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Abstract

Artificial intelligence and digital pathology have revolutionized histopathology by con-
verting images into high-resolution digital formats and introducing computational meth-
ods for image analysis. This thesis contributed to this context by aiming to stratify pa-
tients with various hematological conditions based on bone marrow fibrosis. The study
involved the quantification of the percentage of bone marrow fibrosis on the hematopoi-
etic tissue, used as indicator for characterizing different hematological disorders on a
dataset of 1123 whole slide images of bone marrow biopsies. Hematopoietic tissue has
been segmented through a color decomposition technique, while the segmentation of the
fibrosis needed a more powerful segmentation model, which was trained on an active
semi-supervised learning (ASSL) pipeline. Thanks to the ASSL approach it was possi-
ble to overcome the lack of annotated patches, resulting in more effective segmentation.
Masks obtained from segmentation were used to calculate fibrosis and tissue areas. Final
comparative analysis between control and disease revealed lower fibrosis percentages in
the control group. With respect to control, Acute Myeloid Leukemia and Myelodys-
plastic Syndrome showed no significant differences, while Myeloproliferative Neoplasms
exhibited significant differentiation, underscoring the role of bone marrow fibrosis in

these conditions.
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Introduction

In recent years, the intersection of medical image analysis, radiomics, and deep learning
has paved the way for transformative advancements in the field of pathology [2]. Digital
pathology represents a paradigm shift in the way pathologists diagnose diseases by em-
bracing the power of digitization. At its core, digital pathology involves the conversion
of traditional glass pathology slides into high-resolution digital images, which can be
viewed and analyzed on computer screens. Exploring the profound impact of cutting-
edge technologies on the way we understand, diagnose and treat cancer, the integration
of artificial intelligence algorithms with digital pathology not only promises to improve
the efficiency and accuracy of cancer diagnosis, but also has the potential to revolution-
ize personalized treatment strategies. As the reliance on digital pathology continues to
grow, the integration of sophisticated computational techniques becomes imperative for
extracting meaningful insights from histological digital slides. This thesis aims to fit in
this field, with a comprehensive study conducted on a dataset comprising 1123 WSIs of
bone marrow biopsies, to quantify the Bone Marrow Fibrosis in order to use it as an
indicator to stratify patients with several onco-hematological disorders.

The first chapter of this thesis explores the evolution of digital images in pathology,
tracing the trajectory from traditional glass slides to high-resolution digital counter-
parts. Chapter 2 delves into radiomics, an emerging field that translates medical images
into mineable data. The general pipeline of a radiomics workflow is dissected, from
image acquisition and segmentation to feature extraction and analysis. With a solid
understanding of radiomics, Chapter 3 navigates the landscape of Artificial Neural Net-
works within the context of computer vision. This chapter overviews the most widely

used methods, such as convolutional neural networks (CNNs), and Vision Transformers



(ViTs), elucidating their applications in medical image analysis. The fourth chapter
illustrates materials and methods used in this thesis. Special attention is given to the
segmentation of bone marrow fibrosis, which involves the implementation of an active
semi-supervised learning pipeline, addressing the problem of having no annotated data.

Chapter 5 shows the results, discussed then in the following chapter.



Chapter 1
Images

An image is a visual representation of objects, scenes, or concepts. In contemporary
society, images are everywhere and serve different functions across various fields. They
are employed for communication, artistic expression, entertainment, marketing, and nu-
merous other purposes.

Since the discovery of X-rays, images have also assumed a pivotal role in the field
of medicine. The use of medical imaging has revolutionized healthcare, providing indis-
pensable tools in various medical applications and diagnostics.

Images in medicine have had an even greater impact with the advent of digitization.
The first computed tomography scan performed on a patient dates back to 1971. Since
then, technological advancements in image acquisition, storage, transfer, and analysis
have led to the generation of huge amounts of data. Nowadays, the use of automated
systems has become necessary to produce accurate and fast results from images, sup-
porting clinicians in nearly every aspect of their work, including diagnosis, treatment

planning, and real-time image-guided interventions.[4]

Next paragraphs include the main aspects of digital and medical images needed for

the comprehension of the following chapters.
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Figure 1.1: This scheme represents the process of acquisition and formation of images.
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1.1 Digital images

Digital images could be defined as a discrete numerical representation of an object. By
a mathematical point of view, an image is a two-dimensional function, f(X;y), where X
and Yy are spatial coordinates, and the amplitude of  at any pair of coordinates (X;y) is
the intensity of the image at that point. When the spatial coordinates X and y, and the
intensity values of f, are all finite, i.e. discrete quantities, the resulting representation is

termed a digital image [21].

In order to better understand the definition, may it is worth to spend few words about

image acquisition and formation.

1.1.1 Image acquisition and formation

In the process of image acquisition, there are three elements involved:
e Energy source
e Scene element

e [maging system



The energy source, also referred to “illumination”, at first glance makes us thinking
about visible light. However it is a broader concept, as there are many alternatives
like X-rays, infrared or less traditional sources, such as ultrasound or even a computer-
generated illumination pattern.

Similarly, the scene elements could be familiar objects, but they can just as easily
be molecules, buried rock formations, or a human brain. Depending on the nature
of the source, illumination energy is reflected from, or transmitted through, objects.
An example in the first category is light reflected from a surface, while, in the second
category, we find X-rays passing through a patient’s body for the purpose of generating
a diagnostic X-ray image.

The imaging system receive the energy reflected or transmitted by the object being
sensed. The incoming energy is projected on a plane and transformed into a voltage by
a combination of the input electrical power and sensor material that is responsive to the
type of energy being detected.

Now a digitization of the output voltage will produce the digital image. The digiti-
zation process consists of a spatial sampling of the image plane and the quantization of
the intensity associated to each position within the image.

Let g(s; t) be the continuous image function which would describe an analogical image.
The spatial sampling consists of dividing the space of the continuous variables (S;t) into
a finite number of discrete coordinates (X;y). The image plane will be a grid, whose
elements, the picture elements, are usually called pixels.

The intensity g(X;y) associated with each pixel still spans a continuous range of val-
ues. Quantization discretizes these values. The brightness of each pixel varies between
two finite boundary values, typically associated with black and white. The interval be-
tween them is divided into a set of discrete numbers, called grey-levels. The digitization
of the analogical image g(s;t) takes to the digital image f(X;y), in which there can be
found the characteristics mentioned in the previous definition of digital image.

In the process of image acquisition, digitization is closely related to image quality.
The spatial quality of an image is influenced by the number of pixels it contains, and the
process for determining the appropriate quantity follows the Nyquist-Shannon sampling

theorem [49]. This theorem establishes a minimum requirement for the spatial sampling



rate, which should be at least half the size of the smallest detail in the image. Adhering
to this principle helps prevent artifacts resulting from inadequate sampling. The spatial
resolution of an image, which characterizes the smallest observable detail within it, is
determined by both the number and dimensions of its pixels. The most common metric
used to measure spatial resolution is dpi, i.e. dots per inch.

As for the spatial resolution, the intensity resolution can be defined as the smallest
change in the intensity level that can be perceived. In It is described by the dynamic
range, a quantity which describes the ratio between the highest and lowest value of the

image intensities displayed.

1.1.2 Image representations

The more common representation of images shows F(X;y) as it would be on a computer
screen or in a photograph. Each point’s intensity in the display is proportional to its f
value. This kind of representation allows us to view results at a glance.

However, in digital image processing there are also other very useful representations,
like matrices and histograms.

