed a network called AlexNet
in 2012 [26]. This structure is based on the use of convolution to extract
features from an image and then, on their basis, to classify these features
into particular groups with the help of fully-connected layers. This type
of network is known as a convolutional neural network (CNN) and was
already proposed in 1988 [27]. The CNN will be discussed in detail later
in this subsection. Despite the earlier introduction, due to the lack of appro-
priate hardware and optimization methods, CNN’s true potential was noticed
only with the success of AlexNet. The AlexNet model achieved, at that time,
the state-of-the-art accuracy in the ImageNet Large Scale Visual Recogni-
tion Challenge [25]], thus, beating all the algorithms based on traditional
ML and achieving over 10% lower error than the other models participating
in this image-analysis competition. AlexNet was the first convolutional
network model to win this challenge and sparked a great deal of interest
and development in these kinds of algorithms. Although DL is not just
about convolution-based networks, this event started an intense develop-
ment of DL.

There are several different types of DL techniques. Some of the consid-
ered here are presented in Fig. It is worth noting that DL can be used
in all of the ML types, meaning supervised, unsupervised, semi-supervised,
and also reinforcement learning. The first one presented is a deep neu-
ral network (DNN). The scheme of this network is presented in Fig. [I.6]
The hidden layer vector, 4, is calculated using Eq. [I.2](example for hidden
layer 1 from the scheme). w; represents weights vector for all neurons in this

layer and b; is a bias.

hi =Y (wix) +b; (1.2)

As it can be seen in Figures|[I.2]and [I.6] the main difference between DNN
and artificial neural networks (like MLP) is the number of hidden layers,
which in the case of DNN is always greater than one. With an increase

in the number of layers, the ACC of the model usually increases, whereas
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Figure 1.6: An illustrative example of the DNN algorithm. The input layer rep-
resents the feature vector provided to the model. The number of hidden layers
and neurons in specific layers should be chosen during development. The out-
put layer, most often, is an activation function that ultimately provides an output
over a certain interval. For example, a sigmoid — in the range 0—1. w; represents
the weight of the i-th neuron.

its interpretability decreases along with it, so there is a problem with ex-
plaining why the model made such a decision. This issue is commonly
raised in the discussion of DL.

The second considered DL technique (see Fig. is a recurrent neural
network (RNN). The major difference between DNN and RNN is that does
not consider the input objects as an independent. In the case of an RNN,
information about the previous inputs is also used during the analysis of sub-
sequent objects. It can be said that they remember this previous informa-
tion. This process is most often achieved with the use of feedback loops.
Their main task is to work with sequential data such as text, speech, and time
series, where consecutive data are dependent on each other, and informa-
tion about neighboring objects (mostly previous) is valuable in the learning
process. The long short-term memory (LSTM) [28]] network is the most
frequently presented example of RNN. It is a kind of RNN that solves
the problem of long-term dependencies, which is an issue with its standard

version. The scheme of the LSTM block, representing a single iteration,
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Figure 1.7: The schematic view of LSTM block. x represents the layer input.
o denotes a sigmoid function and tanh — the hyperbolic tangent activation function.
C is a cell state while 4 is an output. The £ at the top represents the layer output.
Each function block (¢ and fanh) represents a separate function with different
parameters. The figure is based on Fig. 6 in [29].

is presented in Fig. The first part (left side) of this block is called forget
gate layer. By using a sigmoid function on combined information from
the previous layer and the given input x, the output from zero to one is gen-
erated. Next, this value will be multiplied by the cell state (C). The value
of zero means that all information from C is forgotten and the value of one
means that all information is kept. The next step is the input gate layer which
decides what information passes to the next step and is added to the cur-
rent C value. The last part is to decide what will be passed as an output.
The filtered, processed multiplication of C and the input will be the results
of that. Additionally, in both the input and output gate the hyperbolic tangent
function (tanh) is utilized that the values inside the block are in the range
from —1 to 1. All this makes this architecture deal with long-term depen-
dencies.

The third DL technique is autoencoder (AE) [15]. It is an example
of the use of the neural network for unsupervised learning, and it represents

the field of representation learning. The main purpose of this network
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Figure 1.8: Schematic view of autoencoder architecture. On the left side, there are
inputs, which are later processed by smaller and smaller layers of neurons and create
a latent space representation in the smallest of them. Then this representation
is applied to larger and larger layers of neurons until the initial number of neurons
is obtained and thus the same output size.

is to calculate the function that will try to copy the input as an output
through all layers. The schematic view of this network is shown in Fig.
It consists of two parts — encoder and decoder. Initially, the input data
is encoded into a latent space representation (this step often compresses
data into a smaller representation), then, the decoder is supposed to convert
this representation into an output that would be as similar to the input
as possible. Early studies used AE mainly as a tool for compressing data,
reducing its dimensionality, or for denoising. However, their advantages
gave rise to another type — Variational Autoencoder (VAE) [30]], which
belongs to the group of generative models.

The next technique is a generative adversarial network (GAN), which
was proposed by Goodfellow and others in 2014 [31]. This technique be-
longs to generative models. In general, these kinds of models try to learn
the representation of the given data, and then, use this to generate new

samples. GANs are unsupervised techniques. They consist of two com-
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image kernel output
0 -5 -2 -3 -8 -1 0
8 1 -5 22 0 1 31 -11 -1
2 5 8 0 -1 0 -1 -7 -1 4 4 26 -8
1 8 * -1 5 -1 = -5 12 0 14 -16 26 -8
8 7 7 2 5 0 -1 0 -8 27 11 17 -5 12 -5
1 5 3 2 3 -1 -8 14 1 2 8 -3
0 -1 -9 -3 -2 -3 0

Figure 1.9: Example of 2D convolution operation with 3 x 3 kernel. On the left
is a two-dimensional matrix that is meant to represent the input image in this
example. The kernel is in the middle. On the right, the result of the convolution
is shown. The values in green on the left show the kernel’s field of view for a single
iteration and on the right is the result of it.

ponents: generator and discriminator which are trained at the same time.
The first component is responsible for learning the data representation and,
based on that knowledge, generates a new sample that would imitate the real
one. The second component, the discriminator, is responsible for, kind of,
classification — whether a given sample has been generated or comes from
a training set. To be exact, it calculates the probability of whether a given
object belongs to the given data representation. Both of these parts are ad-
versarial to each other, meaning gain to each of them is a loss for the other.
GANSs are mostly utilized to generate images, and they are trained until
the discriminator makes a lot of mistakes, which means that it will not
distinguish the generated images from those coming from the training set.
This technique has become popular in recent years and proved to be useful
in many applications, for example, from generating additional training im-

ages to generating new human faces or even aging the original ones [32,33]].

Convolutional neural network

The last DL technique presented here is a convolutional neural network
(CNN) [34], sometimes referred to as a convolutional network. This tech-
nique is presented here as the last one not accidentally. Given most of the re-
search presented in this dissertation is based on this type of DL technique,

it will be described in more detail. The premise of this method is that the in-
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put data has a grid-like topology [24]]. Although it can be used for other
non-image data, in practice, CNN is most often applied to images. It must
consist of at least a convolutional part, and in most cases, it has also a part
that is fully connected. This convolutional part distinguishes CNN from
the standard NN. The basis of this technique is the convolution opera-
tion, and as it is the most important part of it, it is worth taking a look at.
Definition of convolution is an integral operation on two given functions.
In mathematical terms, it is presented in Eq. and Eq. for the one-
and two-dimensional (e.g., image) case, respectively.

{es)

(Fe9)0):= [ _f@)st-z)ar (1.3

—00

(f*xg)(s,t):= /O; /Zf(rl,rz)g(s— T1,t — T)dT1dT) (1.4)

In simple terms, in order to convolve one function with another, we need
to get an integral of multiplication of this first function with the reversed
and shifted version of the other in each possible point. It is worth mentioning
that the result from (f x g) is the same as (g * f) because the convolution
operation is commutative. Equation [I.4] corresponds to a well-known re-
lationship between the input (image) and the impulse response (kernel)
of a linear system. Fig. shows the result of convolving sample 2D
matrix (which aims to represent a region of an image) with a 3 x 3 kernel.
However, in ML field, two subtypes of discrete convolution can be used:
valid and same. An example of a valid convolution operation on an image
data (2D matrix) is shown in Fig. In terms of image processing, most
often a given image is convolved by a kernel which is a small matrix used
to enhance certain image characteristics (i.e., extract a feature), for exam-
ple, edge detection or sharpening. In the example above, the commonly
used 3 x 3 represents a sharpening kernel. As in the example, the valid
convolution operation on the image results in a smaller image in the output,
because the kernel is only shifted when it fits completely in the image. Some-
times however, zero padding is added to keep the original size of the image
(see Fig. and this is the same subtype of discrete convolution. Note
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image kernel output
8 1
2 5 8 0 -1 0 il 4 4
1 8 * -1 5 -1 = 0 14 -16
8 7 7 2 5 0 -1 0 11 17 -5
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Figure 1.10: Example of 2D valid convolution operation with 3 x 3 kernel.

image + zero padding kernel output

0 0 0 0 0 0 0

0 8 1 0 22 0 1 31 -11
0 2 5 8 0 0 -1 0 -7 -1 4 4 26
0 1 8 0 * -1 5 -1 = 12 0 14 -16 26
0 8 7 7 2 5 0 0 -1 0 27 11 17 5 12
0 1 5 3 2 3 0 -8 14 1 2 8
0 0 0 0 0 0 0

Figure 1.11: The same example that was presented in Fig with additional zero
padding that allows to keep the original spatial dimensionality of the image.

that even this same subtype is producing larger output it is still a truncated
version of the convolution. The number of zeros added to the original image
depends on the size of the kernel.

The presented operation of convolution on images is the primary one.
However, there are a few other types of this operation, such as dilated, trans-
posed, and a separable convolution [35,(36]]. In the dilated one, the kernel’s
field of view is shifted by a value given as a parameter of this convolution.
As it is presented in Fig. (green numbers in the image) in the standard
version of convolution, the kernel’s field of view is equal to its size, while
in the case of a separable convolution the operations are performed every k
(where £ is just a given integer parameter). A transposed convolution is often
mistaken with deconvolution operation, but its principle of operation is dif-
ferent. The main point of transposed convolution is to reconstruct the spatial
resolution of the original image — upsample the image. It is a method that,
in some applications, can replace traditional interpolation methods. It does

not revert the convolution operation, but in fact, it does a convolution with
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Figure 1.12: The schematic view of the AlexNet architecture. It consists of dif-
ferent layers: convolution, pooling, activation, normalization, and dense. ReLu
— rectified linear unit, softmax — normalized exponential function, dense - fully
connected neural layer.

additional zero padding in an input. Transposed convolution is often used
in the Encoder-Decoder architecturesﬂ The last type is the separable con-
volution which in simple words splits the convolution operation into parts,
for example, 2D convolution with two 1D convolutions with possible differ-
ent kernels. In DL, it is used in depthwise separable convolution. The main
advantage of this method is that it sometimes allows reducing the number
of parameters while maintaining the same performance [37].

While explaining the concept of convolution, it is worth noting that
convolution layers consist of several kernels, and their values are selected
automatically in the optimization process. As was mentioned at the be-

ginning of this subsection, the development of DL techniques began with

“It is a transposed convolution that has been applied in the fully convolutional networks
in this dissertation (see chapter 2)
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the AlexNet architecture (Fig[I.12)), and based on that the concept of CNN
will be described. The architecture contains a several different layers.
The most important one is a convolutional layer, where the convolution
operation is performed. It could be formed into a convolutional block mean-
ing more than one layer following each other without pooling operation,
which will be described shortly (the third, fourth, and fifth convolutional
layer in Fig.[I.12)). Additionally, each convolutional or fully connected layer
is accompanied by an activation layer, most often by a rectified linear unit
(ReLu), which introduces the non-linearity into a model. The output of this
sequence after the first and second convolutional layer is followed by local
response normalization. After this block (or single layer with activation),
there is a pooling layer. The purpose of which is to reduce the spatial di-
mensionality of the convolutional output — future maps. The most popular
types are maximum and average pooling. The sequence of convolutional
and pooling layers could be repeated as needed. After this, feature maps
are flattened into a single vector and transferred into a fully connected block
(dense layer) of the CNN architecture. It works as a standard neural net-
work, where each value in the input vector is connected to each neuron
in the fully connected layer. The number of neurons and layers in this
part could be chosen depending on the problem. In AlexNet there are two
fully connected layers with 4096 neurons each. At the end of the network,
an activation function is used, such as softmax E] or sigmoid functions, to get
the expected output. In the case of this specific architecture, there are 1000
units as an output, and this is equal to the number of classes that the input
images can be classified into. Nowadays, to avoid overfitting, a dropout layer
is often added between fully connected layers, which in the training process
randomly omits a given percentage of units in the network. Additionally,
in 2015 another improvement for CNN was made with a batch normaliza-
tion [38]. This layer is used for stabilizing the training process and to reduce
the required number of epochs by normalizing its input before transferring
it to another layer. It is usually added after the activation layer and follows

the convolutional one. It is worth adding here that due to the presence

>The softmax function is also known as the normalized exponential function. As the out-
put of this function, a vector that sums to one is received.
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of many different layers, the number of parameters for training this type
of network is usually very high. In the case of AlexNet, it is about 60 million
of parameters. Because of that, there is a need to have a relatively large
training set to obtain non-random results or to avoid overfitting. This issue
of a large dataset will be discussed in the low-data regime subsection be-
low. Described above layers are the most basic CNN ones, but over time,
some additional techniques have been presented to improve performance,
for example, residual learning in ResNet types of architectures [39]].

The presented type of network is not the only one in the group of convo-
lutional networks. Another example of commonly used one that is based
on convolution operation is semantic segmentation with a fully convolu-
tional network (FCN) [40]. Image segmentation is the process of group-
ing parts of an image based on their similarities. The semantic kind
of segmentation is achieved by classifying each image pixel into a specific
group/class. This method will be described based on the U-net architecture
because this type of FCN is commonly used in biomedical applications [41]].
The principle of this architecture is similar to that of autoencoders with
additional skip connections. It consists of encoder and decoder paths except
they are built from convolutional layers, and are named: contracting and ex-
pansive paths, respectively. The U-Net architecture is presented in Fig.
The left part of it is a contracting path, which is similar to the convolutional
part of the previously described CNN. It is a sequence of convolutional
blocks with ReLu activation and pooling operations. The right part, the ex-
pansive path, strives to increase the size of feature maps with the sequence
of convolutional layers with ReLu and also transposed convolution layers.
The latters are utilized for upsampling of the feature maps. After that, its out-
put is concatenated with the corresponding feature map from the encoder
part (cropped one). In the end, there is a segmentation map, but its size
is smaller than that of the original image, and this is because of this architec-
ture use convolutions without padding. U-Net-like architecture has proved
very useful in the biomedical field. The results obtained using it signifi-
cantly exceeded the results obtained by other proposed methods in the ISBI

cell tracking challenge 2015 [41]]. Currently, various modifications of this
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Figure 1.13: Schematic view of the U-Net architecture, which is a fully convolu-
tional network. On the left side, there is its encoder part (also called as contracting
path), in which the size of the given image is reduced by various convolution
and pooling operations. On the right is the decoder part (expansive path) where
the original image size is restored. Additionally, there are skip connections between
these parts. The figure is based on Fig. 1 in [41].

method are available, and they are commonly used for image segmenta-
tion [42,43]]. A particular advantage of the U-Net architecture is that it does
not require a large dataset to obtain satisfactory results.