In matrix representation each element of the matrix corresponds to a pixel in the
image, and the value of that element represents the gray-level of the pixel. So, let f(X;y)

be an M x N image. Then its matrix representation will be an M x N numerical array:

2 3
T(0;0) f(0;1) s f(O;N —1)
Fxy) = f(1;0) f(1.; 1) s f(l;N - 1) (1.1)
f(M —-1;0) fM-1;1) :: fF(M—-1;N—1)

The matrix representation simplifies various image processing tasks, as you can apply
mathematical operations and filters directly to the image matrix.
The dimensions of the matrix M,N, are clearly related to the spatial sampling referred
to in the previous paragraph, which determines the size of the digital image. The same
applies to the quantization of intensities. Generally the number L, levels of intensities,
is chosen from powers of 2:

L = 2K (1.2)
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Figure 1.2: Different variants of the same image, each featuring its associated histogram
below. [21]

so that the possible gray-levels of image pixels span the interval [0; 2X —1]. This brings us
to the introduction of the gray-level histogram, a fundamental tool in image process-
ing. By simply counting the occurrences of the values within the matrix we can easily
construct the histogram. In fact, the histogram exhibits on the horizontal axis the L
values mentioned above, while on the vertical axis, bars represent the number of pixels
that have that intensity within the entire image. Thus, let ng be the number of pixels

with intensity lx, kK = 0;::;; L — 1, then the histogram is:

h('k) = Nk (13)

We usually refer to the gray-level histogram what would actually be the normalized
histogram:

h(lk) Nk
with M, N dimensions of the image. Here p indicates the probability of finding a pixel

(1.4)

with gray-level Iy within the image.



Figure 1.2 provides valuable insights into the informations related to the main char-
acteristics of images, contained within their histograms. Specifically, you can notice that
dark images are characterized by a massive population of the lower intensity bins of the
histogram. This observation aligns with our expectation, as in dark images, most pixels
will possess lower gray-level values. For the same reason, in light images, the histogram
shows a higher concentration in the bins associated with higher intensities. High-contrast
or low-contrast image cases are also shown in Figure 1.2. As can be seen in histograms,
the high-contrast images are characterized by a spread of pixel values over almost all
available bins, while the low-contrast images show a populating of a few bins close to

each other.

1.1.3 Color images

What has been described so far referred to grayscale images. To extend the discussion
to color images, it may be useful to briefly recall some notions of color vision and color
theory.

The trichromacy theory, initially proposed by Thomas Young [58] and later de-
veloped and confirmed by Hermann von Helmholtz [25], forms the cornerstone of our
understanding of color vision. This theory elucidates how the human visual system per-
ceives and differentiates a vast spectrum of colors.

According to the trichromacy theory, the human eye possesses three types of photore-
ceptor cells, commonly known as cones, each of which is sensitive to a specific range of
wavelengths in the visible light spectrum.

Over the years, extensive experimental studies starting from Grassmann [23] and
Maxwell [39] to modern research in molecular biology have provided substantial evi-
dence in support of the trichromatic nature of human color vision.

The trichromacy theory, in conjunction with empirical studies, establishes that the hu-
man visual system can perceive any color by decomposing it into a combination of three
primary colors. This insight has profound implications not only for our understanding

of color vision but also for the development of color models.



Nowadays there are numerous color models. The most used ones in image processing

are:

RGB : a combination of monochromatic primaries corresponding to red(R) = 700nm,
green(G) = 546.1 nm and blue(B) = 435.8 nm. It is widely used in modern digital

images.

CMY : secondary colors like cyan(C), magenta(M) and yellow(Y) are used as base.

Assuming normalized values, the conversion from CMY to RGB is:

ﬁgza;-agz

HSV : this model does not take in consideration pure colors. It uses hue(H), satura-
tion(S) and value(V) to describe the possible combinations. Respectively, the three

values represent the dominant color, its purity and its brightness on grey scale.

Lab : which combines RGB and HSV taking as variables the brightness(L), red-green

contents(a) and yellow-blue contents(b).

Figure 1.3 shows the Cartesian representation of the RGB system. Each point in the
RGB space is a combination of the primaries as can be seen by simply projecting the
point along the axes. Assuming the values normalize to 1 we can model some common

colors:

red=(1,0,0) green=(0,1,0) blue=(0,0,1)
black=(0,0,0)  white=(1,1,1)  grey=(0.5,0.5,0.5)
cyan=(0,1,1) magenta=(1,0,1)  yellow=(1,1,0)

as we can see the previous conversion from CMY to RGB is consistent with this defini-
tion.

As we can see in Figure 1.3, the 1D grayscale space is the diagonal connecting black to
white of the cube in the RGB 3D space. Space dimesionality leads us to understand the

extension of what was written before about image representation to color images, since

9
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Figure 1.3: Cartesian representation of the RGB color model. To ensure the readability

of the plot, only the colors on the edges and the gray-scale diagonal are shown.

the image matrix (1.1) becomes now a tensor M x N x 3, composed by each channel’s
own M x N matrix. As well as the matrix, also the gray-level histogram is substituted

by three histograms, one for each channel.

1.1.4 Image formats

Image le formats are the standard way in which digital image data is organized and
stored within a file. A format specifies the structure of the data, how it is encoded,
and whether compression is used [21]. These aspects are fundamental because they are
strictly related with the usage of an image: the aim is always to find the optimal solution
for having an image with the required quality that is as manageable as possible.

The first aspect to analyze is the image file size, which, expressed in bits (b), is
b=M x N xKk; (1.5)

where M and N are the dimensions of the image, and K is the power of 2 that defines

the range of intensities (see eq. (1.2)).
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The type of images is usually defined through K, in fact we refer to k-bit images as a

first characterization of them. Some examples are the following:

e Binary images: in this case k = 1. This is the simplest type of digital images. They
use only two colors, typically black and white (or 0 and 1), to represent objects or
shapes in an image. In image processing, binary images are usually used for tasks

like image segmentation.

e Gray-scale images: as mentioned in the previous paragraphs, these images use
shades of gray to represent brightness at each pixel. The most common gray-scale
images are the 8-bits images, i.e. the pixel values range from 0 (black) to 255
(white).

e Color Images: as already said in paragraph 1.1.3, according to the chosen model,
they typically use a combination of three color channels. In this case the K bits are

split among the channels; e. g. in 24-bits images we have 8 bits for each channel.

The k-bit classification is suitable for images with discrete color or intensity. Floating-
point images differ from them as they store intensity as floating-point numbers within a
defined precision range, rather than integer values. They are often used for scientific or
medical images to represent measurement values.

The other fundamental aspect in the choice of the image format is compression. It
allows to efficiently store and transmit visual data. There are two primary approaches
to image compression: lossless and lossy techniques.

Lossless compression techniques aim to reduce the size of an image file without sacri-
ficing any image quality. These methods exploit redundancy and use various algorithms
to represent the data more efficiently. When a losslessly compressed image is decom-
pressed, it is an exact replica of the original, with no loss of information. This is crucial
in applications where preserving every detail is necessary.

Lossy compression, on the other hand, achieves higher compression ratios by selec-
tively discarding some image data that the human eye is less sensitive to. This can
include removing fine details, reducing color precision, or optimizing the representation
of image elements. While lossy compression significantly reduces file sizes, it comes at

the cost of some loss in information.
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The most common image formats and their properties are:

e JPEG (Joint Photographic Experts Group): it is commonly used for photographs,
web images, digital cameras. JPEG uses a lossy compression algorithm that sacri-

fices some image quality to reduce file size.

e PNG (Portable Network Graphics): it is used for web graphics, logos, images with
transparency. PNG uses lossless compression, preserving all image data without

sacrificing quality. It typically results in larger file sizes compared to JPEG.

e BMP (Bitmap): it is mainly used for storing raw pixel data. BMP is often uncom-
pressed, meaning it stores every pixel’s color information without any compression.

As a result, BMP files tend to be very large.

e TIFF (Tagged Image File Format): it is a versatile format that can support both

lossless and lossy compression.

e DICOM (Digital Imaging and Communications in Medicine): it is a standard for
managing medical images and associated data, ensuring compatibility and inter-
operability across various healthcare systems. It includes structured metadata,
supports lossless and lossy compression, and prioritizes security for patient data,

making it essential for medical imaging

1.2 Digital images in pathology

In pathology, biopsy analysis is traditionally considered the gold standard for cancer
diagnosis. Tissue-based diagnostics have long been dependent on optical microscopy,
specifically bright field microscopy. Digital pathology has revolutionized this field, guided
by the introduction of the first Whole Slide Imaging (WSI) scanners in late '90. These
scanners are basically robotic-controlled microscopes, equipped with highly specialized
cameras featuring high-performance photosensors [45].