Additionally, all of those DL and ML techniques can be combined with
each other. For example, for U-Net like architecture, a RNN block could
be added.

1.1.3 Quality assessment metrics used in machine learn-
ing
An important topic in ML is the metrics that are used to assess the qual-
ity of models. These metrics differ depending on the selected problem,
and they are typically different for classification and segmentation tasks.
Consequently, their choice should be closely related to the problem under
consideration. Furthermore, the quality assessment of ML models should
always be performed on a dataset that the model has not been exposed

to during the learning process (i.e., training phase), which could be both

a validation set, in the case of cross-validation technique, as well as a test
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predicted
true positive negative
positive TP FN
negative FP TN

Figure 1.14: An example of a confusion matrix for a binary classification task. TP
— true positive, TN — true negative, FN — false negative, FP — false positive.

set. Given this dissertation’s main focus is placed on segmentation and clas-
sification tasks, metrics that are commonly utilized for them in a supervised
learning context will be explained. One issue to start with, as many other
metrics rely on this, is the confusion matrix (sometimes referred to as the er-
ror matrix) [44]]. It is known as a table, based on which the performance
of the model can be assessed. The confusion matrix can be calculated only
when the true labels are known, therefore it is only suitable in supervised
learning. Confusion matrix is shown in Fig. @ One can assume, that
there is a binary classification task to be performed. For example, the model
is designed to detect glaucoma. The dataset on which the model is taught
is irrelevant in this matter. The model’s response is set to 1 (positive) if it has
detected glaucoma in a given sample, and O (negative) if it presumes that
the given sample belongs to the control set (no glaucoma). The confusion
matrix will assign the response of the model to one of four categories depend-
ing on the relationship of the response with respect to the known true value.
The categories are true positive (TP), true negative (TN), false positive (FP),
and false negative (FN). The response will be assigned as TP when both
the model and the true label indicate glaucoma in this given example (in gen-
eral — positive class), to FP when a label will indicate control group (negative
class) and the model — glaucoma (positive group in general). It is similar
in the case of the negative class, TN will be if both the model and a true
label will indicate the negative class, whereas FN will be if the model will

indicate the negative class, and the positive class will be true. It is obvious
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then that a higher quality model will strive to minimize both FP and FN.
Ideally, they will both be zero. However, when it comes to practical cases,
depending on the application, it is sometimes preferable to minimize mainly
one of these values. For example, in medical screening, it is better to get
a false-positive result and do more tests on a patient (however, it may be
more expensive) than to get a false-negative result and leave the disease
undiagnosed (this can greatly affect the patient’s health). Not only raw
values are important, but also their ratios on the basis of which other metrics
are calculated. Here, a few of these will be presented, including true posi-
tive rate (TPR), true negative rate (TNR), accuracy (ACC), and balanced
accuracy (BAC). Equations for all of them are listen below (Eq. [I.5] [L.6]

[L7[L8).

TP

TPR=—— (1.5)
TP+FN
TN
TNR=—— (1.6)
TN+ FP
TP+TN
ACC = + (1.7)
TP+FP+TN+FN
TPR+TNR
BM%:——%%—— (1.8)

TPR, also called sensitivity, is a metric that indicates the probability that
if the model determines the positive class, then the object it classifies will
belong to this positive class. The same is the case with the TNR, only here
the probability of the negative class is being checked. TNR is often referred
to as specificity. However, the most commonly used metric in this work
is accuracy. By maximizing its value, the learning process of many models
is being optimized. Accuracy is calculated as the ratio of correctly qualified
examples (both from the positive and negative class) to all examples from
the set. However, this method of calculating accuracy is only effective if one

has a balanced datasetE] In a case where one class has many more examples

%A balanced dataset is a dataset that contains an equal or almost equal number of sam-
ples in each considered class.
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in the set, the accuracy metric might be deceitful. Therefore, in such cases,
BAC expressed as an arithmetic mean between sensitivity and specificity,
is used [L.8]

In the case of a segmentation task, it is also possible to use the above-
mentioned metrics. For example, the segmentation accuracy is referred
to as pixel accuracy and treats each pixel in the image as a separate sample
for classification, based on the ratio of correctly classified pixels to ground
truth. However, due to the spatial nature of the result of this task, it may be
better to look at more appropriate metrics like Jaccard similarity coefficient
(JSC) or Dice similarity coefficient (DSC) (see Eq. [I.9,[I.10). Both these
metrics, although slightly different, are used to measure the similarity of two
sets, 1.e., in the case of image segmentation - the similarity between the result

of segmentation by the model and the ground truth.

TP
JSC = (1.9)
TP+FP+FN
2TP
DSC = 1.1
S¢ 2TP+FP+FN (1.10)

Sometimes, the specific point or points at the image need to be segmented
and in this case standard error metrics like mean absolute error, root mean
square error or mean error could be utilized. Additionally, there are other
methods to evaluate the quality of models in ML, such as segmentation

errors or area errors, but those are beyond the scope of this work.

1.2 Low-data regime

In the DL problem, it is generally accepted that there is a positive correlation
between the amount of data and the performance of the network. This could
be a major challenge, particularly in the medical image analysis field since

big datasets are usually unavailable or hard to capture and annotate[] The me-

"In general, big data are datasets that are too large, too complex, or too demanding that
they could not be handled by traditionally image analysis methods [45]. Here, a big dataset
is a set whose size is sufficient to train the model without overfitting, and this set represents
well a given problem.
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dian number of medical images used in various studies in the years 2011-
2018 was assessed in [46]. These images were acquired using two different
imaging modalities: Computed Tomography (CT) and Magnetic Resonance
Imaging (MRI). The conclusion of this study shows that the size of datasets
increases year by year, but its median value still does not exceed 200 images,
which in the case of DL is considered a small dataset. Therefore, different
techniques to deal with the low-data regime were proposed, and they will be
briefly described here.

The most common problem to deal with, when there is a lack of data
or when the chosen model is too complex in comparison to the data, is
overfitting. It refers to a situation when the model corresponds too closely
to training data and does not generalize well, i.e., to the information existing
there, as well as to noise (which is random, so the model should not describe
it). In other words, the overfitted model has good training accuracy, but
the validation or testing one is much worse, or sometimes even random.
This overfitting negatively affects the overall generalization of the model
and thus reduces the model’s ability to recognize new patterns. And this
ability is the essence of using ML models in real life. On the other side,
there is a problem called underfitting. It occurs when a model is too simple
(has too low complexity) for a given problem, and thus the model is not
able to capture the appropriate relationship between the inputs and their
corresponding labels. Therefore, problems can be noticed both on the results

of the training set and the validation/test set.

1.2.1 The curse of dimensionality

There is another issue related to the shape of the datasetﬁ As explained
before, it is better to have a larger dataset than a smaller one. Additionally,
the dataset should represent the distribution of the given problem. How-
ever, sometimes for each training set, there is a large number of variables
explaining it. Let’s say that n is the size of the dataset and p is the number

of features for each training object. If n is relatively small and there is a lot

8The shape of a dataset is understood as both the number of learning objects
and the number of features that define each learning object, for example, its size.
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of different features in p a phenomenon called a curse of dimensionality
arises [47]]. One way to explain it is to think about these features, each one
as a single dimension. With an increase in the number of them, the number
of dimensions increases as well. If one takes a similarity as a distance
(Euclidean, for example), then this distance will also increase and the object
will be less similar than with a smaller feature number. Because of that, dis-
tinguishing objects belonging to different classes is more challenging [48]].
Several methods have been developed to help deal with this issue. They can
be divided into two main strategies as presented in Fig. which include:
(i) to reduce the dimensionality of the feature space or (ii) to use ensemble
learning to help deal with high-dimensional data. The first one focuses
mostly on methods for feature selection, for example, selecting the subset
of features based on some statistical method that will rank them. Another
example of this first strategy could be the use of Principal Component Analy-
sis [49]]. It is a statistical method that, through the appropriate transformation
of coordinates space, aims to maximize the variance of the first components
so that it is possible to reduce the dimensionality with the least possible loss
of information contained in the original data. The first strategy is effective
in most cases but sometimes, with the rejection of features, the information
that is hidden in these features is lost. And because of that, the second
strategy was developed, which includes the usage of ensemble techniques to
train different classifiers on a different set of features. This leads, in simple
words, to the fact that each base classifier receives data of lower dimen-
sionality avoiding a curse of dimensionality. At the same time, looking
at the whole ensemble, all or most of the features are being used so no
information is lost. The most popular method in this strategy is Random

Subspace and this is also called feature bagging [S0].

1.2.2 Methods to deal with low-data regime

Besides the methods for dealing with a curse of dimensionality, several
methods are useful when there is a need to train DL algorithms in a low-data
regime. The first of them is a dropout layer with one important parameter —

rate. This layer is responsible for randomly omitting units or connections
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feature selection

reducing feature space ensemble-based
dimensionality methods
statistical methods Principle Component Random Subspace
to rank the features Analysis (feature bagging)

Figure 1.15: Overview of the basic feature selection methods. Shows the division
with examples of algorithms.
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Figure 1.16: Example of a dropout operation. On the left side, there is a neural
network and on the right side is a neural network with the use of dropout operation.

during training. The number of units that will be dropped out is determined
by the rate parameter given as a percentage and could be different for each
model layer. Such action prevents the network from being overly matched
to the training set and thus is an effective tool to reduce overfitting. Fig.
shows how a dropout with skipped units is performed. In the first layer, 50%
of units are omitted, and in the second — only 25%.

Another technique for dealing with a low-data regime is called data aug-
mentation. Taking into account this dissertation which focuses on medical

images, its subtype called image augmentation is presented here. Image aug-
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mentation is utilized when training convolutional networks and it is possible
due to the main assumption of these networks, which is the independence
from spatial shifts. This technique is used to increase the size of training data
by adding more samples. These additional objects are based on modifica-
tions of existing ones. Data augmentation can be performed for both single
and multidimensional data and the transformations performed should be
carefully selected based on the dataset analysis, because it is important to re-
member that the training set still has to represent the problem. An illustrative
example of image augmentation is a dataset consisting of images of a cup
and the task is to classify whether the image contains the cup or not. To
increase the available dataset, a series of subtle transformations can be made
to change the position of the cup within the image, such as random rotation
or translation. Still, the cup will be present in this new image, and the an-
swer of the network should be the same. Thus, it is possible to increase
the dataset using modified copies of existing images without changing their
labels so that the network has some additional data to train on. In the context
of images, Fig. collects transformations that are commonly applied
to images [51]. Sample results of geometric augmentation transformations
(that can be combined) including rotations, zooming, translations and reflec-
tions are shown in Fig. The example is based on the image of a coffee
cup and shows that using data augmentation the core information from
the image is not changed. Additionally, there is another subgroup of data
augmentation techniques called data generating. In contrast to those pre-
sented above, it does not consist in modifying the data, but in generating
synthetic data on the basis of existing ones. This type could be realized
by mixing existing images [52]] or, what is mostly used, by using GANs to
generate additional training data.

The third method to deal with a low-data regime is transfer learning,
which should be considered to be strictly related to it — fine-funing. In trans-
fer learning, the model is trained on another, larger dataset that is somehow
related to the problem, and this knowledge is then used on the considered
dataset [53]. It is similar to the human learning process. Often when explain-

ing a more advanced topic people try to understand it based on its similarity
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standard transformations
in image augmentation

geometric
augmentation:

- image translation

color augmentation

- changes in color

changing the
contrast

adding noise

- image rotation palete (brightening - increasing and - Gaussian noise
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- reflecting the - grayscaling

image
- resizing the image

Figure 1.17: Different types of image augmentation. It presents the division
and specific examples.

to another, known subject. For example, when someone wants to learn
a new programming language it is easier when he/she has some previous
programming experience and they can transfer that knowledge to a new
language. The process is similar in ML. In the case of the convolutional
network at the beginning of its first part, which is the convolutional part,
the network is able to recognize corners, edges, etc. This could be used
in almost every image recognition task, therefore, this knowledge could
be easily transferred from one task to another. Subsequent layers can detect
more advanced objects and this knowledge would be only helpful if these
objects are relevant to the considered problem as well. In case when a suf-
ficiently large enough dataset is difficult to obtain or it is very expensive,
it is possible to use transfer learning using a dataset from a similar domain.
Usually, the application of transfer learning tens to improve or at least will
not worsen the network performance. Occasionally, however, a negative
transfer may occur, this is a process by which knowledge gained in one

domain negatively impacts the results if it tries to transfer it to another.
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rotation

zooming

translation

reflecting

combined

Figure 1.18: Sample results of using geometric transformation on the image
of a cup.

As mentioned at the beginning of this paragraph, transfer learning is strictly
related to fine-tuning. The model that is trained on one task can be fine-tuned
to another, which means that all, or some layers could be retrained on this
smaller dataset. This process will allow the model to adjust to a new task
by adjusting previously established, on another task, weights.

A reduction in the complexity of the model is another technique that
could be considered in order to improve the accuracy of the model trained
on a small dataset. More complex models need more training data, so reduc-

ing the model complexity could be sufficient to obtain higher accuracy even
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Figure 1.19: A graph showing the number of published research papers containing
keywords (in the title or text) ML and ophthalmology in time intervals based
on a Google Scholar search.

on the test set, since it prevents overfitting. Additionally, ensemble learning
as mentioned in the curse of dimensionality section could be a good ap-
proach to dealing with small datasets. Also, a properly chosen normalization
and regularization can decide the quality of the training model in a low-data
regime. It needs to be emphasized that there is no universal method that can
be applied to all low-data regime cases. Therefore, it is worth remembering
that when creating a model in a situation where the amount of data is small,
it is important to test several solutions and check which one provides the
optimal performance for a given problem. Sometimes even the rejection

of outliers can bring a significant improvement.

1.3 ML application in ophthalmology

In this subsection, the current state of application of ML in the field of oph-
thalmology will be presented. It will be divided according to the type
of task into three sections - classification, segmentation, and feature selec-

tion. However, before the current state of knowledge for individual studies
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in ophthalmology is presented, it is worth taking a look at the total number
of published scientific articles on this field at different time intervals. This
is shown in Fig. which presents results from a google scholar search
engineﬂ Two phrases were searched: ML and ophthalmology. Due to an
indexing error for JAMA journals, they were excluded from the search,
since the search for this journal would result in a larger number of studies
that were not relevant to the topic. Concluding from the graph, the number
of studies, and therefore the interest in the use of ML in ophthalmology,
is still growingm Additionally, in 2021 alone (until December 28), a total
of 2900 studies on this field have been already published. This interest
comes both from the need to support the diagnosis of various eye diseases
with ML and also from the success of these algorithms in the field so far.
Several commercial devices for imaging eye structures already use these

algorithms, which only further encourages the development of this field.