Before those scanners digital images in pathology were only static images, captured

by simply placing a camera in front of the microscope. This technique has limitations,
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mainly because it is possible to select only limited region of interest and photograph
them [45].

WSI solves this problem by scanning entire glass slides, giving as output an image
file that is a digitized reproduction of the glass slide, (complete with full objective lens
zooming functionality) rather than a small microscopic field [45]. This capability, of-
ten referred to as ”virtual microscopy” [18], enhances both the diagnostic and research
processes, providing pathologists with a versatile tool for in-depth examination.

Digital pathology allows also the remote review of slides by different pathologists
in real-time, a concept known as ”telepathology” [17]. Tt facilitates collaboration and
consultation among experts regardless of their physical locations, improving the quality
and speed of diagnoses.

Furthermore, digital pathology opens the door to radiomics and computer-aided
diagnosis (CAD) even in histopathology, through automated image analysis exploiting
computer algorithms. These algorithms can extract quantitative biomarkers from WSIs,
which can then be integrated with clinical data. This approach, termed ”computational
pathology” [2], holds the potential to enhance our understanding of diseases and improve
patient care by providing valuable insights and predictive information.

The field of digital pathology is continually evolving, with a focus on improving
image quality, standardization, data integration, and technological efficiency. These
advancements are driving the adoption of WSI in clinical practice and research, offering
new possibilities for pathology diagnosis and analysis [18].

To establish the acceptance of a Whole Slide Imaging (WSI) system in clinical prac-
tice, a validation assessment is essential [16]. One crucial step in this process involves
verifying that the diagnoses made using digital slides are consistent with those made
using traditional glass slides. Recent studies have been conducted, yielding promising

results in this regard [54].

1.2.1 Tissue visualization

Histological stainings are techniques used in the field of pathology and histology to
enhance the visibility and contrast of specific structures within biological tissues when

viewed under a microscope. These stains involve the application of various chemical dyes
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Figure 1.4: Examples of different stains.
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to tissue sections, allowing pathologists and researchers to distinguish different cell types
and tissue components.

There are different types of histological stains, including:

e Hematoxylin and Eosin (H&E) [19]: H&E staining is one of the most common and
widely used histological stains. Hematoxylin stains cell nuclei blue-purple, while
eosin stains cytoplasm and other structures pink. This stain provides a broad
overview of tissue architecture and aids in the identification of various cell types

and tissue structures (Figure 1.4a).

e Immunohistochemical (IHC) [37]: THC involves the use of antibodies that bind to
specific proteins within tissue sections. This staining technique helps identify the
presence and location of specific antigens or proteins within the tissue, allowing for

the detection of diseases and the characterization of cellular markers (Figure 1.4b).

e Gomori [20]: Gomori trichrome staining is primarily used to examine muscle tissue
and connective tissues in histological samples. It helps differentiate and highlight
various structures within the tissue, making it particularly useful in diagnosing

muscle diseases and assessing fibrosis (excessive collagen deposition) (Figure 1.4c).

e May-Griinwald Giemsa (MGGQG): it is a versatile histological and cytological staining
technique used to visualize and differentiate various cellular components, including
blood cells, bone marrow cells, and other tissue structures. It provides distinct

coloration and contrast for different cell and tissue elements (Figure 1.4d).

Histological stains, which are commonly used in traditional glass slides, are also em-
ployed in WSIs. Stains play a significant role in computational pathology analysis. De-
spite existing guidelines for standard staining procedures, variations in staining between
different images and even within the same image can still pose challenges to the effec-
tiveness of quantitative analysis of digital slides. Consequently, automated algorithms
are being developed to standardize colors in digital slides with the aim of enhancing the

accuracy and consistency of these analyses [3].
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Figure 1.5: Illustration of the digital slide pyramid structure. Within a single file, a
collection of images with different levels of magnification is stored. The pyramid base
level represents the initial image captured by the scanning system. As one ascends
the pyramid, each successive level is created by systematically reducing the resolution

through downsampling techniques.

1.2.2 Format and image structure

Pathology is one of the last medical specialties to be digitized, largely because of the
technical challenges associated with the utilization of histopathological images. The
necessity for highly zoomable, extremely high-resolution, and consequently very large
images, introduces complexities in various operations, including image capture, storage,
viewing and annotation.

Unlike conventional digital images, which typically consist of a single view at a fixed
resolution, WSI files are structured as multiresolution pyramids. These pyramids contain
a multitude of images, each offering various magnifications (Figure 1.5).

The basic file format for WSIs is often the TIFF format. The key feature for which it
is used extensively with WSIs is that it allows the storage of multiple images in a single
file. The versatility of this format allows the use of both lossy and lossless compression
techniques, however, to handle the immense size of these images, high quality lossy

compression techniques based on JPEG2000 are often used. JPEG2000 is an advanced

16



version of JPEG, also lossy, but a bit more flexible.

However, not all vendors use these formats and compression techniques. One notable
challenge in digital pathology is the absence of a universal file format standard. Every
vendor tends to employ its proprietary file format. Lately, some efforts are being made
to extend the DICOM format to WSIs [26], but until now, the responsibility for ensuring
interoperability has been left to the manufacturers. As a result, it is not always possible
to view WHSI files from one vendor using another vendor’s viewer.

In response to this interoperability gap, open-source initiatives like OpenSlide [22],
Seeden Viewer, QPath, and Fiji Bioinformatics have emerged. These initiatives aim to
fill that gap, but a universally accepted WSI file format standard has still to be fully
developed.

17



Chapter 2
Radiomics

Cancer represents a global health challenge, standing as the second leading cause of death
worldwide. The relentless growth of cancer cases places immense physical, emotional,
and economic strain on individuals, families, communities, and healthcare systems [56].
The complex nature of cancer, characterized by high tumor heterogeneity and recurrence
rates, highlights the urgent need for more effective diagnosis and treatment strategies.

In this context, medical imaging has proven to be an invaluable aid in the diagno-
sis, management, and monitoring of tumors. Nevertheless, the manual interpretation of
medical images remains a subjective process, heavily reliant on the expertise and qual-
itative judgment of individual healthcare professionals. To enhance the accuracy and
reliability of cancer diagnosis and treatment, there is a growing imperative to identify
quantitative and consistent image biomarkers. Radiomics, an emerging methodology,
offers a promising solution to this challenge, contributing to more objective and data-
driven clinical decision-making. The name radiomics first appeard in 2012 [31] but its
roots lie in earlier methods of quantitative image analysis.

Radiomics aims to extract quantitative and reproducible information from medical
images, especially focusing on complex patterns that can be challenging for human ob-
servers to recognize or quantify visually [40].

Radiomic data are extracted in such a way that they can be used for data mining
and for the development of descriptive and predictive models [51]. There are different

types of studies, depending on the specific clinical needs they seek to address. Diagnos-
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tic radiomics aims to distinguish between disease entities, helping in the classification
of conditions, such as discerning benign from malignant tumors, or recognizing different
subtypes. Prognostic radiomics is concerned with predicting patient outcomes, offering
insights into disease progression, risk of recurrence, and survival rates. Radiomics for
treatment planning is a tool for personalizing treatment approaches, particularly in radi-
ation therapy, facilitating delineation of target volumes and optimizing treatment plans.
Delta radiomics focuses on evaluating the efficacy of interventions by comparing pre- and
post-treatment images and analyzing changes in radiomic characteristics. Each of these
distinct types of radiomics studies addresses a wide range of clinical scenarios, providing
insights and guidance that can be helpful to radiology and oncology professionals [33,
50, 63, 43].

The usual pipeline of radiomics can be divided in few steps: image acquisition and pre-
processing, segmentation, feature extraction, analysis. Fach step has its own methods

and its own challenges.

e Acquisition and pre-processing: image acquisition, in medicine, is the process
of capturing medical images using various imaging modalities such as computed
tomography (CT), magnetic resonance imaging (MRI), positron emission tomog-
raphy (PET), or histopathological Whole Slide Imaging (WSI). These techniques
create detailed visual representations of the patient’s anatomy and pathology.
However, during acquisition, factors like equipment settings and imaging protocols
can introduce variability and imperfections into the images, which can influence
radiomics features.

Standardized acquisition and shared pre-processing protocols are crucial to min-
imize these variations and ensure the quality of the acquired images, especially
in terms of interoperability of different systems and reproducibility of different

studies.

e Segmentation: it is the most critical step in the radiomic pipeline, essential for
extracting quantitative information from medical images. It involves precisely iden-

tifying and isolating regions of interest (ROIs), such as tumors or organs, within
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these images. The primary goal is to ensure accurate ROI definition, as the image
segmentation heavily affects the radiomics features.

Segmentation methods are manual, semi-automatic or fully automatic. While auto-
matic techniques are becoming more accurate, the gold standard is still the manual
segmentation, since in medical images, the identification of the ROI could be a very
complex task. However, humans are susceptible to errors and biases and the use
of computer-aided methods can reduce them. Automation is often preferred to
manual delineation, not only for reproducibility, but also for time efficiency, par-
ticularly with large datasets. Recently Deep Learning excels in medical image
segmentation, showing great results across diverse medical imaging applications.
Unlike conventional techniques dependent on handcrafted features, DL directly
learns from data, capturing complex patterns that are difficult to express with ex-
plicit rules. On the other hand DL methods are usually specific to particular task

and need a customized training.

Features extraction: it is the heart of the radiomic pipeline, where the aim
is to convert segmented regions of interest (ROIs) within medical images into a
comprehensive set of quantitative features. These features, ranging from statistical
properties to texture and shape characteristics, provide numerical descriptions of
the ROIs. A critical challenge is posed by the lack of reproducibility and validation
within the field of radiomic studies.

The extraction process in radiomics typically yields a vast number of features.
Among these, certain features may prove irrelevant, while others might exhibit
correlation, rendering some of them redundant. Features selection serves as
a crucial optimization step in radiomics analysis, with the primary objective of

ensuring that only pertinent information is incorporated into the process.

Analysis: the focus shifts to exploiting the potential of radiomics data for various
purposes. The analysis process is structured into statistical data analysis, model
building and model validation. Exploratory analysis, a key component, involves
unsupervised methods such as clustering and dimensionality reduction, improv-

ing understanding of the data. Model building can integrate radiomic data with
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clinical or genomic information, using regression and classification. Model vali-
dation ensures model robustness and generalizability through cross-validation and

independent test datasets to establish model reliability.

2.1 Segmentation

Let | be the entire spacial region of an image. Image segmentation is the process

through which I is split into n sub-regions R;j, such that:

S
a) | = ?:1 Ri

c) RiNRj =0 forall i and j, i #
d) P(R;) = TRUE for all i, and P (Rj UR;j) = FALSE for any adiacent regions R;, R;

Condition a) states the completeness: every pixel in the image must belong to one of
the defined regions, ensuring that no pixel is left unaccounted for. b) focuses on con-
nectedness, i.e. each region must be a connected set of pixels. The exact definition of
connectedness may vary, but states that all pixels in a region are linked together in some
way. Condition c¢) means that regions must be disjoint, i.e. distinct and non-overlapping;:
each pixel must be assigned to only one region. The last condition, d) involves the region
di erentiation: each pixel within a segmented region should satisfy specific properties
represented by a logical predicate P. Adjacent regions, sharing a boundary, must ex-
hibit distinguishable properties according to the predicate. For example, these properties
may involve characteristics like intensity, color, or other attributes relevant to the seg-
mentation task, ensuring that neighboring regions are distinguishable based on these
properties.

Thus, in image segmentation, the process typically divides pixels into n subsets,
usually referred to as classes. These classes represent distinct components within the
image. However, the assignment of specific meaning or interpretation to these classes,

known as labeling, often occurs after the segmentation process.
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When there are only two classes, we talk about binary image segmentation task. In
this case the labeling process can be relatively straightforward: the two classes usually

correspond to the “object” and the “background”.

2.1.1 Segmentation techniques

Depending on specific requirements, image segmentation can be accomplished using vari-
ous criteria for pixel assignment to different classes. Furthermore, the inherent variability
within and across images makes it impractical to define a universal segmentation tech-
nique that fits all situations. As a result, numerous segmentation techniques exist, each
following different approaches.

Some techniques are based on the principle of similarity, wherein segmentation in-
volves classifying similar regions based on predefined criteria. Key algorithms falling
into this category include thresholding and region-growing. Another common approach
is based on the principle of discontinuity. Here, the objective is to identify abrupt changes
among neighboring pixels in terms of intensity or other predefined criteria. Prominent
algorithms in this category are edge detection methods. Additionally, there is a third cat-
egory known as special theory-based segmentation. This category encompasses a variety
of segmentation techniques and algorithms that draw from diverse fields of knowledge,
such as wavelet transformation, morphology, fuzzy mathematics, genetic algorithms, and
artificial intelligence. These approaches allow for specialized segmentation solutions tai-

lored to specific image analysis tasks.

Similarity-based algorithms

Algorithms in this category aim to perform image segmentation by grouping pixels that
share common characteristics. Further categorization can be made between threshold-
based algorithms and region-based algorithms, such as region growing and split and merge.
Here’s an overview of the main properties of these methods.

Image thresholding is popular in image segmentation applications due to its intu-
itive properties, ease of implementation, and computational efficiency. Let’s start with

the simplest case: a high-contrast image f(X;y), containing an object that stands out

22



against a relatively uniform background. In this scenario, one can easily imagine a his-
togram characterized by the presence of two fairly narrow and well-separated peaks.
Intuitively, by selecting a threshold value (T ) between the two modes, we can obtain the

following segmented image:

8
<1 f(x;y)>T

g(xy) = . (2.1)
-0 f(xy)<T

In this case, we refer to it as global thresholding since T remains constant across
the entire image. To make things more complex, we can consider situations where the
illumination is not uniform throughout the image. In such cases, it becomes necessary
to divide the image into multiple regions to determine a threshold that varies according
to the characteristics of the pixels in these regions. This is known as local thresholding,
often referred to as dynamic thresholding when a threshold T (X;y) varies pixel by pixel.

Besides non-uniformity, another significant factor that complicates threshold-based
segmentation is noise. Noise tends to widen the distributions in histograms and can lead
to confusion between pixels belonging to objects and the background, due to the lack
of spatial information of the histogram. For this reason, it is often necessary to apply
smoothing filters to reduce noise before performing image segmentation.

The most popular image thresholding technique was presented by Otsu [44]. This
method automatically determines an optimal threshold value for image segmentation. It
works by finding a threshold that minimizes the intra-class variance (variance within the
two classes of pixels: foreground and background) and maximizes the inter-class variance
(variance between the two classes).

If an histogram exhibits three or more modes, multiple thresholding becomes neces-
sary, involving the definition of two or more thresholds. However, when the number of
thresholds exceeds two, it becomes very difficult, if not impossible, to determine them
effectively for achieving good segmentation. In such instances, alternative methods, such
as region-based approaches, are ofted much more effective.

Region-based segmentation algorithms are a class of image processing techniques
that partition an image into distinct regions according to a certain criteria. These algo-

rithms are used to group similar pixels together to form meaningful regions. The most
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common examples are region-growing, split and merge.