1.3.1 Classification

The task of classification in ophthalmology employing ML methods has
been present in the scientific literature for many years. With the help of these
algorithms, the authors try to support the automatic diagnosis of eye diseases,
such as diabetic retinopathy, glaucoma, age-related macular degeneration,
and many others. For glaucoma, as mentioned earlier, since the begin-
ning of ML as a field, efforts were made to apply these techniques to aid
diagnostics. This could be due to the fact that glaucoma progresses asymp-
tomatically for many years, and it is usually detected too late. Therefore, the
screening methods would make it possible to detect this disease at an earlier
stage, and thus could have a great benefit for patients. When ML is used to
diagnose glaucoma or other eye diseases, the subjects whose data are then
processed are assigned (labeled) to the appropriate group by experienced
ophthalmologists, and the algorithms are trained based on these data. Ini-
tially, numerical data was used for classification. For example, the output

of the visual field test from standard automated perimetry was used with mul-

“https://scholar.google.com
10This trend probably does not differ from other fields of science in which ML is used.
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tiple ML algorithms and compared with standard statistical metrics showing
promising results [54]. Additionally, parameters from a standard Heidelberg
Retina Tomograph of about 200 people in total were used to train bagged
classification trees and showed a decrease in classification error compared
to other classical methods [55]]. Instead of numerical data alone, images
from various imaging modalities could be used to classify eye diseases,
such as fundus cameras, Scanning Laser Ophthalmoscopy (SLO), or Optical
Coherence Tomography (OCT). Initially, before the extensive use of DL,
standard ML algorithms were used to classify images, to which the fea-
tures previously extracted in the preprocessing stage were fed. However,
such a preprocessing step added computational overhead and its execution
and feature selection was critical in the final quality of the classifier obtained.
Attempts were made to use, e.g., texture parameters [S6-58|| or independent
component analysis [59]]. However, the development of DL has dominated
the task of classifying eye diseases, while other techniques have received
little attention. In recent years, it is the work based on these DL algorithms
that have been the common standard. The use of convolutional networks al-
lowed avoiding manual feature extraction in the preprocessing stage [60,61].
Both fundus camera and OCT images are used to detect glaucoma. When
it comes to fundus images, the studies very often compared the use of tra-
ditional ML algorithms with different DL network architectures [[62-64].
The results confirm the advantage of using DL over manually extracted
features. In the case of OCT, there are many different methods of handling
this data (in glaucoma detection images from the posterior segment of the
eye are utilized). Due to the fact that OCT scans create a multidimensional
structure, some algorithms only use 2D cross-sectional images of the retina,
and some use all the information — 3D volumetric data, thus increasing the
computation time. Although there are many applications of OCT imaging
to support glaucoma diagnostic, most of them have to use some low-data
regime techniques to deal with the small data size, for example, data augmen-
tation and transfer learning [[65H67]]. Table[I.T|presents selected publications
along with the size of the dataset that was used in the particular study. It is

apparent that the amount of data used to detect glaucoma is increasing (espe-
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Table 1.1: A list of selected articles on the classification of glaucoma, detailing
the size of the data used. FI - fundus images; SLM - scanning lases microscope,
HF - handcrafted features.

H data algorithm dataset size

Samanta et al. [56] FI ANN 455
Yadav et al. [57]] FI ANN 20
Dua et al. [58]] FI ML algorithms 60
Fink et al. [59] SLM KNN 120
Al-Bander et al. [60] FI CNN + SVM 455
Chen et al. [61]] FI 5 CNN 650, 1676
Ahn et al. [|62] FI CNN 1542
Asaoka et al. [|63]] FI CNN ca. 3000
An et al. [65] FI CNN ca. 3000
An et al. [67] OCT scans hierarchical CNN 954
Mehta et al. [[68]] OCT scans + FI two CNN 2476
Benzenouchi et al. [69] FI + HF SVM + CNN 650, 1676

cially for fundus camera images) but still not enough to easily train complex
convolutional networks that have many parameters. Hence, methods to deal
with the low-data regime are needed.

Increasingly, instead of using data from one imaging modality, algo-
rithms operating on multi-modal data are also used [68-70]. In addition,
in many of the above studies, instead of focusing only on the separation be-
tween the control group and the group of subjects suffering from glaucoma,
a third group is also considered - subjects suspected of having glaucoma
either because of the glaucomatous optic disc appearance or ocular hyper-
tension. This is more challenging, but it could help detect the disease before
clinical symptoms, such as visual field narrowing, occur. Thus, it is very

valuable from a clinical perspective.

1.3.2 Segmentation

The segmentation task is also widely used in ophthalmic applications.
As with classification, it is used to understand the health of the eye and can
aid in the diagnosis of eye diseases, such as glaucoma, diabetic retinopathy,
and Age-related macular degeneration (AMD). Images from fundus cameras

and OCT are most often used to perform this task. At the beginning of the
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2000s, solutions based on mathematical operations and standard image
processing techniques were utilized. Unfortunately, they were associated
with the need to perform, sometimes, even multi-stage pre-processing to
prepare the images for further processing. Fundus images were used, for
example, for optic disc segmentation based mostly on the detection of edges
and Hough transformation [71], microaneurysms segmentation for the di-
agnosis of diabetic retinopathy using generalized eigenvectors of affinity
matrix [[72], drusen segmentation for the detection of the first symptoms
of AMD using morphological operations [[73]], or vessel segmentation also
for the diagnosis of diabetic retinopathy using wavelets, or various morpho-
logical techniques, filtering, and thresholding [74.,[75]]. In [[75]], which was
published in 2004, a slightly different approach was introduced. In addition
to comparing more classical methods, it also performs pixel classification
for this task using automatically assigned attributes for each pixel and clas-
sification using standard ML algorithms. It can be seen that already in the
early 2000s there was an interest in using ML to perform image segmen-
tation. As for OCT images, they began to be used especially for the seg-
mentation of intra-retinal layers for glaucoma diagnosis. For this purpose,
methods based on, for example, adaptive thresholding or active contours
were used [76,(77]. It is worth noting here that often to use such methods,
speckles were removed from the images. In later years, ML methods started
to increasingly replace classic segmentation techniques. In [78], authors
presented a ML application for retinal layer segmentation of OCT 3D scans.
They proposed a method that consists of two main steps: (i) processing to
compute features for each pixel based on its neighborhood, including Haar-
like features, and based on them (ii) classifying using an ML SVM algorithm.
An interesting solution used is also the use of information from the entire A-
scan to count the features for a single pixel, taking into account information
from neighboring pixels. Not only retinal layers are segmented from OCT
volumes. Also, the Bruch’s membrane opening, which can be used for the
diagnosis of glaucoma [79,80] is an important task that is sometimes solved
using ML. In [81]], the combination of graph-theoretic approach with ML

random forest algorithm is utilized to perform this task. For fundus images,
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ML algorithms were utilized for example to predict AMD progression using
biomarkers and ML algorithms as classifiers [82]. The biomarkers used
were derived from the segmentation of the retinal structures. As can be
seen, most of the similar works use ML algorithms to classify previously
learned features [83,/84] to specific segments. As with the classification
task, DL is used to automate the process. For the segmentation task with
the use of DL, networks based on the convolution operation are most often
used. In [85] the application of CNN to segment various types of fluids
from OCT scans is presented. In the field of medical image segmentation,
approaches based on FCN have become increasingly popular, especially
architecture like U-Net [86-88]. Currently, research is also conducted on the
use of image patches in comparison to the use of the entire image [89,90],
which could be also considered as a strategy for low-data regime problems,
since the original sample is subdivided into many samples. There are also

solutions combining the use of U-Net and CNN architecture [91]].

1.3.3 Feature selection

Although most work on ophthalmic applications today focuses on image
analysis, there are also some applications that rely on numerical values.
These numerical values may be the format in which the instrument collects
the data (visual fields) or they could represent features that are extracted from
images and classification is carried out on their basis, as has already been
discussed above in the classification section. At the same time, it should
be remembered that if the number of features is too large and the number
of learning objects (i.e., the size of the dataset) is small, it may adversely
affect the final result of the ML algorithm. For this purpose, feature selection
methods are used to select the optimal subspace of features. For example,
in [92] to perform the task of classifying subjects with open-angle glaucoma
into four groups of different optic disc morphology, the Minimum Redun-
dancy Maximum Relevance (mRMR) [93] with SVM and Naive-Bayes
algorithms were used for feature selection. The same method, mRMR, has
been used to improve the glaucoma detection alone [94]. Genetic algorithms

have also found application, not as the main method but as a single step in the
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classification of glaucoma [95]]. Another solution is proposed for the assess-
ment of the angle-closure glaucoma mechanisms [96]]. There, for feature
selection, various algorithms are used to rank the features, and then, a feature
selection is done using the Rank Combination method. Results indicate that
the combination of ranks from different algorithms allows for improving the
final quality of the classifier (in this case AdaBoost) compared to the results
of single feature selection algorithms. Additionally, some works combine
feature selection with DL. In [97], for the detection of diabetic retinopathy,
a combination of two algorithms was used. Initially, features are extracted
from the image based on preprocessing. Then a new algorithm, named Mod-
ified Gear and Steering-based Rider Optimization Algorithm, is proposed
and used to select the optimal features. At the end of this proposed method,
a deep belief network [98] is used for detection. The results show that the
combination of the two methods significantly improves the accuracy of the
detection. Although the works using feature selection in ophthalmology
are not very popular, the ones that have been presented show that this is
a very important issue when it comes to classification and the use of these
algorithms allows one to improve the quality of models without the need to

provide new data, that in many cases are limited.



Chapter 2

Research summary

In this chapter, the research that was carried out during the Ph.D. will be pre-
sented. Although these studies concern various problems in ophthalmology,
such as the classification of glaucoma or segmentation of retinal structures,
they have one thing in common: low-data regime. The small set of available
data shaped the proposed final algorithms used to solve the image analysis
task. Different methods for dealing with the low-data regime are tested
and the effectiveness of the methods on such datasets is demonstrated. Ac-
cording to the convection used in the Introduction section, this chapter is
divided according to the main task of the algorithm, which included: classi-
fication, segmentation, feature selection, and a general method of dealing
with the low-data regime. The main purpose of these studies was, above
all, to demonstrate that even on a small local dataset it is possible to build

a high-quality model to support the diagnosis of eye diseases.

2.1 Glaucoma classification

During the early stage of the doctorate, it was decided to start the research
with the classification of primary open-angle glaucoma (POAG) based
on image data. Before commencing the study, mainly fundus camera images
or OCT scans were used for this purpose (considering the available litera-

ture). However, when scanning with certain OCT models, in addition to the
37
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cross-sectional OCT scans, SLO images are also captured. These images
show a ‘front-on’ image of the back of the eye, the retina, and are centered
around the optic nerve. SLOs are mainly used for image positioning and to
facilitate follow-up examinations. Fig. shows an example of OCT out-
put. The images considered here are acquired by a spectral domain OCT
instrument from Spectralis (Heidelberg Engineering, Heidelberg, Germany).
On the left side of the figure, the SLO image with a green arrow pointing
to where the OCT scan is captured on the eye (right side). In a situation
where the task is to support the diagnosis of some diseases, the final quality
of the ML model and its reliability are of great importance. Therefore,
it is important to use all the available data that contains relevant information
about the particular disease. For that reason, the study focused on ascer-
taining whether these SLO images contain sufficient information to support
the diagnosis of POAG. A substantial part of this research was published
in [2]]. It is worth noting, that at the time of writing this dissertation, there
were already applications of SLO images in supporting the detection of eye
diseases, for example in multimodal solutions [[70]. However, the research
carried out in this dissertation uses only SLO images to directly indicate

their usefulness in supporting diagnostics.

2.1.1 Dataset and preprocessing

A retrospective local dataset, which was collected during another study
[99], was utilized. Each person participating in the study was asked for
written consent. The division into disease groups was performed by an
experienced ophthalmologist. The available database contains the SLO
images for the control group and the POAG group, as well as OCT scans
and values of various biomarkers that were collected for accurate diagnosis
such as retinal nerve fiber layer (RNFL) thickness. As for the SLO part,
the dataset contains 227 images, each from a different subject (122 control
group, 105 POAG), which means that the available dataset, even though
it is small, is rather balanced, which allows avoiding additional problems

while training the model.
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Figure 2.1: Example of the OCT output. On the left side, there is an SLO image
with a green box centered on the optic nerve and a green arrow that indicates a place
where an actual OCT scan is taken. The OCT scan is shown on the right side.

Figure 2.2: Examples of SLO images of a subject from the control group (left),
and from the POAG group (right).

Fig.[2.2] presents sample images that were created by cropping the origi-
nal SLO images from the OCT output to the place where the green rectangle
(see Fig. @) that is cantered on the optic nerve head (ONH). On the left side,
there is an image from a subject from the control group and on the right side
is an image from a subject from the POAG group. The final size of the single
image is 156 x 238 pixels. Additionally, in the preprocessing step, the pixel
values in the images have been normalized by dividing the grayscale in-

tensity value by 255, so that they fall within the range of 0 — 1. Mean
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Figure 2.3: An average pixel count in a particular image intensity interval for both
considered groups (control and POAG).

value of the normalized image intensity is 0.430 4+ 0.083 and 0.462 + 0.082
for control and POAG groups, respectively. Median values present similar
characteristics, and they are 0.434 £0.096 and 0.470 = 0.094, respectively.
The distribution of these pixel values for both groups under consideration is
shown in Fig. it is an average pixel count in a particular image intensity
interval. The average is calculated from all images in the group. The in-
tensity interval was divided into 25 bins. A slight, statistically significant
(Mann—Whitney U test, p = 0.005) shift of the POAG group from the con-
trol group can be observed, but in most cases, these values overlap, which
makes it infeasible to distinguish between groups based on their intensity
values alone.

Additionally, texture properties calculated based on the gray-level co-
occurrence matrix (GLCM) could be utilized to distinguish two groups
of images [100]]. In this work, six such measures are considered, including,
contrast, dissimilarity, homogeneity, angular second moment (ASM), en-
ergy, and correlation. The relationships between all possible combinations
of these parameters are shown in Fig. As one can see, the distributions

of points for both groups overlap to some extent for all of these relationships.
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Therefore, the classification based on these texture parameters may not yield
good performance. Because the classic extraction of features from images
does not allow for high-quality classifications (the results will be presented
in more detail in the next section), it was decided to use DL.

Furthermore, to avoid dividing the dataset into three groups (i.e., training
set, validation set, and test set), the k-fold cross-validation technique was
used, which additionally allows to better define the final parameterized
quality of the model together with its standard deviation (which is not
possible when testing on a single test set). This technique was used in all
considered methods for k equals 5 and 10, and the results include the mean

and standard deviation.