Region Growing starts with one or more seed pixels, randomly selected or chosen
according on criteria like intensity similarity. It then gradually expands the region by
examining neighboring pixels. If a neighboring pixel meets the similarity criterion, it’s
added to the growing region. This process continues until a stopping criterion is met,
such as reaching a predefined region size, a dissimilarity threshold, or the image bound-
aries. Region growing is particularly useful for objects with uniform regions and clear
boundaries. It can adapt to the shape of objects and handle noise effectively. However,
its sensitivity to seed point selection may lead to bad segmentations if the criteria are
not well-defined.

Split and Merge, on the other hand, is an algorithm that starts with the entire im-
age as one region and recursively splits and merges regions. It checks if a region meets a
splitting criterion based on a local property like intensity variance or texture homogene-
ity. If the criterion is not met, the region is divided into smaller subregions. Conversely,
if the merging criterion is satisfied, adjacent regions are combined into a single region.
This approach allows the algorithm to adapt to non-uniform regions and various object
sizes, producing more balanced regions with well-defined boundaries. However, setting
appropriate splitting and merging criteria can be challenging, as the algorithm’s perfor-

mance heavily depends on them.

Discontinuity-based algorithms

In images edges are defined as a collection of connected pixels located along the boundary
that separates different regions. These edges typically occur at points of significant
discontinuities in visual properties such as changes in gray-scale, color, texture, and
other relevant attributes.

Edge-based segmentation involves the identification of image discontinuities, com-
monly referred to as edge detection. Subsequently, it aims to reconstruct these regions
in a coherent manner by connecting the detected edges.

Since these methods involve the analysis of abrupt changes between pixels, they
often contend with noise. To optimize algorithms of this kind and achieve effective

segmentation, it is crucial to find the right balance between accuracy and noise immunity
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Figure 2.1: The gradient at a pixel provides information about edge strength and di-
rection. The edge direction is always perpendicular to the gradient direction, helping

identify edges in an image. [21]

28].
The most common family of edge-based segmentation techniques uses the gradient

operator. The gradient of an image f(X;y) at position (X;Yy) is defined as

"R " #
of Gy
Vixy) = & = G (2.2)
oy y

while its amplitude and direction are simply given by

vE(xy) = GZ+G2 (2.3)
(X;y) = tan * % (2.4)
y

In Figure 2.1 is shown a graphical representation of the gradient, emphasizing the
perpendicular direction of the edge relative to the gradient vector. This picture offers a
valuable insight into how gradient analysis helps identify edge orientations.

The edge-detection exploiting the characteristics of the gradient is performed through

these general steps:
1. Apply the derivative operator for edge detection
2. Measure edge strength using gradient amplitude

3. Keep edges with a magnitude above a specified threshold (eliminating weak edges).
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4. Identify crack edges and decide to keep or reject them based on neighboring edges’

confidence.

5. Repeat steps 3 and 4 with varying threshold values to identify closed boundaries

and achieve image segmentation

This general framework forms the basis for several edge detection techniques, in-
cluding the use of differential coefficients, the Laplacian of Gaussian, and the renowned
Canny edge detector, introduced by J. Canny [7]. The core principles of Canny’s ap-
proach are rooted in three key criteria: the pursuit of a low error rate; the achievement of
precise edge localization; and the minimization of repeated responses. By incorporating
an initial Gaussian filter to smooth the image, and selectively retaining points connected
to strong edges, this algorithm excels in enhancing noise immunity and detecting real

edges, the toughest challenges that put edge detection algorithms to the test.

Special theory-based algorithms

Under this class of algorithms, following [28], there are many techniques, coming form
different fields.

These algorithms can be broadly categorized into two main classes: supervised and
unsupervised methods. Supervised methods, relying on annotated training data, are
pivotal in tasks demanding precise object localization and classification, such as medi-
cal image analysis and autonomous driving. They encompass techniques like pixel-wise
classification and semantic segmentation. On the other hand, unsupervised methods op-
erate without the need for pre-labeled data, grouping pixels or regions based on inherent
similarities. Clustering, is a fundamental concept in unsupervised learning. It seeks to
identify natural groupings within datasets, allowing data to self-organize into clusters
based on similarities. Clustering has widespread applications in areas like market anal-
ysis and social network analysis, making it a powerful tool for data exploration. In the
context of image segmentation, clustering essentially involves classifying individual pix-
els into distinct attribute regions, enabling the extraction of valuable information from
complex visual data. Notably, two commonly used clustering algorithms, K-means [36]

and Fuzzy C-means [5], offer "hard” and ”soft” segmentation, respectively, each with

26



unique characteristics suited for various data analysis and pattern recognition tasks.
Additionally, the landscape of image segmentation has been transformed by neural
networks, specifically Convolutional Neural Networks and Vision Transformers. CNNs
are adept at learning hierarchical features from images and excel in tasks like semantic
segmentation. They are extensively employed in applications ranging from medical image
analysis to object detection and scene understanding. Vision Transformers, a more
recent innovation, harness self-attention mechanisms to capture long-range dependencies
in images. Next chapter presents a deeper overview on Artificial Neural Networks and

their use for image segmentation task.

2.2 Features extraction

The feature extraction phase is the central step in the radiomics workflow. Here, I
will outline only the most commonly utilized features, while for a more comprehensive
list, one may refer to the Image Biomarker Standardization Initiative (IBSI) [65] which
aims to establish a standard in response to the critical challenges posed by the lack of
reproducibility and validation within the field of radiomic studies.

Mayerhoefer et al. [40] classify radiomic features into four main categories, each

offering unique insights into medical image analysis:

e Statistical Features: This category encompasses histogram-based and texture-
based features. First order statistics features quantify the distribution of pixel
intensity values within an image exploiting histogram’s informations. Common
metrics include mean, median, variance, skewness, and kurtosis of the intensity
distribution. Texture analysis of images, first introduced in 1973 by Haralick et
al. [24], exploits second order statistics to describe spatial patterns and variations
in intensity, offering valuable information about tissue heterogeneity, an important
biomarker in many tumors. The analysis involves matrices like the gray-level co-
occurrence matrix, gray-level run-length matrix, and gray-level size zone matrix.
These matrices quantify patterns, co-occurrence, and relationships between pixel
intensities, aiding in the characterization of tissue heterogeneity and the identifi-

cation of subtle textures within medical images.
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e Model-Based Features: Model-based feature analysis in the context of radiomics
involves using generative image models and stochastic models to interpret the tex-
ture of an image. In this approach, the parameters of the model are estimated
and then employed for image analysis as radiomic features. However, in practice,
a significant challenge arises from the computational complexity associated with

estimating the parameters of stochastic models [38].

e Transform-Based Features: Transform-based features exploits mathematical
transformations, such as Fourier or wavelet transforms, to extract relevant informa-
tion from the image data. These features help uncover frequency domain patterns

and variations within the images.

e Shape-Based Features: Shape-based features focus on the geometric properties
of regions of interest in medical images. They are crucial for quantifying size,
contour irregularities, and structural changes, making them especially relevant in
tumor detection and characterization. Morphological features specifically describe
the shape of a segmented region of interest and are entirely independent of the
pixel values within that region. To compute morphological features, only a boolean
mask of the segmented region is needed. In the category of morphological features,
some key parameters are area, perimeter, compactness, and eccentricity. These
parameters are fundamental for delineating structural information and identifying
anomalies in anatomical shapes, making them especially valuable in contexts where

changes in shape can serve as significant indicators of disease or abnormality.

Radiomics features can be also categorized on the basis of their relevance for the further
analysis. Relevant features provide valuable information, while irrelevant features do
not contribute to the algorithm’s process and are of no assistance. Redundant features
offer no new insights to the learning algorithm, as their information can already be de-
rived from other available data. This description of radiomics features is strictly related
to features selection, an important step across feature extraction and analysis. This
process is indispensable for several reasons. First, it helps in reducing the dimension-
ality of radiomics data, which can be extensive, making the analysis more efficient and

guarding against the curse of dimensionality. Furthermore, selecting relevant features
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improves the overall performance and interpretability of radiomics models, as it ensures
that only the most informative data is used, minimizing noise and enhancing the quality
of the results. Additionally, feature selection contributes to cost efficiency, as it allows
researchers to prioritize the collection of the most critical features, saving valuable time
and resources. Lastly, it facilitates the interpretability of the analysis outcomes, a par-
ticularly important factor in clinical settings. Various methods, such as Iter, wrapper
and embedded techniques, are employed for feature selection, and the choice of method

depends on the specific context and dataset [60].

2.3 Analysis

Radiomics includes diagnostic, prognostic, treatment planning, and delta studies, each
addressing distinct clinical needs like disease classification, outcome prediction, personal-
ized treatment, and intervention efficacy assessment. The analysis phase in the radiomics
pipeline is closely related to the objective of the study. Below I will outline some general
techniques, which can be tailored to different specific cases.

Once the extracted features have been selected, usually the next step is a data in-
tegration, in which radiomic data related to the images are merged with clinical and
genomic information. This approach combines information derived from medical im-
ages with the patient’s clinical data, such as demographic data, medical history, medical
records, and laboratory results. This integration allows the development of compre-
hensive models that consider the patient’s overall health and history. In addition, the
inclusion of genomic data provides insights into the genetic basis of disease and variability
in individual patients. This approach to precision medicine, allows for the development
of personalized treatment plans based on genetic markers that may influence disease
progression or response to therapy. The synergy between radiomics, clinical data, and
genomics promises to improve diagnosis, prognosis, and treatment planning, providing
health care professionals with a more holistic view of the patient and enabling the de-
velopment of personalized and optimized therapeutic strategies, early disease detection,
and more informed clinical decisions.

Explorative analysis is an important phase that offers valuable insights into the
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complex and high-dimensional radiomic data. It comprises both unsupervised techniques
and dimensionality reduction methods. Unsupervised analysis includes clustering, which
identifies natural groupings within the data. Clustering algorithms group similar data
points based on their radiomic feature profiles, but also clinical and genomic data if
included, allowing the identification of underlying patterns within the data. Clustering
includes various methods, among which partitional clustering, hierarchical clustering,
and density-based clustering are prominent. Partitional clustering involves dividing data
into distinct non-overlapping subsets, with algorithms like K-means seeking to optimize
specific criteria. Hierarchical clustering, on the other hand, builds a tree of clusters
through recursive merging or splitting, creating a dendrogram that visually represents
the cluster hierarchy. Density-based clustering, like by DBSCAN [15], identifies clusters
based on data point density, making it suitable for datasets with irregular shapes and
varying densities. Each clustering approach has its advantages and limitations, and the
choice of algorithm depends on the dataset’s characteristics and the analytical goals.
Dimensionality reduction techniques, such as t-Distributed Stochastic Neighbor Embed-
ding [34] and Uniform Manifold Approximation and Projection [42], are employed to
reduce high-dimensional data into lower dimensions, facilitating visualization and inter-
pretation. This phase of analysis allows researchers to uncover hidden structures and
relationships within the radiomic data, contributing to a deeper understanding of the
medical images and their clinical implications.

Model construction depends on the specific clinical objectives. Regression models
play role in predicting continuous outcomes, making them highly relevant for tasks such
as estimating tumor volume, assessing changes in disease burden over time, or quantify-
ing treatment response. On the other hand, classification models are particularly useful
when the goal is to assign labels to different disease classes or subtypes. For example,
they can be employed to differentiate between benign and malignant tumors, classify
different cancer stages, or identify specific disease subtypes based on radiomic features.
Classification models are essential for diagnostic radiomics, where accurate disease cate-
gorization is critical. With the advent of deep learning techniques, neural networks have
found their place in radiomics. While deep learning has gained prominence, traditional

machine learning models like Random Forest, Decision Trees, and Support Vector Ma-
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chines persist in radiomics applications. Random Forest, known for its ensemble learning
approach, is adept at handling both numerical and categorical data, making it suitable
for feature selection and classification tasks, particularly in scenarios with a large number
of features. Decision Trees, appreciated for their interpretability, can capture complex
relationships in the data but may be sensitive to small variations. SVMs, with their
effectiveness in high-dimensional spaces, find application in classifying and regressing ra-
diomic data, particularly in situations where clear margins of separation between classes
are crucial. Neural networks, particularly convolutional neural networks, excel in auto-
matically extracting hierarchical features from images, making them valuable for tasks
such as classification, segmentation, and feature extraction in radiomics. The choice
between these models depends on factors like dataset size, problem complexity, inter-
pretability needs, and computational resources, often leading to the adoption of hybrid
approaches for optimal results in radiomics.

Model validation is fundamental step in the radiomics analysis process, playing a
crucial role in ensuring the reliability and generalizability of the constructed models to
real-world scenarios. Validation procedures assess the model’s performance by evaluating
its ability to make accurate predictions on data that it has not seen during training.
This helps in estimating how well the model will perform on new, unseen datasets,
thus avoiding overfitting to the specific characteristics of the training data. Common
validation techniques in radiomics include cross-validation, where the dataset is split
into subsets for training and testing iteratively, and external validation, where the model
is tested on entirely independent datasets. Rigorous validation is essential to confirm the
robustness of models, enhancing their utility in clinical applications and contributing to

the credibility of findings in medical research.
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Chapter 3

Artificial Neural Networks

Artificial intelligence (AI) focuses on creating systems that emulate intelligent behavior,
using various approaches such as logic, search and probabilistic reasoning. Within Al,
machine learning is a subset that involves training models to make decisions by adapting
mathematical representations to observed data. Despite the broad scope of Al, machine
learning, particularly deep learning, has mistakenly become synonymous with Al due to
its explosive growth [46].

The adaptation of a deep network to data is the essence of deep learning, and currently
these networks stand out as the most powerful and practical models of machine learning.
Deep learning finds application in everyday scenarios, such as language translation, image
recognition and voice interaction with digital assistants, demonstrating its widespread

impact on modern technology.

3.1 Artificial Neural Networks

Artificial Neural Networks are computational models inspired by the structure and func-
tioning of the human brain. They consist of interconnected nodes, or artificial neurons,
organized into layers. Each connection between nodes has a weight associated with it,
which is adjusted during the learning process.

Nodes are the fundamental units within a neural network. These artificial entities

are inspired by the neurons found in the human brain and serve as the building blocks
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1, if f(x) >0
—
f(x)
0, if f(x) <0

Figure 3.1: Representation of a simple neuron (green circle). The z;j elements are the inputs
(blue circles) and the output is calculated based on the weighted sum of these inputs summed
with a bias wg.

of the network’s architecture.

Each node is designed to process information, emulating the way biological neurons
receive and transmit signals. The primary mechanism by which nodes operate is through
an activation function. This function takes the weighted sum of inputs to the node and
produces an output based on a predetermined rule.

In figure 3.1 it is showed the simple perceptron (SP), or simple neuron, i.e. the first
artificial neuron, proposed in the late 1950s by Rosenblatt [48], inspired by the McCulloch
and Pitts studies [41]. It works following the equation

= !
f(x)=h WiXi +Wp (3.1)
i=1
where f(X) represents tlllze) output of the neural network for input vector X, h(-) is the
activation function, and ?21 WiXi + Wp is the weighted sum of the input vector X with
weights w; and bias Wp.

SP uses a Heaviside step activation function
8

<0 ift<o;
H(t) = _ (3.2)
-1 ift>0;
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Input layer Hidden layer Output layer

Figure 3.2: Representation of the multiple layer perceptron architecture. Notice the fully
connected hidden layer between the inputs and the simple perceptron neuron.

which means the neuron is activated if the output is 1.

The simple neuron marked a significant step in the development of artificial neural
networks, but it is capable of solving only linearly separable problems, with limitations
in handling more complex, nonlinear patterns and binary classification tasks. This led to
the evolution of the Multi-Layer Perceptron (MLP), a more sophisticated neural network
architecture.