2.1.2 Methods

In this part of the research project, it was decided to use one of the DL
methods, which is particularly often applied to image data tasks. The
selection process will be discussed later in this section. However, due to
the desire to test also various other standard ML methods, it was decided to
construct and then compare their performance on SLO data. First, a classifier
trained using the RNFL thickness parameter was assessed. The RNFL
thickness is commonly used in the clinical diagnosis of glaucoma because
it has been shown to change with the progression of the disease [101-
103]]. In this work, seven different mean values for this parameter could
be used: six measured in separate sectors of the retina and their average
value [79]. However, during a preliminary test, this average value was
proven to be redundant as it did not improve the classification results. Hence
it was omitted in further analysis. All the standard ML algorithms presented
in the Introduction (MLP, GNB, DT, k-NN, and SVM) were trained based
on sector values of RNFL thickness.

Then, the classical approach, presented earlier in the application section,
was tested, which is the extraction of features from the image and the subse-
quent classification of these features using a standard ML algorithm. Various
features were considered and compared in this assessment. Initially, all im-

age pixels were used, each as a separate feature. Then a vector consisting
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of the averaged image, both over the columns and the rows, was used
as the feature vector. The more commonly used parameters, such as texture
ones extracted using the GLCM, as well as the components from the PCA,
were then processed and used. After performing the preliminary experiment,
only dissimilarity and contrast were selected from the GLCM parameters
to be used in this study as the best results were obtained with their use. To
apply PCA, the input image was flattened into a vector, and then a 99%
of the explained variance was used. In this part, based on the initial tests
and knowledge of ML algorithms, it was decided to use only the SVM
algorithm, which shows good results while working with image data. Ad-
ditionally, an SVM classifier trained on combined components from PCA
and parameters from GLCM was also considered.

Another solution considered in this analysis was convolutional networks.
The final method used was created incrementally based on the results ob-
tained during preliminary testing. It began with the use of popular convolu-
tional network architectures based on their results on the ImageNet [104]]
dataset. Due to the value of top-1 accuracyE] and a relatively small number
of parameters, it was decided to start with Inception-v3 architecture [1035]].
This model was chosen because of the relatively small number of parameters
while maintaining a good performance (on the ImageNet dataset). Prelim-
inary research showed a BAC score of 0.689 £ 0.020 with the use of this
architecture on the glaucoma dataset with kK = 5 in the cross-validation tech-
nique. This unsatisfactory performance led to a search for a different solution
that may improve the results. It was decided to use one of the techniques
of dealing with the low-data regime — image augmentation. The principle
of this method was presented earlier in the|1.2|section. Initially, an analysis
of the available image set was performed, and three geometric transforma-
tions, which were logical for the dataset, were selected, including translation,
reflection, and rotation. The next step focused on the experimental selection

of parameters for chosen transformations. The reflection was performed

Top-1 accuracy is a measure counted from the one highest response of the model,
sometimes it is simply referred to as accuracy. When comparing the results on mod-
els trained on the ImageNet dataset, both top-1 and top-5 accuracy are used, therefore
it is distinguished.
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both vertically and horizontally. For translation, it was decided to shift
a maximum of 15% in relation to the entire size (height or width). And
in rotation, a maximum value of up to 50 degrees was used. All these
operations and their specific values in a given epoch were selected randomly.
Then it was decided to use this image augmentation to train the Inception-
v3 network. Significantly improved results were obtained, with a BAC
score value of 0.822 +0.162. However, this value was still not satisfactory,
and the standard deviation was too high, so it was decided to continue look-
ing for a better solution. As mentioned earlier in section, when it is not
possible to enlarge the available dataset, it is worth considering reducing
the complexity of the model. Therefore, a task-specific architecture was
designed (see Fig. [2.9). It consists of five convolutional blocks with an in-
creased number of filters from 8 to 64. After each convolutional operation
batch normalization and ReLu activation function is performed. The fully
connected part consists of two neural layers (dense) with 128 and 2 neurons,
respectively. Additionally, the dropout layer between these two fully con-
nected ones is present with a 0.6 rate to further avoid overfitting. The main
assumption of the proposed architecture was to have as few parameters as
possible so that it could be trained with the relatively small dataset that was
available.

The first tests on the architecture, which is presented above (see Fig. [2.9),
performed with the same image augmentation as before, showed promis-
ing results. They were similar for k equals 5 and 10 and are as follows:
0.905 +0.023, and 0.893 + 0.076, respectively. The benefits of using
the new less complex architecture were noticeable, but it was decided to try
to further improve the results. At this point, the use of ensemble learning was
considered, because it can improve both the final classifier score and the sta-
bility of the results. Due to the small amount of data and the already used
cross-validation technique, a special type of ensemble learning was selected,
which is cross-validation ensemble [106]]. In cross-validation, the dataset is
divided into k equal parts. Then one part of this divided dataset is used for
testing and all other parts are used to train the classifier. After that, another

part is taken as the test set and this procedure is repeated k times. Contrarily,
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Figure 2.5: The schematic view of the proposed CNN architecture. It consists
of different layers: convolution, pooling, activation, normalization, and dense.
ReLu — rectified linear unit, softmax — normalized exponential function, dense —
fully connected neural layer.

in the cross-validation ensemble, non-test parts of the dataset are not fully
combined. For each classifier, different non-test parts are used for validation.
In total £ — 1 classifiers are trained on slightly different datasets. An outline
drawing of the cross-validation ensemble operation is shown in Fig.
The classifiers, at each validation step, combine their answer to get the final
model output. There are a few different types of classifier combination
techniques that could be considered. In this work, two different types were
tested and compared: majority voting (MV) and support accumulation (SA).
Additionally, two versions of these approaches were tested: with and without
weights. In the version with weights, each base classifier has been assigned

a weight according to a validation score obtained during training.
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Figure 2.6: Cross-validation flowchart for k = 5. This operation will be iteratively
repeated for 7 in range 1 to 5.

The last approach considered in this study was to test frequently used
pre-trained convolutional network architectures (pre-trained using ImageNet
dataset). This approach is also known as transfer learning. The previously
selected Inception-v3 architecture was utilized. A modification to this
architecture was added, in which the fully connected part of the model was
removed, which corresponds to two layers with 2048 and 1000 neurons
each, and it was replaced with two fully connected layers with 128 and 2
neurons. Finally, this modified architecture was fine-tuned on the available
data. In this case, a cross-validation ensemble was also used.

All performed experiments were implemented using Python language
(version 3.7.3) with the use of the following software libraries: Keras 2.2.5
with Tensorflow backend and Scikit-learn 0.20.3. For the experiments with
deep learning algorithms, the Adaptive Moment Estimation (Adam) [107]
optimizer was used together with the cross-entropy function as a loss func-

tion. For initialization, the Glorot uniform initializer [[108]] was used both
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for kernel and weights with initial bias equal to zero. The learning rate was
set to 0.001. The algorithm training procedure consisted in training models
for up to 250 epochs. During the training process, for each epoch the current
state of the model, which achieved the best results on the validation set, was
saved. This best final model was recreated and used later in tests. In most

cases, the best model occurs well before the 250 epochs limit.

2.2 Segmentation of Bruch’s membrane open-
ing

Another issue that was investigated in this research was the task of biomedi-
cal image segmentation. The focus here was put on the segmentation of OCT
images. As already mentioned, these scans could be used directly in the clas-
sification tasks, where the algorithm assigns a particular scan to a given
disease group. They could also be used indirectly, to extract the values of key
image biomarkers that can be used by ophthalmologists to make an informed
decision on the diagnosis and monitoring of glaucoma. One group of such
biomarkers that can be determined using OCT scans are anatomical values
extracted from the optic nerve head, particularly the position of the Bruch’s
membrane opening (BMO). This membrane is located at the back of the eye
and extends over it. It adjusts its shape based on changes in the intraocular
pressure [[109]. The opening of this Bruch’s membrane defines the place
where the optic nerve passes through the retina. In the B-scan, this opening
appears as two points that mark the termination of Bruch’s membrane. One
of the parameters that can be extracted from these two termination points is
the sectorial Bruch’s membrane opening, which is defined as the distance
between the two points. Other distance parameters can also be determined,
between the termination of BMO and other retinal membranes. For example,
the horizontal rim width, which is calculated as the distance between the ter-
mination of BMO and the internal limiting membrane in the horizontal line,
or the minimum rim width that is calculated as the shortest distance between
this termination and an internal limiting membrane. These biomarkers are

becoming more popular to support the diagnosis of glaucoma [79, 110,111,
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and in addition, they may also be useful in the early detection of changes
caused by this disease [[112]. However, a manual delineation of these pa-
rameters is time-consuming, and standard segmentation algorithms (without
the use of ML) may not always be effective when changing, for example,
image exposure or due to a high level of noise. Thus, the motivation for the
work is to overcome some of these issues. This work has been described
in detail in [1]]. There are two main goals in this task, firstly to perform
the segmentation task with the lowest possible error values, and second,
to check the different OCT scan segmentation methods currently in use
and compare which of these methods achieves the best performance. Par-
ticular attention is paid to understanding the effect that input data size has
on the performance of the deep learning algorithm. Thus, exploring whether
using the entire image at once or dividing it into smaller parts can be used

as a strategy to obtain a better result.

2.2.1 Dataset and preprocessing

This study used data from the same dataset as previously in the glaucoma
classification task (data from a retrospective, comparative study [99]]). In this
case, the dataset used was not limited to only two groups (the control group
and the POAG group), but the entire dataset was used, even that coming
from subjects suspected of having glaucoma. This data selection, motivated
by the fact that the disease group should not affect the quality of BMO
determination itself, and even the diversity of data may have a positive
effect on the final result of the trained model. In total, data from 325
subjects were used. For each of them, one eye was randomly selected for
analysis. For the segmentation study, SLO images were not considered, but
the focus was solely on OCT scans. Each OCT examination for each subject,
consists of a volumetric scan, comprise of a total of 49 horizontal scans (B-
scans). The position, where the scans were taken, is shown in Fig. 2.7 based
on the SLO image. A single cross-sectional scan is grayscale and measures
436 x 384 pixels (height x width). On such single scans, the BMO that
needs to be segmented can be observed. However, not all of the OCT images

may show this BMO structure, because these 49 scans may cover beyond
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Figure 2.7: An example of an SLO image with annotated the places where OCT
scans were taken. Light green lines indicate sixteen middle scans that were used
in all analyses. Dark green ones indicate two additional scans that are used only
in some experiments.

the ONH. Therefore, not all of these 49 scans are used. It was decided to
use mainly the 16 middle scans (in some cases also two additional scans, but
this will be described later). These scans are shown in Fig.[2.7]as light green
lines, where it can be appreciated that the BMO is always visible on all
of them.

A total of 5200 images (16 scans x 325 subjects) were used for the study
(still without counting the two additional scans in some cases). Manually
marked BMO points (two points for each scan) were annotated by an ex-
perienced ophthalmologist for each scan. Due to the type of data (image
+ annotations), it was decided to use supervised methods. The method
of preparing data for further processing is shown in Fig[2.8] At first, a line
1s drawn from the two annotated points through the entire height of the OCT
B-scan (left side). Then, based on the image and these two lines, a mask is
created with two classes, which indicate — outside and inside the BMO (right
side). All pixels that were located inside two BMO termination points with
them included were marked as class 1, whereas all pixels outside — class 0.

These masks will be used as ground truth at a later stage.
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Bruch's Bruch's
membrane membrane

opening opening
termination 1 termination 2

Figure 2.8: Scheme for creating masks from the available data that are later used
for the segmentation task. On the left side, there is an OCT scan with the places
where BMO was annotated are marked with green lines. On the right side, these
annotations are a ready-made mask for further processing with two classes — inside
and outside of BMO.

Ultimately, the dataset consisted of images, and each image is accompa-
nied by a mask indicating the location of the BMO. The next step was to
divide the dataset into the different sets for training, validation, and testing.
It was ensured that scans from one subject are in the same group to avoid
data bias. Initially, the entire set was divided into two subsets: training,
which made 60 percent of the entire set and test, 40 percent (2080 im-
ages). Then the training set was further divided to obtain a set for training
and a second one for validation. Here, the relationship was established at 80
(2495 images) and 20 percent (625 images), respectively. The validation set
was not involved in the training and was only used for training supervision
and model selection. The same type of data division was used when training
all the segmentation methods to avoid bias in the results.

As previously noted, special attention has been paid to understanding
the effect that input data size has on network performance. This means
whether it is better to use the whole image and the appropriate algorithm
for it, or it is better to further divide the image into smaller parts. Three
types of entry into the network were considered. All of them are pre-
sented in Fig. [2.9]
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Figure 2.9: It presents three types of input used in further experiments: single
A-scans, image patches (16 columns from an image) or the whole image.

1. First, it was decided to use a one-dimensional column (A-scan) that
is extracted from the original image (see Fig.[2.9). A label — class 1
or class 0 — was assigned to such a single column, which now becomes
a vector and no longer a 2D image. As it was already mentioned,
in some cases more than 16 middle B-scans were used in order to
complete the segmentation task. In this case, the approach, which will
be called the 3-D approach, is also considered. The 3-D approach
consisted in the fact that instead of using a single B-scan, a 3-D cube
containing this scan and its two adjacent scans was used. So, for
the two extreme scans of these 16, two additional scans were used
— 18 in total to complete the information. In the case of A-scan as
an input, individual columns were not extracted only from one scan
but also from neighboring scans. At the end of this data preparation
process, instead of one A-scan, the algorithm had 3 single A-scans as

input (these A-scans were taken in the same place on the image).

2. Another type of input that was tested was ‘parts from the image’

— patches. The way of creating such patches with images depends
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on the data subset. For the training and validation set, they were
pulled out every 4 A-scans, and their width was 16 columns (or A-
scans), which means that they were overlapping. In this case, as
in the A-scan data, a class was assigned to each such patch. This was
done based on the majority class in a given fragment of the image —
that is, the class to which the most columns belonged. For the test set,
the patches were extracted in every column (or A-scans), which was
justified by the desire to achieve more precise results. For the 3-D
version of this type of input, patches were not taken from a single scan
but also from two additional adjacent scans at the same locations. It is
worth noting here that the final class that was assigned was calculated
based on the middle scan (in the neighboring scans, BMO points could
have been slightly shifted).

3. The last type of input that was considered was the use of the whole
B-scan as an input to the ML algorithm. The whole ground truth
mask was used as a reference here. In the case of the 3-D approach,
as before, 3 scans were taken instead of a single image, but the mask
was still used from the middle scan. Because this scan represented the

one to be segmented.

For all of the considered entry types, data augmentation was applied.
When analyzing the available images, it can be noticed that the vertical
position of the BMO points varies across different scans. Therefore, it was
decided to use vertical data augmentation, which consisted of shifting all
previously presented data (A-scans, image patches, and entire images) ran-
domly up to 90 pixels up or down (about 20 percent of the entire image

height) during training. The value of transformations was set empirically.

2.2.2 Methods

Since each of the types of input is different — vector, image patch, en-
tire image — it was decided to use a different, appropriate algorithm for
each of them, the performence of which was also assessed at the same

time. As DL is gaining more and more popularity as a tool for segmenta-
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Figure 2.10: The DNN architecture overview with the numbers of neuron in each
layer.

tion (see Introduction), it is this type of ML that has been decided to focus
on. Three algorithms, which accounted for the different data sizes, were
implemented and compared. It is important, however, that each of these al-
gorithms, although it will receive a different type of data, trains on the same

dataset, so it is possible to compare their performance.