The key innovation of the MLP is the introduction of a hidden layer positioned
between the input and output layers, as shown in figure 3.2. The addition of a hidden
layer is particularly significant because it introduces the concept of non-linear activation
functions. Three common non-linear activation functions employed in the hidden layer
are the sigmoid function, hyperbolic tangent (tanh) function, and Rectified Linear Unit
(ReLU).

The MLP is an example of feedforward network, i.e. a network architecture in which
the j-th layer is fed only by the (j — 1)-th one. It is easy to understand the extension of
the SLP to a multi-layer structure: each output of the first layer become an element of
the input of the following.

The power of neural networks with a hidden layer is highlighted by the following
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theorem:

Theorem 1 Universal Approximation Theorem

Let ¥ : R™ — R be a continuous function. There exists a feedforward neural network
with a single hidden layer that can approximate f to arbitrary accuracy on any compact
subset of R".

This theoretical result, proved in 1989 by Cybenko for a sigmoid activation funciton
[10], underscores the universality and versatility of neural networks, suggesting that,
given a sufficiently large number of neurons in a single hidden layer, neural networks can
learn and represent a wide range of complex relationships within data.

However, because of the computational cost involved in adding a large number of
nodes which could be significant, it is often preferable to add hidden layers to the network,
resulting in the transition from a shallow neural network (consisting of only one hidden
layer) to a deep neural network (consisting of many hidden layers).

3.1.1 Training and Testing

The process of training a machine learning model involves randomly initializing param-
eters and iteratively adjusting them to minimize a loss function, which measures the
difference between predicted and actual values. The simplest optimization algorithm is
the gradient descent method, where the model “walks down” the loss function surface
by taking steps in the direction of the steepest downhill slope. The training process
continues until the gradient is flat and further improvement is not possible.

Following training, the model’s real-world performance is assessed through testing on
a separate set of data. The evaluation includes computing the loss on this test data to
determine how well the model generalizes to new, unseen information. The success of
generalization is influenced by the representativeness and completeness of the training
data. Underfitting occurs when a model is too simplistic to capture complex patterns,
while overfitting happens when a model is excessively complex and memorizes training
data, leading to poor performance on new data. Achieving a balance in model complexity
is crucial to ensure it captures underlying patterns without falling into underfitting or
overfitting [46].
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3.1.2 Learning approaches

Within the domain of machine learning, different learning approaches have been de-
veloped to address different datasets and learning objectives. This section provides an
overview of the most important and common learning paradigms: Supervised Learning,
Unsupervised Learning and Reinforcement Learning [46]. Then, some paragraphs are
dedicated to some interesting approaches which are growing within the deep learning

framework, the Semi-Supervised, the Self-Supervised, and the Transfer Learning.

Supervised Learning

Supervised learning is a machine learning paradigm in which a model is trained on a
labeled dataset consisting of input-output pairs. In this approach, each input in the
dataset is associated with a corresponding correct output, providing the model with
explicit guidance during training. The main goal for the model is to learn the underlying
mapping and relationship between the corresponding inputs and outputs. This process
involves the model iteratively adjusting its parameters to minimize the difference between
its predictions and the actual output values. Common examples of supervised learning
tasks are classification, in which the algorithm predicts the correct category or class for a
given input, and regression, in which the goal is to predict a continuous numerical value.
In classification tasks, the algorithm learns to assign inputs to predefined classes, while

in regression tasks it predicts a numerical value associated with the input data.

Unsupervised Learning

Unsupervised learning is a branch of machine learning that deals with unlabeled data,
avoiding explicit hints about predefined outcomes. In this paradigm, algorithms aim to
autonomously discern patterns, relationships or inherent structures in the data. The
absence of labeled data requires the algorithm to explore and identify meaningful repre-
sentations or groupings on its own. Examples of unsupervised learning tasks are cluster-
ing, in which the algorithm groups similar data points, dimensionality reduction, which
involves simplifying data by capturing its essential features, and generative modeling,

in which the algorithm learns the underlying distribution of the data to generate new
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similar instances. Unsupervised learning is particularly useful in scenarios where the in-
trinsic structure of the data is not well defined or when the discovery of hidden patterns

is a primary goal.

Reinforcement Learning

Reinforcement learning is a machine learning paradigm that relies on an agent learning
to make decisions through iterative interactions with the environment. Unlike supervised
learning, reinforcement learning does not rely on labeled datasets. Instead, the agent
receives feedback from the environment in the form of rewards for favorable actions and
penalties for unfavorable ones. The goal is for the agent to learn optimal strategies by
navigating the environment and adapting its behavior based on the consequences of its
actions. An illustrative example is training a computer program to play a game, in
which the agent learns to achieve success (e.g. winning the game) by receiving positive
reinforcement in the form of rewards and adapting its decisions to avoid negative conse-
quences (e.g. losing), thus learning through a process of trial and error. Reinforcement
learning is particularly effective in scenarios where explicit training data may not be

available and the agent needs to learn from direct interactions with its environment.

Semi-Supervised Learning

Semi-supervised learning represents a departure from traditional, fully supervised method-
ologies. While inductive models rely solely on labeled data for training, semi-supervised

learning leverages both labeled and unlabeled data. This approach, often referred to as

“transductive modeling”, enables the model to exploits patterns present in the unlabeled

data, augmenting its ability to make informed decisions.

In semi-supervised learning, the model learns from the labeled data to establish the
relationship between inputs and outputs. However, it also exploits the vast pool of
unlabeled data to further refine its understanding and enhance performance. This is
particularly advantageous when labeled data is limited or expensive to obtain.

Despite its benefits, semi-supervised learning comes with challenges. Unlike inductive
models, semi-supervised models may need retraining when additional unlabeled data

becomes available. This is because the model must continually adapt to evolving patterns
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within the unlabeled data to maintain optimal performance.

Transfer Learning

Transfer learning is a machine learning paradigm that leverages knowledge gained from
solving one task to improve performance on a different but related task. In traditional
machine learning, models are trained for a specific task with a fixed dataset, and the
knowledge acquired during this process is typically not applicable to other tasks. Transfer
learning, on the other hand, allows a model to generalize its learning across different
domains, enabling it to adapt and perform well on new, unseen tasks.

The key idea behind transfer learning is to use a pre-trained model, often trained on
a large dataset for a particular task, as a starting point for a new task. The knowledge
acquired by the model in its initial training is transferred or fine-tuned to the new
task with a smaller, task-specific dataset. This approach is particularly beneficial when
labeled data for the new task is limited, as the model can capitalize on the extensive
knowledge gained during its pre-training.

Transfer learning has proven effective in various domains, such as computer vision and
natural language processing, where pre-trained models like convolutional neural networks
(CNNs) for image recognition or language models for text understanding can be adapted
for specific applications with minimal additional training. This technique accelerates
model training, enhances performance, and promotes efficient use of resources in machine

learning applications [30].

Self-Supervised Learning

Self-Supervised learning is a machine learning paradigm in which a model learns from
data without the need for explicit external labeling. In this approach, the training task is
generated directly from the data, creating a pseudo-supervised learning scenario without
relying on human annotations. The model is designed to perform its prediction gener-
ating its own supervisory signal. An illustrative example of self-supervised learning is
the pre-training of a language model. In this context, the model might be instructed
to predict missing words in a sentence, where portions of the text are deliberately re-

moved, and the model learns to predict the omitted words based on the surrounding
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context. Similarly, in the case of images, the model could be trained to predict the
next sequence in an image, improving its ability to understand spatial and temporal
relationships within visual data. Contrastive learning [62] is a self-supervised method
that improves learning of representations by maximizing the agreement between similar
instances and minimizing it for dissimilar ones. This is achieved through a contrastive
loss, in which positive pairs (similar instances) are brought closer together and negative
pairs (dissimilar instances) are moved farther apart. Self-supervised learning is valuable
in scenarios where obtaining labeled data is difficult or expensive, allowing the model to

derive meaningful representations independently from the data.

3.2 Convolutional Neural Networks

Convolutional neural networks (CNNs) have revolutionized the field of computer vision,
offering a powerful tool for extracting complex features from complex visual data.