1. At the very beginning, a popular algorithm was used for data com-
posed of many vectors of values from A-scans, which, depending
on the number of hidden layers, can be considered both as an ML
algorithm — with one hidden layer, and a DL algorithm — when there
are more layers. In the case when it has only one hidden layer, it is
often called Artificial Neural Network (ANN), and if more — DNN.
The idea to use this type of algorithm to image data came from a lit-
erature review. The model architecture was adopted from a previous
study that used A-scan for classification purposes [113]] and it is pre-
sented in Fig.[2.10] For the 3-D approach of this method, each A-scan
is processed by a separate DNN model, and outputs of these mod-

els are combined with the average layer, which provides the final
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Figure 2.11: The DNN architecture overview for the 3-D approach of considered
method. The number of first layer corresponds to the number of pixel in each
column, thus to the size of data vector.

response. This cumulative architecture is shown in Fig. [2.11]and it
is a single model that consists of a total of three connected models

of the previously depicted architecture.

2. The patches extracted from B-scans represent a different data type
and, thus a different DL technique should be considered. Since the
data type is an image, the CNN algorithm is utilized here. As with
the previous method, implemented architecture here was adapted from
the work that also considered the task of segmenting OCT scans for
ophthalmic applications [7/]]. This architecture is shown in Fig.
Additionally, this architecture has also been tested for the 3-D version.
In the case of this particular architecture, this adaptation consisted
only in changing the size of the received image at the input — from

one channel to three channels.

3. The last DL technique that was implemented, for the entire image,
was an FCN. This type of network is frequently used in the semantic
segmentation task, especially in medical applications. In semantic

segmentation, each pixel in an image is classified into a specific class,



2.2. SEGMENTATION OF BRUCH’S MEMBRANE OPENING 55

A1 block input image

/

y

[

2D convolution with F filters, ] R .. [ average pooling 5x5 ]

kernel AxB

[ Al block, F=64, A=7, B=3 ]

2D convolution with F filters, [ dense 1024 ]
kernel AxB \‘/
[ maximum pooling 4x1 ]
[ dense 1024 ]
[ batch normalization + ReLU ] \J{
[ Al block, F=128, A=7, B=3 ]
[ dense 2 ]
[ maximum pooling 4x1 ] \|/
[ softmax ]
[ A1 block, F=256, A=7, B=3 ] \l’

model output

v

[ maximum pooling 2x2 ]

[ Al block, F=512, A=7, B=3 ]

]

[ maximum pooling 2x2

Figure 2.12: The CNN model architecture for image patches extracted from a B-
scan. The architecture was adapted from [/7].

based on a ground truth provided. One of the most commonly used
types of FCN, the U-Net architecture, was implemented [41]]. Details
of the used architecture are shown in Fig. [2.13] To make five pooling
operations possible, appropriate padding was added to the original
image (zero padding 38 x 0 — one dimension only). This padding
was removed at the end of the network, using a cropping operation,
so the size of the output mask matches the size of the original im-
age. This operation made a comparison between the ground truth
mask and the output of the network possible. The 3-D version of this
method, similar to the CNN network, did not require any changes
in the network architecture. The only change is the number of channels
that were entered as the input image. Each such channel represents
an adjacent B-scan. The output of this network, both in the standard
version and in the 3-D version, were segmented masks. However,
in the case of the two previously used methods, all pixels that be-
longed to the same column were assigned to the same class because

they only operated on entire columns. With this method, the output
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prediction map could contain columns where pixels were assigned to
different classes. Therefore, it was decided to apply an additional post-
processing step. It consisted in computing the mean value in a given
column (keeping in mind that only classes 0 — outside of BMO and 1
— inside of BMO, are available). Then it was checked whether this
mean was greater than 0.5. If so, class 1 was assigned to all pixels
that were in such a column, otherwise class 0.

As there are also works showing modified versions of the U-Net ar-
chitecture with promising results, it was decided to test some of its
modifications as well. Three such modifications were considered.
The first one was a standard architecture with residual learning in-
corporated into the network [39], which will be later referred to as
Residual. The second one was a modification of a standard version
by using additional squeeze-excitation blocks [[114]], this will be called
SE in short. And the last one considered here, had a bottleneck mod-
ification with a RNN layer [|115]]. For this method, instead of using
RNN layers, CNN-LSTM layers were utilized [116].

For all of the experiments, the Adam optimizer was used together with
the cross-entropy as a loss function. The learning rate for training was em-
pirically set to 0.001. The algorithm training procedure consisted in training
models up to 30 epochs. This value was determined empirically during
experiments based on a loss function trajectory. The process of training was
similar to the one from a classification study and consisted in iteratively
saving the model that achieved the best results on the validation set during
training. The last saved model was then used in the evaluation process.
The batch size used during experiments was different for different methods.
For the segmentation using DNN and CNN the batch size was set to 100
A-scans/image patches respectively, while for the FCN it was set to 5 im-
ages. To obtain the most reliable results, it was decided to train each method
three times and the means and standard deviations of each of them were
compared. It is worth noting here that with each training, the models were
initialized from the beginning (i.e., from the scratch), without information

from previous training sessions. All performed experiments were imple-
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Figure 2.13: Schematic view of the U-Net like architecture used in this study.

mented using Python language (version 3.6.4) with the use of the following

software libraries: Keras 2.2.4 with Tensorflow backend and Scikit-learn
0.22.2, Scipy 1.1.0, Tensorflow 1.14.0, and Numpy 1.10.0.
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Figure 2.14: Overview drawing for post-processing step. On the left, there is
the unprocessed mask with marked places used for processing. On the right side,
there is the output mask after post-processing.

Post-processing

The result of all the methods presented before provide output probability
masks where each column has a class assigned, inside the BMO and outside
the BMO. For the final result of each method, it was assumed that an entire
group of columns that represent the BMO have the same value. Hence, it
was necessary to add a post-processing step that would allow the correct
calculation of the metrics for comparison. A universal procedure was devel-
oped, since sometimes individual columns that belong to class O were inside
the BMO and vice versa, while sometimes individual columns assigned to
class 1 were outside the BMO. This led to more than one block with class 1
(i.e., BMO) on one probability map, which caused problems in determining
the true position of termination points of the Bruch’s membrane (which will
be defined as BMO1 and BMO?2). So the following post-processing step
was added to determine the exact positions of the opening (see Fig. [2.14).
The pseudocode of this process is shown in algorithm|[I] After searching for
BMO1 and BMO?2 items, a new mask is created which assigns all columns
on the left side of BMOI and the right side of BMO2 to class 0, and all those
that were between BMO1 and BMO?2 — class 1 (see right side of Fig.[2.14).
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Algorithm 1: Pseudocode for the post-processing algorithm
used.

Input: X as an 2-D array which represents probability masks

Output: The location of termination points of Bruch’s membrane —
BMO1 and BMO2

[ := number of columns in X;

BMOI :=0;
BMO?2 :=0;
gap_width = 0;

temporary_gap _width = 0;
fori:=11tldo

label := the label of ith column;
if label = 1 and BMOI = 0 and i > 50 then
| BMOI :=i;
end
end
for i := BMOI to [l do

label := the label of ith column;

if BMO1 # 0 & label = 0 then
gap :=0;
if BMO2 # 0 then
| BMO2 :=1i;
end
while label = 0 do
gap :=gap + I;
label := the label of ith column;
end
end
else if label = 1;
& BMOI #0 & BMO2 # 0 then
temporary_gap -width := 0;
while labell = 1 do
temporary_gap width := temporary_gap width + 1;
ir=i+1;
label := the label of ith column;

end
end
Ise if gap # 0 & temporary_gap width # 0 then
if temporary_gap _width > gap then
| BMOI =i;
end
end
end

[«]
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2.3 Dealing with the curse of dimensionality —

feature selection

In a clinical context, the classification of a patient into a particular group
of eye diseases is not typically made using only medical images. Before the
extensive use of image data for the ML classification task in ophthalmology,
the most popular method was classification by numerical data (still very
popular). In the case of diseases, these are usually key biomarkers that
change as the disease progresses and are used to inform clinical decisions.
These values are collected during patient diagnosis by ophthalmologists.
In clinical practice, the physician can make a diagnosis based on these
biomarkers and the subjective assessment of the images. Therefore, it was
decided to use these biomarkers (excluding images) to perform classification
using standard classifiers as described in the Introduction. Unfortunately,
in the case of glaucoma, the potential number of available biomarkers is
substantial. For example, in the dataset used in this study, there are as many
as 48 different biomarkers for each patient. Therefore, to achieve good
results in classifying these parameters, the best solution is to have a large
set of training data. In the medical field, this is not always feasible, for
example, when the disease is not that common, it is not always possible to
get a large number of subjects in this group. In these kinds of situations,
the a curse of dimensionality occurs, which was described in the first chapter.
Therefore, the main challenge here was to propose a new method for dealing
with a curse of dimensionality without the information lost, so without
features rejection in the process. The considered task is a classification
of three groups of glaucoma patients, which include, the control group —
subjects without glaucoma, POAG group — subjects with primary open-angle
glaucoma diagnosed, and, the glaucoma suspects group — subjects that are
suspected of having glaucoma in the feature. This last group is the one that
is the most difficult to classify and interpret since patients that belong to this
group do not have glaucoma yet, but there were assigned to this group based

on the glaucomatous optic disk appearance.
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The purpose of this part of the study was to propose a method for
feature selection without any feature rejection for the small datasets, as well
as a method that can accelerate learning because it can operate using only

small parts of the dataset for each base classifier.

2.3.1 Dataset

The dataset that was utilized here is a numerical one and contains values from
211 subjects, evenly divided into three groups (69 subjects from the control
group, 70 from a POAG one, and 72 glaucoma suspects). For each subject,
as mentioned before, there are 48 features, which include, among others,
the value of intraocular pressure, parameters that describe the morphology
of the optic disc, and biomarkers that are extracted from OCT B-scan —
retinal nerve fiber layer thicknesses. All of these biomarkers were collected
during standard glaucoma diagnosis. A subject was assigned to the partic-
ular group by an experienced ophthalmologist based on biomarker values
and subjective analysis of eye images. More details about the utilized dataset
can be found in [[117]. Additionally, all features were standardized using
StandardScaler function from the scikit-learn package [|118]]. This function
was fitted to the training set and then all features were transformed.

Taking into account the low-data regime operation, to avoid the addi-
tional division of the dataset into three groups and to improve the overall
validation process, a 5-fold cross-validation was used for all experiments

which was repeated 5 times.

2.3.2 Methods

According to the knowledge presented in the introduction, the methods
of selecting features can be divided into two main groups. In the first one,
some features that are least correlated with a given problem are rejected
in order to improve the quality of a given classification. As in this work,
it was decided not to reject any information that is typically used by oph-
thalmologists in the decision process, the focus was on the second group

of feature selection methods. That is, using a classifier ensemble to train
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each base classifier from a different subset of the entire feature space, which
will minimize feature rejection, and possibly completely resolve it. Con-
sequently, the purpose of this study was to propose a method of subsets
extraction that would be done at the same time as the classifier ensemble
would be created. In contrast to Random Subspace, the extraction, or draw-
ing of subsets from the feature space, is not random. In other words, each
feature in the feature space will not be drawn to a specific subspace with
the same probability. To increase the probability of drawing more correlated
features, the F-value from the analysis of variance (ANOVA) test was used
here. For each feature, a single F-value is calculated, and then, a set of these
values is transformed so that it can be considered as a discrete probability
distribution. In order to do that, each F-value was divided by the sum calcu-
lated based on the entire set which results in a vector whose sum is equal to
1. After creating this probability vector, a function is called which uses this
vector, and draws the given number of features, taking into account the given
probability. In this way, it was possible to increase the probability of draw-
ing features with higher F-value into a feature subset, but at the same time,
despite the diminished likelihood, without initially discarding any features.
Ultimately, the drawing procedure was repeated as many times as there were
base classifiers in the ensemble so that each of them had a separate training
set. The core of the proposed method is presented in algorithm 2| Addition-
ally, to the process described earlier, in the training process of each base
classifier, a weight was calculated based on the value of balanced accuracy
in the validation step. After the training, a weighted support accumulation is
performed. Weighting, which means, that multiplication of the supports with
the calculated weights is done and then a support accumulation is executed
based on the results of this multiplication. To summarize, the proposed
method is non-randomly drawing a set of subsets from the entire feature
space, and then, based on these subsets a classifier ensemble is trained. With
this approach, there is no feature rejection at the beginning of the training,

and the features that have higher F-value are favored.
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Algorithm 2: The fit function for the proposed method. This

pseudocode come from [3]].
Input: X as an array of training examples with y containing

corresponding labels and n as a subspace size and k as a size
of ensemble
Output: A list of trained base classifier (ensemble)
and corresponding weights
n_features := number of features available in X;
p := the list of F-value for each feature in X obtained from ANOVA;
p = p/sum(p);
f =10, 1, ..., n_features];
classifiers := a list of k base classifiers;

for classifier in classifiers do
ss_indexes := a list of n drawn numbers from f with

the probability of p;

train classifier on all samples from X but only on features with
ss_indexes;

append trained classifier to a list of ensemble;

append weight, calculated as a balance accuracy score for
classifier determined on those training samples, to a weights

list ;

end

The proposed method is universal in the sense that any base classifier
can be selected for it. In this study, four different base classifiers were
evaluated, including MLP, k-NN, SVC, and a specific type of decision tree,
which is a Classification and Regression Tree (CART). The parameters
of the classifiers have been selected empirically and are as follows. For the
MLP, the number of hidden layers was set to 100, the learning rate to 0.001;
for training Adam optimizer and the ReLu activation function were uti-
lized with the number of iterations in single epoch up to 20. In the case
of k-NN, the number of neighbors was set to 5 and leaf size to 30; weights
were initialized uniformly and the Euclidean measure was used. For the

SVC, after preliminary results, a linear kernel was chosen with addition-
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ally enabled probability estimates; the number of iterations was set to 1
with the shape of decision function one vs rest. The CART method was
trained with the Gini impurity criterion and without setting maximum depth;
the minimum number of samples required to split an internal node and to be
at a leaf node was set to 2 and 1, respectively.

Additionally, in order to be able to reliably evaluate the obtained results,
it was also decided to test other commonly used methods for the feature
selection on the same dataset, together with training the models on the entire
feature space. One from each group of feature selection algorithms was cho-
sen. From the first, the algorithm consisted in selecting k most differentiable
features, where k is a parameter of this algorithm, was utilized. To find these
features, the ANOVA test was used and this algorithm will be later referred
to as k-best. From the second group, the Random Subspace algorithm was
selected.

For all considered solutions that operate using feature selection, ex-
periments were performed using different sizes of subspace, from 1 to 48
(selected values from this range were chosen with linear distances from each
other).

2.4 Orthogonal convolutional neural network

The last project of this Ph.D. investigated a general problem that appeared
in all previous studies — small dataset challenge, or in other words - low
data regime. Despite the many existing solutions that are successfully used,
such as data augmentation and transfer learning, among others. The use
of a small dataset in machine learning applications still remains a challenge.
Additionally, the shift toward deep learning models has made working with
small datasets even more difficult. The idea to propose a new advancement
to this field came while reading an interesting work on the orthogonal
convolutional neural networks (OCNN) [119]. Although this study is not
the first or a unique attempt to use orthogonalization in CNN, it was an
inspiration to test the use of these networks for small training datasets.

As CNNs are mostly used in problems based on image-type data, also
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in supporting medical diagnostics, and they require a sufficiently large set
of samples due to the large number of parameters to be trained — very often
their users are faced with the problem of insufficient data. However, even
if this data problem does not occur, typically already trained models have
filters (convolutions layers) that are very similar to one another, which
can lead to redundancy of features that will be extracted. Additionally,
sometimes there is instability while training as well which may be caused
by e.g. exploding or vanishing gradient. These are the problems that
OCNN tries to solve with orthogonalization. An additional advantage of this
particular orthogonalization method is the lack of need to make changes to
the network architecture itself. Obviously, the use of the method involves an
additional computational overhead, but it is not significant and the potential
benefits in performance are worth the trade-off.

There are two main approaches how to use orthogonalization in CNN,
including kernel orthogonality [[120] and orthogonal convolution. In [119]
the second approach is used, which does not require reshaping the input
or output, but connects them with the doubly block-Toeplitz matrix and only
enforces orthogonality to this matrix.

The study shows that classifiers trained using this kind of orthogonaliza-
tion could outperform the ones with kernel orthogonalization. The details
of this orthogonal convolution could be found in the paper, but the main
thing to remember is that in the end, additional regularization loss, which is
named orthogonal regularization loss, is added to the standard loss of the
CNN (see Eq. 2.1)from [119]). In the equation, Lcyy is the standard loss
that is used in the task, for example, softmax, and L, is added orthogonal-
ization loss. o corresponds to a hyperparameter that could be tuned during

the training process.

Lfinal = Leny + ALojp (2 1)

From the experimental findings of the study, the idea was born to check
whether OCNN would also be of benefit for small datasets. The reason
for this was that less similar filters would produce more unique features

and perhaps both the size of the model and the size of the training data
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that would be needed could be reduced. Although the research that is done
here adopts a previously proposed method, the results demonstrate a new
application of this method that shows much greater benefits of using if (for

small datasets).

2.4.1 Dataset

As a dataset for experiments, it was decided to use two kinds of datasets,
which include widely used data for the assessment of image classification
algorithms, the CIFAR-10 dataset, and a medical dataset containing OCT
scans from the posterior part of the eye. CIFAR-10 [[121]] dataset contains
10 classes with 60000 images in total. Each image has a size of 32 x 32
pixels. The dataset is further divided into 50000 training images and 10000
test ones. The second, medical dataset contains a total of 7340 OCT images,
with a number of the internal retinal layers visible and delineated. The main
purpose of the dataset is to enable the training of segmentation algorithms.
This dataset is part of an open access dataset, which is described in detail
in [[122]]. The dataset includes retinal images of subjects with and without
AMD. Together with the image set, there are also ground truth images
with four marked layers. The B-scan size is 512 x 512 pixels. The dataset
is divided into three parts with a ratio of about 60,/20/20 for training (4439

images), validation (1481 images), and test (1420 images), respectively.

2.4.2 Experimental protocol

The whole experiment was designed to compare the results obtained with
the chosen algorithm without any modification (baseline) and then, on the same
dataset and method but adding the orthogonalization. Subsequently, the dataset
was reduced, and the training process was repeated. It is worth noting that
only the size of the training set was changed, while the size of the test
dataset was kept the same throughout the experiments, to the comparison
would be fair. For the CIFAR-10 dataset, nine different sizes of the train-
ing set were selected at 100/50/20/10/5/2/1/0.5/0.2 ratio compared to

the original dataset, where 100 corresponds to the whole original dataset.
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Table 2.1: Details of U-Net architecture utilized in this study. The last filter size
refereed to a number of classes in the problem, which is four due to the number
of retinal layers, which means that each channel will present a single class.

PART

|

|

DETAILS

encoder part

decoder part

convolution block
up-convolution block
double convolution

filter sizes

double convolution followed by four convolution
blocks

four up-convolution blocks followed by a single con-
volution operation

with kernel size equal to one

maximum pooling 2x2 with double convolution
upsample with double convolution

two times repeated sequence of 2-D convolution with
kernel 3x3

followed by batch normalization and ReLLu

64, 128, 256, 512, 512, 256, 128, 64, 64, 4

Table 2.2: Values of parameters in utilized in this study U-Net architecture.

PARAMETER | VALUE
SGD momentum 0.99
learning rate 0.01
number of epochs 20
batch size 1
random seed 42

For the medical dataset, because of the smaller size of the entire set, only

four different sizes were tested, including the whole dataset, 20, 10, 2 percent

of the original dataset.

Additionally, it was also decided to check the results for two different

machine learning tasks: classification and segmentation. The classification
was performed on the CIFAR-10 set with the ResNet-18 as a classifier,

and the segmentation was performed on the OCT scan set using the U-Net
architecture. The details of utilized U-Net is shown in Table 2.1l The model
was trained with the parameters presented in Table For the ResNet-

18 the same architecture and the same parameters as in [119] were used,

without modifications.
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Additionally, for this part of the experiment that simulates a binary
classification problem (with only two classes), several datasets were created
from all possible combinations of two classes in the CIFAR-10 set, and then
algorithm performance based on these sets was checked and compared.
In this case, six different dataset sizes were evaluated at a 100/50/10/5/1/0.5
ratio compared to the original dataset.

Each algorithm was trained three times on each dataset size and the mean
value together with the standard deviation was calculated. All experiments
were performed based on the code provided by the authors of the origi-
nal work E| using Python 3.8.6 and PyTorch 1.10.2 for classification. For
segmentation, the code had to be adapted and a different architecture was

implemented to fit the problem.

Zhttps://github.com/samaonline/Orthogonal-Convolutional-Neural-Networks



Chapter 3

Results and partial conclussions

The following chapter presents all the results obtained from previously de-
scribed studies. The results are organized in the same order as the description
in chapter 2. This means the order is as follows: glaucoma classification,
segmentation of Bruch’s membrane opening, feature selection, and OCNN.
Additionally, for each of the studies, the results are discussed, and a conclu-

sion of the main findings is provided.

3.1 Glaucoma classification

As described in the previous chapter, the glaucoma classification study
consist in the task of classifying two disease groups: control and glaucoma
one — POAG. The classification was performed using a small image dataset
of SLO images, which are not typically used for this classification task.
All experiments were carried out using the k-fold cross-validation technique
(or in the case of the CNN - cross-validation ensemble) for two different
k values: 5 and 10. In order to be able to assess whether differences
in the obtained results are statistically significant, the Wilcoxon test was
used [[123]].

The first part of the experiments considered standard image classification
methods to separate the images into two groups. The results of which

are presented in Table Initially, all standard classifiers were tested
69
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on the RNFL thickness data in which each object has 6 different features
(i.e., thickness values). All of these classifiers achieved a BAC score above
0.700, which placed it higher than the Inception-v3 architecture without any
data augmentation (see Chapter 3). The best performance obtained from
the thickness data as an input was achieved using an SVM classifier (SVC)
with a BAC score of 0.888 +-0.083. Whereas the worst results were obtained
with MLP. All algorithms achieved a similar level of standard deviation, with
relatively high values. The lower part of Table 3.1/ shows the results obtained
with the SVM classifier trained using image data. Both the whole image
and features obtained directly from this image were tested. The results
obtained are lower than those using the RNFL thickness values. The highest
BAC value obtained is 0.786 - 0.043 using a combination of parameters
from GLCM and PCA. However, no method has obtained statistically better
results than the other.

The second part of the experiment shows results from the CNN ap-
proach, in which as an input to the algorithm unprocessed SLO image
is fed. As mentioned in the previous chapter, the Inception-v3 architecture
trained from scratch achieved only 0.698 + 0.020 without data augmenta-
tion and 0.822 £0.162 when using data augmentation. Therefore in this
part of the experiment, transfer learning was also used while training the
Inception-v3 architecture, the results of which can be seen in the upper part
of Table[3.2] This table provides a summary that includes the results for both
the single trained model with the cross-validation technique as well as the
models trained using the cross-validation ensemble, for k equal to 5 and 10.
Considering this architecture, the use of a classifier ensemble positively
influenced the results, resulting in an average improvement of 20%. For
k =5, this improvement is not statistically significant, however, for k = 10
it is. Ultimately, with the help of this architecture and the use of ensemble
learning, it was possible to obtain an SLO image classifier with a BAC
score of 0.945, which is superior to the performance of the RNFL thick-
ness classifier. In this work, also an additional experiment was performed,
which involved the use of a custom-made, task-specific architecture that

was characterized by a smaller number of parameters within the network.
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Table 3.1: Results obtained from two experiments using approaches that do not
involve deep learning techniques. The first part shows mean values and standard de-
viations of balanced accuracy across the five considered techniques using the SVM
classifier based on: (1) whole image as a vector, (2) averaged image over columns
and rows, (3) GLCM parameters, (4) PCA results from an image, and (5) the
combination of the PCA results and the GLCM parameters. The second part of the
table presents mean values and standard deviations of balanced accuracy across
the five considered machine learning algorithms trained based on RNFL thickness.
The number below the balanced accuracy value shows to which model, the model
that this BAC belongs to obtained statistically significantly better performance
(Wilcoxon test, o = 0.05) (considering only the given data).

utilized k
data
MLP KNN SVC DTC GNB
model
RNEL 1 2 3 4 5
thick 5 0.721+ 0.886+t 0.880+ 0.861+ 0.886=+
1CKkness 0.063 0065 0073 0058  0.065
values - ) | | |
10 0.749+ 0.881f 0.894+ 0913+ 0.888+
0.104 0.086 0.093 0.075 0.083
— 1 1 1 1
WHOLE AVERAGED GLCM
GLCM PCA
method IMAGE IMAGE + PCA
1 2 3 4 5
image 5 0.770+= 0.734+ 0.694+ 0.768 0.786 %
0.047 0.088 0.108 0.047 0.043
10 0.777+ 0.755+£ 0.695+ 0.760+ 0.770%+
0.083 0.098 0.119 0.067 0.074

This architecture was trained without the use of transfer learning and the
results are presented in the lower part of Table [3.2] The use of ensemble
learning improved the results by about 30%. The best score is obtained
with the use of a cross-validation ensemble, with k set to 5-fold and regular
majority voting, which provide a mean BAC value of 0.962. With a task-
specific architecture, only this best model achieved statistically significantly
better results than a single model and ensemble classifier with the support

accumulation. Comparing these two different architectures, it can be seen
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Table 3.2: Results obtained from experiments involving CNN algorithm. The first
part (top) shows mean values and standard deviations of balanced accuracy using
modified Inception-v3 architecture and different DL approaches. The second part
(bottom) presents also mean values with standard deviations of balanced accuracy
across different DL approaches but using a task-specific architecture. The number
below the balanced accuracy value shows to which model, the model that this BAC
belongs to obtained statistically significantly better performance (Wilcoxon test,
o = 0.05) (considering only the given data).

hitect K single ensemble
architecture model methods
majority support
voting accumulation
regular  weighted regular  weighted
1 2 3 4 5
5 0.909+ 0945+ 0926+ 0.930+ 0.930+
. 0.044 0.042 0.055 0.050 0.050
Inception-v3
10 0.877+ 0.920£ 0920+ 0.920£ 0.920+
0.058 0.050 0.050 0.050 0.050
— 1 1 1 1
1 2 3 4 5
5 0905+ 0962+ 0930+ 0.931+ 0.931=%
. 0.023 0.016 0.028 0.015 0.015
task-specific B 145 - B B
10 0.893+ 0.930+ 0930+ 0.930+ 0.930+
0.076 0.070 0.070 0.070 0.070

that in most cases (except for one single model) the use of a smaller archi-
tecture allowed for better results, and training time was also shorter (due to
fewer parameters and no need to pre-trained on the ImageNet dataset).
Additionally, for the task-specific architecture, because of the superior
results, it was decided to calculate some additional metrics to analyze
the performance in more detail (see Table [3.3). Those metrics include
all parameters from the confusion matrix as well as sensitivity and specificity.
Similar to the BAC, these results also confirm that single models perform
worse than the ones using a classifier ensemble. Additionally, all models
obtained high sensitivity which indicates the ability of a model to correctly

identify a disease class, which was one of the main motivations of this study.
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Table 3.3: Mean values of the confusion matrix parameters along with sensitivity
and specificity across different DL approaches based on SLO images using task-
specific architecture, where SEN — sensitivity and SPE — specificity.

k || method TN FP FN TP SEN SPE

single model 21.6 2.8 1.6 194 0924 0.885
MY regular 227 1.7 0.0 21.0 1.000 0.930
5 weighted 22.6 1.8 1.4 196 0933 0.926

regular  22.4 2.0 1.2 19.8 0943 0.918
weighted 22.4 2.0 1.2 19.8 0943 0918

single model 11.0 1.2 1.2 9.3 0.886  0.902
MV regular  11.2 1.0 0.6 99 0943 00918
10 weighted 11.2 1.0 0.6 99 0943 00918

regular  11.2 1.0 0.6 9.9 0.943 0918
weighted 11.2 1.0 0.6 9.9 0.943 0918

SA

SA

The results obtained in this study demonstrate that the SLO images con-
tain sufficient information to support the diagnosis of glaucoma. These SLO
images could be used independently or combined with another imaging
modalities (e.g. OCT scans) to support the clinical diagnosis of glaucoma.
It is interesting to observed that, the performance obtained while classify-
ing these images exceed the results obtained while using RNFL thickness
biomarkers. In addition, despite the use of a small dataset, it was possi-
ble to achieve over 96 percent accuracy. However, there is a clear need
to use techniques to deal with a low-data regime such as transfer learning,
and smaller ‘custom’ architectures that are more suitable for a small dataset,

thus improving the performance.
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3.2 Segmentation of Bruch’s membrane open-

ing

In this part of the study, the task of segmenting BMO was performed.
The experiments aim to accomplish two goals, the first was to carry out
segmentation with the highest possible precision, and the second — to find
out which type of input data and corresponding algorithms would be best
for this particular task. All the approaches that were tested and compared
had the same dataset provided, which include OCT B-scans together with
the ground truth marking the BMO region. The only thing that distinguished
these approaches was how the data was passed to the algorithm, which in-
cluded passing separately individual columns from images, a set of columns
(image patches), and a whole image. The output for all models is a mask
that represents the location of the BMO. The map would typically have
a background area (class 0) on the side of the image and a single BMO block
(class 1) at the center of the image. From this BMO block, the two BMOs
points can be extracted. Based on these masks, similarity metrics such as
DSC, JSC, and ACC were calculated (see Introduction). Each model was
trained three times; therefore, the presented results are the average with their
corresponding standard deviation. Additionally, to compare the obtained
results from DL models, inter-grader annotation was performed, and the
results based on that are presented.