Unlike traditional neural networks, CNNs excel at processing grid-like data structures,
such as images, through the application of three key mechanisms: local receptive elds,
weight sharing, and subsampling [6].

Convolutional layers in neural networks consist of multiple planes known as feature
or activation maps. Each map is computed by combining parameters within a local
region of the input image, allowing it to detect specific patterns at different locations.
This concept is related to local receptive fields. Weight sharing is implemented under
the assumption that patterns appear in various image regions, using the same weights
for the entire activation map. This approach mitigates the risk of overfitting by avoiding
an exponential increase in the number of weights. Subsampling gradually reduces spa-
tial dimensions without adding more weights, preserving informative features. Stacking
multiple layers achieves a substantial reduction in spatial dimensions while progressively
increasing feature planes, with convolutional layers handling local receptive fields and
pooling layers managing subsampling (Figure 3.3).

These principles enable CNNs to automatically learn hierarchical representations of
visual information, making them exceptionally effective in tasks such as image classifi-

cation and object detection, where robust feature extraction and position invariance are
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Figure 3.3: Structure of a convolutional neural network for classification.

requested [57].

Convolutional Layers

The convolutional layer performs feature extraction through a combination of linear and
nonlinear operations. This involves applying kernels to input tensors, creating feature
maps that capture different features. The use of filters in the initial layers allows the
network to detect fundamental features such as edges and colors, combining them pro-
gressively in the deeper layers to achieve more abstract representations. In particular,
weight sharing ensures efficient detection of feature patterns at various positions in the

image, promoting translation invariance and spatial hierarchy learning.

Pooling Layers

Pooling layers downsample feature maps to introduce translation invariance and reduce
the number of learnable parameters. Max pooling, the most popular type, extracts
patches and outputs the maximum value, effectively downsampling in-plane dimensions.
Global average pooling, an extreme downsampling method, computes the average of
all elements in a feature map, reducing it to a 1x1 array while retaining depth. This
operation is applied before fully connected layers, reducing parameters and enabling

variable input sizes.
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Figure 3.4: Architecture of the original U-Net. [47]

Fully Connected Layers

Output feature maps from the last convolutional or pooling layer are flattened into a one-
dimensional array and connected to fully connected (dense) layers. Each input is linked
to every output through learnable weights. These layers map the features extracted by
previous convolution and pooling layers to the network’s final outputs, such as class

probabilities in classification tasks.

3.2.1 U-Net

The U-Net architecture, introduced by Ronneberger et al. in 2015 [47], is a widely used
network architecture, specially in medical image analysis. The original idea was taken
as a starting point for the development of numerous variants, making it one of the most
widely used methods for tasks such as image classification and segmentation [52]. This
model excels in pixel-wise classification, making it particularly valuable for the task of

image segmentation.
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The U-Net architecture is a convolutional neural network (CNN) design, where the
objective is to partition an image into distinct regions. Its name is derived from the
U-shaped structure that characterizes its layout, featuring a contracting path (encoder),
a central bottleneck, and an expansive path (decoder).

The contracting path is situated on the left side of the U-Net (Figure 3.4). Each blue
box in this region represents a multi-channel feature map, with the number of channels
indicated on top of the box. The x-y size of the feature map is specified at the lower
left edge. Operations in this section typically involve successive convolutional layers,
often followed by non-linear activation functions such as ReLU. Downscaling is achieved
through processes like max pooling, which reduces spatial dimensions.

The central bottleneck acts as a bridge between the contracting and expansive paths.
It comprises several convolutional layers aimed at capturing abstract features, crucial for
accurate segmentation.

The right side of the U-Net constitutes the expansive path (Figure 3.4). Here, fea-
ture maps are upsampled to recover spatial dimensions lost during the contracting path.
White boxes represent copied feature maps from the contracting path, forming skip con-
nections. These connections enable the combination of high-level semantic information
from the contracting path with detailed spatial information from the expansive path.
The copied feature maps from the contracting path are concatenated with the upsam-
pled feature maps in the expansive one.

Arrows in the diagram indicate the flow of information throughout the network. In
the contracting path, information is progressively abstracted, and spatial dimensions are
reduced. The bottleneck captures high-level features, while the expansive path restores
information gradually, increasing spatial dimensions through up-convolutions. For clas-
sification tasks, a deeper output tensor is needed, with a depth corresponding to the
number of classes to be identified.

U-Net’s architecture is particularly effective for tasks like medical image segmenta-
tion. The combination of the contracting and expansive paths, along with skip connec-
tions, allows the network to exploit both high-level context and fine-grained details for

accurate segmentation.
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Figure 3.5: Architecture of a Vision Transformer (left), with a focus on the Transformer
Encoder internal structure (right). [14]

3.3 Vision Transformers

Convolutional neural networks have dominated computer vision for the past decade, but
their inherent bias toward local spatial structures limits their ability to model long-
range dependencies [64]. Despite efforts to improve CNNs, these limitations persist, and
researchers have explored alternatives. Transformers, introduced in 2017 by Vaswani et
al. [55], which have proven effective in NLP, inspired a paradigm shift in computer vision
through Vision Transformers (ViTs) [14].

The key elements they introduced are the pre-training strategy and the self-attention
mechanism.

Transformers undergo two-stage training: initial pre-training on extensive non-annotated
datasets using self-supervised learning and later fine-tuning on specific tasks. Contrastive
learning ensures invariance to semantic changes. This approach enhances scalability and
adaptability, enabling meaningful representation generation without costly manual an-
notations.

In figure 3.5 it is shown the architecture of a ViT. The main components are:
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Figure 3.6: Example of a single self-attention head used in computer vision. [29]

e Image Patching: ViTs divide input images into non-overlapping patches, which

are then reshaped into 1D vectors;

e Embedding: Reshaped patch vectors undergo linear embedding into a desired

dimensional space using a learnable embedding matrix;

e Positional Encoding: Positional embeddings are added to incorporate spatial
information, allowing the model to discern different patch positions within the

image;

e Transformer Layers: Multiple Transformer layers process the combined patch
and positional embeddings, exploiting self-attention mechanisms and feed-forward

neural networks.

Self-Attention in Transformers

Self-attention is a fundamental mechanism in the Transformer model, designed for struc-
tured prediction tasks by estimating the relevance of items within a sequence. It explic-
itly models interactions between all entities in a sequence, capturing global contextual

information for each entity [29]. The main components of the attention mechanism are:

* Query (Q): it is a vector that represents the element of interest or the context

being examined;
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e Keys (K): they are vectors associated with the elements in the input sequence.
They provide information about the context according to which the query will be

evaluated;

e Values (V): they are vectors representing the content or information associated
with each key. These values are combined on the basis of the attention weights to

form the final output.

e Compatibility Function: it assesses the relationship between the query and each

key. It produces a set of scores meaning how relevant each key is to the query.

represented by X € R" 9, where d is the embedding dimension.

The self-attention layer utilizes learnable weight matrices W?, WK, and WV to
transform the input sequence into query (Q = XW?Q®), key (K = XWK), and value (V =
XWV) representations. Then, for each entity in the sequence, self-attention computes
the dot-product of the query with all the keys, normalized using the softmax operator.
This results in each entity becoming a weighted sum of all entities in the sequence,
where weights are determined by attention scores, given by the compatibility function.

The output Z is then computed using the equation:

QKT
Vd

Z = SoftMax Y (3.3)

To capture complex relationships among elements, multi-head attention is employed
with multiple self-attention blocks (heads). Each block has its set of learnable weight
matrices. The outputs of these attention blocks are concatenated and projected onto a
weight matrix to obtain the final output [55].

Comparing self-attention with convolution, the first dynamically calculates filters
instead of using static filters, resulting in higher flexibility to model both global and
local features [64].

However, the quadratic complexity of self-attention hinders its applicability to longer

sequences (high-resolution images). Some methods have been proposed to address this
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