Table [3.4] presents the results obtained with these segmentation metrics.
The order of results is from the smallest input size to the largest. For the
method, that involved an A-scan from the image the best results are obtained
with the 3-D version of it, with a pixel ACC equal to 0.974 +0.008. The data
augmentation did not improve the ACC and this could be caused by the
lack of convolutional layers in the chosen architecture. The second method,
which includes image patches with a CNN architecture, achieved the best
performance for both the 2-D and 3-D approaches with the use of data
augmentation with ACC equal to 0.989 0.001. This method obtained
better results in each experiment and a lower standard deviation while com-

pared to the method using single columns from images. The 3-D approach
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Table 3.4: Mean values together with standard deviations of the similarity metrics
and results from inter-grader annotations. DA indicates data augmentation.

method || input size (pixels) DA ACC  SDC JsC

inter-grader 436 x 384 x 1 no 0.975 0.952 0.984
436 x 1 x 1 no 0.964+ 0949+ 0910+
0.003 0.005 0.006
DNN model 436 x 1 x 1 yes 0960+ 0945+ 0.903+
with A-scan 0.003 0.004 0.006
as input 436 x 1 x3 no 0973+ 0953+ 0.925+
0.008 0.027 0.025
436 x 1x3 yes 0963+ 0939+ 0.902+
0.010 0.025 0.026
436 x 16 x 1 no 0.984+ 0977+ 0.956+%
0.007 0.002 0.021
CNN model 436 x 16 x 1 yes 0.989+ 0984+ 0.969+
with 0.007 0.002 0.004
image patches 436 x 16 x 3 no 0.987+ 0981+ 0.964+
as input 0.001 0.002 0.003
436 x 16 X 3 yes 0.989+ 0984+ 0968+
0.000 0.000 0.001
436 x 384 x 1 no 0993+ 0989+ 0.979+
0.000 0.001 0.001
FCN model 436 x 384 x 1 yes 0.994+ 0992+ 0983+
with 0.000 0.000 0.001
whole image 436 x 384 x3 no 0.989+ 0.983+ 0.968+%
as input 0.001 0.002 0.004
436 x 384 x3 yes 0.990+ 0985+ 0971+£
0.000 0.001 0.001

improved results only when the model was trained without data augmenta-
tion, with a small improvement of 3%. When using data augmentation no
improvement in the results for the 3-D approach was observed. The third
and final method, which used the whole image as an input to the network,
achieved better results than the two previous ones, with the best pixel ACC
score of 0.994 +0.000 from the 2-D approach with data augmentation. The
3-D approach results in lower scores in the case of this method, which
proved that these additional scans did not provide supporting information
for the U-Net architecture.

To further present how the various DL algorithms dealt with the actual
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Table 3.5: Mean values together with standard deviations of the distance metrics
and results from inter-grader annotations. DA indicates data augmentation.

method H input size (pixels) DA  MAE RMSE MDAE ME
inter-grader 436 x 384 x 1 no 312 390 250 -0.24

436 x 1 x 1 no 684+ 1433+333+ 1.07+
0.61 225 029 041
DNN model 436 x 1 x 1 yes  7.59+ 14.78+3.33+ 1.61%
with A-scan 0.63 1.11 029 0.27
as input 436 x 1 x3 no 539+ 933+ 3.67+ 2.23+
1.68 628 0.14 2.12
436 x 1 x3 yes  7.19+ 13.26+3.17+ 0.58+
1.84 529 0.14 232
436 x 16 x 1 no 475+ 6.09+ 4.00+£ —-0.35+
024 058 0.00 0.04
CNN model 436 x 16 x 1 yes 4.67+ 6.09£ 4.00x —0.56+
with 024 058 0.00 0.06
image patches 436 x 16 x3 no 255+ 15.10£1.83+ —-0.93+
as input 021 0.12 029 0.27

436 x 16 x 3 yes 225+ 14.824+1.50+ —-0.99+£
0.06 0.11 000 0.12

436 x 384 x 1 no 1.43+ 225+ 1.00 —-0.54=%
0.04 0.010 0.00 0.12

FCN model 436 x 384 x 1 yes 1.15+£ 233+ 1.00&£ —-0.44+

with 0.01 039 0.00 0.13
whole image 436 x 384 x3 no 2.024+ 4344 1.00+ —-0.42+
as input 0.02 1.17 0.00 0.17

436 x 384 x 3 yes 1.87+ 3.49+f 1.00+ —-041=£
0.10 032 000 0.17

estimation of the BMO points, which are the clinically relevant markers,
it was decided to extract these points from the output masks and calculate
the distance metrics. These metrics were calculated based on the difference
between annotations and extracted values and they include mean absolute
error (MAE), root mean square error (RMSE), median absolute error
(MDAE), and mean error (ME). The results obtained with this calculation
are presented in Table [3.5]and they support the conclusions obtained from
the previous analysis. Additionally, based on the RMSE value, it can be seen
that the whole-image method produces the fewest outliers, also showing

MDAE values of around one pixel, which is very low.
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Table 3.6: Mean values together with standard deviations of the distance metrics
and results from inter-grader annotations.

modification || DSC ~ JSC  ACC  MAE RMSE MDAE ME

none 0.992+ 0983+ 0.994+ 1.15+& 233+ 1.00£ —-0.44=+
0.000 0.001 0.000 0.01 0.39 0.00 0.13
residuals 0.986+ 0971+ 0.990+ 2.12+ 3.56+ 1.66+ —1.08=+
0.001 0.001 0.000 0.07 1.01 0.29 0.17

RNN 0.984+ 0970+ 0.990+ 2.29+ 388+ 150+ —-1.00=+
0.001 0.001 0.001 0.01 0.07 0.00 0.19
SE 0.989+ 0973+ 0.990+ 2.17+ 3.73+ 2.00£ —-1.07=%

0.001 0.001 0.001 0.06 2.14 0.00 0.08

Additionally, some modifications to the best model obtained in the first
two experiments were made. These include additional components in the
FCN architecture including Residual, SE, and RNN methods. For more de-
tail see the previous chapter. Results from that are shown in Table[3.6] While
comparing the different modifications to the FCN method, the standard non-
modified architecture achieved the best results. The other architectures
also showed high accuracy with marginally inferior performance. However,
overall, all could be successfully used in this task. Although given the size
of the dataset we cannot confirm this hypothesis, one might suppose that
this small decrease in performance is due to the more complex model having
additional layers/parameters and needing a larger amount of training data.

The last part of this study considers one possible clinical application
of using such a model. From the set of segmented BMO points, the shape
of the ONH can be visualized. This ONH can be used to extract further struc-
tural metrics that may help to track changes due to glaucoma progression.
Knowing that the semantic segmentation in the 2-D version with data aug-
mentation obtains the best ACC, it was decided to use this model in further
analysis. However, the model needed additional training, as previously it had
only been taught on scans where BMO was always present. For this addi-
tional analysis, this model was fine-tuned with additional scans (10 of them
for each training subject) that do not have BMO but only a background
class. Fine-tuned model achieved pixel ACC of 0.9894, which is compara-

ble to previous performance. To evaluate the shape of BMO, each scan from
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the testing set was processed from which two BMO points were extracted
(if present), then all these points were collected together to estimate the
shape of the ONH. For comparison, the manually annotated points were also
used to estimate the ONH shape. Two metrics are used here to evaluate this
algorithm: DSC and the unsigned border positioning error (UBPE). The sec-
ond metric was selected because it is commonly used in other studies that
estimate ONH shape and it is expressed in tm. Without any post-processing,
the model achieved DSC of 0.953 +0.030 and UBPE of 11.4 £51.9um.
Additionally, one post-processing step was tested which consisted in model-
ing of the shape of the BMO with a convex hull algorithm, which results
in 0.959 £0.032 DSC and 9.8 +£31.9um UBPE. The approach with post-
processing obtained better results which shows the advantage of using it.

Additionally, some details about computational time and the number
of trainable parameters in each of these models could be found directly
in the publication []1].

Summarizing the obtained results, it was possible to show that BMO
segmentation using DL algorithms and a small dataset obtains very good
accuracy, with very small error metrics, such as MDAE of 1 pixel which
exceeds the performance obtained by the inter-grader. Additionally, seg-
mentation by FCN, which uses the whole image, has proven to be the most
accurate for this problem. This method also simplifies the data preparation
steps since there is no need to split the data beforehand and the raw data can
be used. This superior performance indicates that for this particular problem,
having access to the whole image (information) is key for the DL method to
provide a more accurate location of the BMO boundaries. In addition, at the
time of performing these tests, the proposed model obtained the highest (in
the authors’ knowledge) results for both DSC and UBPE for determining
the shape of ONH, when compared to previously published studies. That
said these results cannot be compared directly because the studies use dif-
ferent datasets. The findings also show the benefits (improve performance)
when using additional scans or data augmentation, which is relevant for the

low-data regime problems assessed in this project.
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Table 3.7: Mean and standard deviation BAC values for all of the considered
methods based on feature selection for four different base classifiers (MLP, k-NN,
DTC, SVC). The results are presented for different sizes of feature subspace. The
number below the balanced accuracy value shows to which model, the model
that this BAC belongs to obtained statistically significantly superior results (based
on a t-test with non-parametric correction).

Random proposed
sub- k-best Subspace method
¢ || MLP k- DTC SVC MLP k- DTC SVC MLP k DTC SVC
NN NN NN
1 2 3 4 5 6 7 8 9 10 11 12
9 81+ 807+ 794+ 850+ .675+ 721+ 746+ 831+ .686+ .849+ .836+ .872+
062 .056 .052 .057 .048 .063 .065 .059 .029 .064 .054 .055
5,9 5,6, 5,9 3, — — — 5-7, — 5-7, 547, 1-3,
9 5-7, 9 9 9 5-9
9
18 668+ 742+ 782+ .833+ 736+ .723+ .814+ .853+ .786+ .847+ .832+ .868+
.061 .065 .059 .055 .048 +.063 .062 .060 .046 .055 .058 .055
— — 1 1,2, 1 — 1,5, 1-3, 1,2 1,2, 1-3, 1-3,
5,6 6 5,6, 5,6, 5,6 5,6,
9 9 9
30 17+ 694+ 766+ 813+ 712+ 723+ .835+ .859+ .832+ .849+ .819+ .861+
.068 .066 .058 .049 .070 .073 .055 .056 .052 .050 .062 .060
— — — 1,2, — — 1,2, 13, 1,2, 13, 2,5 1-3
5,6 5,6 5,6 5,6 5,6 6 5,6
39 12+ .694+ 764+ 810+ 752+ 723+ 830+ .862+ .840+ .847+ .814+ .853+
.063 .056 .061 .059 .059 .071 .060 .058 .061 .056 .060 .068
— — 2 1,2, — — 1,2, 13, 1,2, 1,2, 1,2 1-3,
6 5,6 5,6 5,6 5,6 5,6
48 616+ .634+ 605+ .681+ 719+ 721+ .833+ .849+ .846+ .852+ .814+ .861+
.043 .061 .055 .066 .042 .066 .054 .054 .052 .052 .059 .069
— — — 1,3 1-3 1,3 1-6 1-6 1-6 1-6 1-6 1-6

3.3 Dealing with the curse of dimensionality —

feature selection

In the course of doctoral studies, not only image classification tasks were
considered. Since ophthalmologists often based their diagnosis on biomarker
values (such as thickness or intraocular pressure) obtained during various
clinical tests, it was decided to also classify such biomarker values using
standard machine learning algorithms. In this study, a total of 48 biomarker
values are available for each participant. And these participants belonged
to three groups, (i) healthy, (ii) glaucoma, and (iii) glaucoma suspects, this
last group represents a real clinical challenge. Because the dataset was

relatively small (around 70 participants per group) and there were many
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Figure 3.1: The relationship between mean BAC score and the size of feature
subspace for all of the considered methods.

features for each participant (48 biomarkers), it was decided to focus not
only on the classification problem itself but also on the methods of selecting
features that would improve the results without rejecting any information.
For comparison, already existing methods were tested, as well as the baseline
— which was a single classifier trained on the entire dataset. BAC was utilized
as a metric to evaluate the performance of the considered methods. Results
of BAC from the baseline experiment for each classifier are as followed:
0.566, 0.493,0.760, and 0.750 for MLP, k-NN, DTC, and SVC, respectively.
To check which method obtained statistically significantly better results,
a t-test with non-parametric correction was employed.

Table presents mean values with standard deviations BAC calcu-
lated across cross-validation folds. The results in the table include all the
considered methods, except baseline, because for this baseline method the
subspace size was kept constant and equal to 48 (maximum feature count).
Comparing the results obtained for the proposed method with the baseline
results, it can be seen that for each subspace size, even for only 9 features,
the proposed one always presents a superior accuracy. Concluding from

the table, it can be noticed that for a subspace size of 18 and above, none
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Table 3.8: Mean and standard deviations BAC values calculated across all base
classifiers for each considered method. The number that is placed below the
balanced accuracy value shows to which model, the model that this BAC belongs
to obtained better and statistically significantly different results (based on a t-test
with non-parametric correction).

Random proposed
sub§p ace k-best Subspace method
size
1 2 3
9 0.808 £0.044 0.743 £0.048 0.811£0.042
2 — 2
18 0.756 £0.044 0.781+£0.043 0.833£0.043
— — 1,2
30 0.748 £0.034 0.782£0.046 0.840£0.046
— — 1,2
39 0.745£0.038 0.792£0.050 0.839£0.049
_ 1 1,2
48 0.634£0.048 0.780+£0.041 0.843 £0.047
— 1 1,2

of the other methods obtained a statistically superior performance to the
proposed one. Additionally, for the lower subspace size only the proposed
method, with an MLP as a base classifier, presents an inferior accuracy.
The rest of the variations of the method show comparable or superior results
to the other feature selection methods. Figure|3.1| presents the same results
in a graphical form, comparing BAC score versus feature subspace size. It
can be observed that BAC remains stable with the proposed method when
changing the feature subspace size. This brings an additional advantage to
the method as there is no need to perform time-consuming hyperparameter
tuning. With a method like k-best, optimizing these hyperparameters is espe-
cially important to get good results. Similar results to the proposed method
are obtained using Random Subspace, but it is worth mentioning here that
the proposed method achieves these results already for much smaller sizes
of selected subspaces, which has the added advantage of speeding up the
learning process.

The mean values of all results from the considered method are presented
in Table They were calculated across all base classifiers. From the

results obtained one can notice the advantage of the proposed method.
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Table 3.9: Mean values together with a standard deviation of BAC calculated
across all considered methods for each of the base classifiers. The number that is
placed below the balanced accuracy value shows to which model, the model that
this BAC belongs to obtained better and statistically significantly different results
(based on a t-test with non-parametric correction).

subspace MLP k-NN DTC SvC
size 1 2 3 4
9 0.714 + 0.793 + 0.793 + 0.851+.051
0.033 0.051 0.044
— 1 1 1,2,3
18 0.730+ 0.771 + 0.809 + 0.852 +
0.035 0.048 0.050 0.050
— — 1,2 1,2
30 0.754 £ 0.755+ 0.803 £ 0.841+
0.044 0.050 0.049 0.053
— — — 1,2
39 0.768 £ 0.755+ 0.803 + 0.841 +
0.051 0.050 0.049 0.053
— — — 1,2
48 0.727 £ 0.735+ 0.751£ 0.797 £
0.034 0.044 0.042 0.048
— — — 1,2,3

For the feature subspace size greater than 9, it obtained statistically better
results than the other ones.

Additionally, to check which base classifier achieves the highest BAC,
the mean value was calculated across all the considered methods (see Ta-
ble[3.9). Results show that SVC is the best choice for this particular problem,
providing a superior BAC value.

To summarize this study, the proposed method presents a superior perfor-
mance in comparison to the available methods of selecting features. Its main
advantage is the fact that it does not discard any information (biomarkers)
at the beginning — reducing or completely removing the rejection of fea-
tures. This method only increases the probability of using features that
better differentiate the classes. With the proposed method, it was possible
to solve the problem under consideration, i.e. the classification of three
glaucoma groups with a BAC equal to 0.872, which is a very promising

performance, especially considering the data includes a group of glaucoma
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suspects, that may develop glaucoma in the future. In addition, the fact
that the changes in accuracy are small over the size of the feature subspace,
training of this method can be accelerated, and the process of optimizing

the number of features does not need to be time-consuming.

3.4 Orthogonal convolutional neural network

The study was to assess whether the use of OCNN can improve the perfor-
mance of the DL method that has been trained on small datasets, and com-
pare the result with larger training sets. This project was divided into two
separate experiments: one for classification with the CIFAR-10 dataset,
and the other one for segmentation with OCT images. For evaluation pur-
poses, the ACC metric was selected. In both experiments, each model was

trained three times, from which mean values are presented here.

3.4.1 C(lassification

Two approaches to the classification of CIFAR-10 datasets were evaluated.
First, using the entire dataset, and second, using all possible combinations
of two classes from the dataset. The second approach was considered be-
cause it could show a different angle of the problem, reducing it to a binary
classification problem. Fig. and |3.3| presents different aspects of the per-
formance for the non-binary approach. In Fig. [3.2] Top-1 ACC from the last
epoch was calculated for each model, and the relationship between ACC
and training set size is shown. The value of ACC for the full dataset is
equal to 92.20 and 92.85, for CNN and OCNN approaches, respectively.
In each plot point, the ACC values obtained using the OCNN model were
higher than the standard CNN. This difference between the method was
more obvious with the smaller dataset size, which supports the concept that
using orthogonalization is particularly useful with the low-data regime. The
largest difference is obtained for the training set size of 10% of the original
dataset, with an ACC difference of 9.3%. Although as expected the ACC
deteriorates for the reduced dataset, this difference between the method is

still evident. In Fig. the training curve for each data size and these two
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Figure 3.2: The relationship between the Top-1 accuracy and the size of the training
set (from CIFAR-10 set). Two architectures are compared: with and without
orthogonalization. The green line represents the OCNN and the black line represent
a standard CNN architecture. Nine different sizes of the training set were extracted
from the original one and evaluated.

approaches is presented, which shows the relationship between validation
ACC for the different training epochs. In most cases, from the very begin-
ning of the training process, an improvement when using the orthogonal
model can be noticed. While the differences in ACC are not so noticeable
with a larger dataset, for reduced ones the OCNN provides a very significant
improvement in the performance of the entire classifier.

The second approach considered training several models using a reduced
dataset that contained only two classes. A combination of all possible two-
classes sets was trained and an average across all combinations is shown.
The results are presented in a similar way to that of the non-binary classifi-
cation. Fig. shows the average from all combinations at given dataset
sizes. Similar to previous results, the difference between the model with
and without orthogonalization is larger for a smaller dataset. More precisely
these differences can be seen in Fig. [3.5] The largest difference can be seen
with a training set size equal to 500 (5% of the original dataset) with a differ-

ence of 22.8%. However, even for a smaller set this difference is substantial
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Figure 3.4: The relationship between the averaged Top-1 accuracy over different
two-classes combinations from the dataset and the size of the training set. Two
architectures are compared: with and without orthogonalization. The green line
represents the OCNN and the black line represents a standard CNN architecture. Six
different sizes of the training set were extracted from the original one and evaluated.

and is equal to 15.7% and 19.6% for 100 and 50 objects in the training
set, respectively. If the smallest tested dataset size (50) is considered, the
standard CNN architecture achieved a random classification performance
of 51.7%, but with the use of orthogonalization this metric rises to 71.3%,

which is no longer a random classification.

3.4.2 Segmentation

Experiments for segmentation were carried out similarly. An original dataset
was randomly reduced into four different sizes, ensuring that each model
is trained with the same dataset. The sizes of training datasets are as
followed: 4439 (entire dataset), 1000, 400, and 100 images. Fig.presents
pixel accuracy that was achieved after the last epoch of training for all
of these dataset sizes. All the results provide a very high ACC with values
above 96%, therefore the differences between the individual methods are
not that substantial. However, for each dataset size, the method using

additional orthogonalization performed better, with the largest difference
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Figure 3.6: The relationship between the pixel accuracy and the size of the training
set. Two architectures are compared: with and without orthogonalization. The
green line represents the orthogonal U-Net (OU-Net) and the black line represents
a standard U-Net architecture. Four different sizes of the training set were extracted
from the original one and evaluated.

between models observed while training with the smaller datasets, 1.6
percent of difference for 25% of the original data and 1.4 percent for about
2.5% of the original dataset. Thus, the results for the segmentation task are
similar to those for the classification task, indicating that the orthogonal
networks achieve a larger improvement in accuracy for the low-data regime.
That said, in Fig. it can be seen that the training curve behaves not the
same as for the classification task. Here, the method with orthogonalization
takes more time (epochs) to reach a good result for dataset sizes 100 and 400
than the method without orthogonalization. However, the orthogonalization
method achieves a higher ACC in the end. It is important to remember that
this is a validation ACC which may not translate directly into testing ACC.

Summarizing these experiments, without focusing on the specific values
of the results, it can be seen that the additional orthogonalization added
to the convolutional networks is useful and improves the results for both
smaller and larger datasets. However, for low-data regime cases, any im-

provement in the accuracy while training on the small dataset is particularly
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Figure 3.7: The relationship between the pixel accuracy and the epoch number.
Two architectures are compared: with and without orthogonalization for four
different sizes of a dataset, each in a separate plot. The size of the used dataset is
shown as a title of a specific plot. The green line represents the orthogonal U-Net
(OU-Net) and the black line represents a standard U-Net architecture.

important. While the orthogonal network shows a performance improvement
while using the entire dataset, the results demonstrate these benefits (accu-
racy improvement) are more significant while training with small datasets.
These conclusions were confirmed by the results for both the classification

task and the segmentation task for the publicly available datasets.






Chapter 4

Conclusions and future directions

This dissertation presents a range of different studies and their correspond-
ing results concerning machine learning and deep learning methods for
the diagnosis of eye diseases. All experiments were carried out in a so-
called low-data regime, which indicates the amount of data available to
train the model is relatively low. Working with small datasets is particularly
challenging, especially in the context of machine learning algorithms that
generally requires a relatively large number of samples. It is worth noting
that typically the performance of machine learning / deep learning problem
is closely related to the number of images used to train the model (i.e., more
data tends to provide superior performance). However, in many situations
collecting the optimal amount of data is not possible and therefore working
with such a limited dataset may be necessary. In many medical applica-
tions, including the ophthalmic applications considered in this thesis, the
available datasets can be often small, but there is still a need for a better
diagnostic tool to be developed and additionally also serve and support
the patients and clinicians that could also benefit from such tools. This
work focuses on eye diseases, however, the presented methods, findings,
and conclusions can be translated into other disciplines and other medical
diagnostic tasks. The study was divided into four main experiments, the first
two experiments focus on two popular machine learning tasks that included

image classification and segmentation in a low-data regime. The other two
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experiments propose, and test solutions aimed at overcoming the problem
of small datasets and making it possible to work on them. They include
classification using additional feature selection methods, and the general
approach to convolutional networks and a low-data regime. A brief summary
of each experiment is provided below.

The first experiment, the classification task, considered the classification
of two groups: a group of people diagnosed with glaucoma and a control
(healthy) group. For this, scanning laser ophthalmoscopy images were uti-
lized, which are typically not used for diagnostics purposes, but its main
utility is to serve as a positioning reference for the OCT imaging. Dur-
ing this experiment, several approaches for handling small datasets were
implemented and tested and the conclusions show that the best solution
is to test different approaches to deal with the low-data regime because there
is no single approach that would work for all cases, as in the case of our data,
a simpler and smaller model architecture with ensemble learning allows for
better results than the well-known pre-trained architecture with fine-tuning.
Additionally, the obtained results show that SLO images contain useful
information that can be used for the diagnosis of glaucoma, and they can
be successfully used in this context, either individually or in conjunction
with other imaging modalities or biomarkers. Thus, adding another possible
source of information for diagnosis.

The second experiment of this research projects concerned the task
of Bruch’s membrane opening segmentation. Two main goals of this ex-
periment were: (i) to perform the segmentation task with the best possible
result and (ii) to understand the impact which input data size (and the corre-
sponding architecture) has on the performance of the network. Additional
information from adjacent scans (3D strategy) and data augmentation was
also tested. The results clearly showed that the U-Net architecture which
provides a fully semantic segmentation obtained the best accuracy in this
task. This network is fed with the whole image and when combined with
data augmentation, obtained a mean absolute error of around 1 pixel for
determining the opening position of the Bruch’s membrane. This superior

performance may be related to the need to have additional contextual in-
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formation (whole image) for the network to make a good prediction on the
Bruch’s membrane opening location. Additionally, procedures such as data
augmentation can further increase the final accuracy of the model. Dividing
the data into smaller parts to feed them into the model during training, as
in the case of the deep neural network (with A-scan) and the convolutional
neural network (with patches) methods, generates a larger training set. How-
ever, in this case, the selection of the appropriate architecture (with the
use of fully convolutional network architecture) allowed for better results.
In the case of other architectures and input data sizes, the positive impact
of information from additional scans on the learning process was noticeable
in the method using A-scans (single columns from B-scans).

The third experiment of the studies concerned the approach to a slightly
different problem of small datasets, which has been called the curse of dimen-
sionality. In this case, the dataset was numerical and composed of different
ocular biomarkers that included values such as retinal thickness and ocular
pressure. The subjects were categorized into three classes: a control group,
a glaucoma group, and a glaucoma suspect group, this last one included
participants suspected to develop glaucoma in the future. Not only is the
training dataset small and includes a challenging group (glaucoma suspects),
but in addition, the number of features for each participant is relatively large
compared to the size of the set (211 participants in total, 48 features each
participant). Given that these features are being used by ophthalmologists
in the diagnosis process, it is assumed that each of these features is im-
portant, and removing some of them during the analysis process may lead
to the loss of potentially important information. Therefore, it was decided
to focus both on the task of classifying data into appropriate groups and to
develop a method for feature selection, which allows the use of most or all
the features while favoring the features that differentiate the classes. The
results showed that the proposed method is superior to all standard feature
selection methods. It was tested with several standard classifiers, which
makes this method a universal preprocessing step that could be adopted

in other studies.
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The fourth and final experiment of the study focused on the use of or-
thogonalization while working with small datasets. Previous work proved
that architecture using this method improves performance with a normal
dataset and, in addition, the filters of trained convolutional layers are less
similar to each other (less redundancy and more diversity). Considering
these benefits of orthogonalization, it was decided to explore the use of this
method to work with small datasets for the classification and segmentation
task. In both tasks, which include classification of the CIFAR-10 dataset
and segmentation of retinal layers, the obtained results proved that the use
of this approach confirmed the previous findings of performance improve-
ment. However, these performance improvements were more significant
with smaller datasets. Therefore, it may be one of the additional approaches
to be used while working with small datasets using convolutional networks.

All the experiments performed in this study proved that it is possible to
work with small sets of medical data. Overall, there is no ’one-size-fits-all’
solution that will work for every low-data regime problem, so it is likely
that different experiments need to be performed to find the right solution
for a given problem. One of the conclusions from the obtained results
is that custom smaller task-specific architectures may perform better than
standard large ones, even if this standard network has been pre-trained
and transfer learning is used. Additionally, the use of orthogonalization,
which is not typically considered in the deep learning problem, seems
to provide a performance improvement for convolutional networks. So, this
regularization method can be also a good strategy for dealing with small
datasets.

The findings of this study constitute a good basis for the further devel-
opment of the research in the future. A natural extension of this research
is the work on a multimodal system that would combine different datasets
and, based on them and the results obtained so far, combine the information
contained in them to more accurately support the diagnosis of eye diseases.
In the case of the last experiment, additional work could be performed to un-
derstand the influence of the o parameter on the results of both classification

and segmentation on small datasets. This o parameter affects how much
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the orthogonal component is weighted within the standard loss function
(i.e., the orthogonal contribution to the loss). Such an experiment would
be aimed at checking whether there is a correlation between this parame-
ter and the size of the dataset or whether the & may need to be treated as
a hyperparameter and needs to be tuned during the training process.

The study shows a range of experiments that were performed to prove the
four main hypotheses postulated at the beginning of the dissertation. For the
first hypothesis, which covers the use of Scanning Laser Ophthalmoscopy
images combined with deep learning as a tool for the diagnosis of glaucoma,
the classifier trained using these images achieved a balanced accuracy metric
of over 96 percent, which is strong evidence that this imaging modality can
support the diagnosis of glaucoma. The second hypothesis, which looks
at the effect of data size on performance, shows that the size of the input
data fed to machine learning models has an impact on the final training
result. In the case of segmentation of the opening of the Bruch’s membrane,
the best result was obtained using the entire spatial information (i.e., the
entire image) without dividing the original image into smaller components.
The findings from all experiments support the third hypothesis, which is
related to the application of machine learning methods in low data regime
scenarios. Overall, it was possible to obtain a good performance for the mod-
els. Nevertheless, additional techniques or different processing approaches
may be required to obtain the high performance of utilized models, which
may be application dependent. It should be noted that two new methods
to work in conditions of small sets of training data in machine learning
application have been proposed. These methods have been shown to achieve
superior results compared to standard methods. The first method deals with
the curse of dimensionality, i.e., with a high-dimensional and small set of
data, using a classifier ensemble and focusing on operating on all available
information. The second method, which is related to the fourth and final
hypothesis, covers the use of orthogonalization with convolutional networks.
The obtained conclusions demonstrate that the use of orthogonalization with
these networks provides an improvement in performance, which is particu-

larly significant in the case of a small training dataset. This is a premise that
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orthogonalization can be effectively used when training machine learning al-
gorithms under low-data regime conditions. Overall, the findings supported

all four main hypotheses.
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