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The PhD thesis presents the proposed multi-modal medical image processing meth-
ods based on multi-stage deep learning pipeline that combine multiple neural net-
works of various architectures which can perform meaningful detection and segmen-
tation of brain tumors and can be utilized to support radiologists during both the diag-
nostic stage and treatment planning process. The driving force behind the research was
the realization that radiological assessments were being conducted with limited pools
of data and the contention that collective knowledge could be leveraged with Artifi-
cial Intelligence and Data-Driven approaches. Taking into consideration glioblastoma
multiforme, which is a devastating cancer with the potential to cause death within six
months, the goal of any established treatment plan is to extend life expectancy while
maintaining the patient’s quality of life and functionality. Radiologists use computed
tomography (CT), positron emission tomography (PET) and magnetic resonance imag-
ing (MRI) scans to determine the tumor localization, size, and stage of advancement,
as well as the amount of radiopharmaceutical which should be injected into the tumor
during invasive examinations or postoperatively after resection. These substances are
intended to damage tumor cells along with normal, noncancerous brain cells. Radiol-
ogists and oncologists evaluate the volume of radiopharmaceutical administered and
the probability of local cure TCP (Tumor Control Probability) based on microdosimetry
methods, which involve dosimetric measurements of radiation exposure. A volume of
radiopharmaceutical which is too high has the potential to damage healthy brain cells,
while a volume that is too low will not effectively eradicate cancer cells. At present, the
measurement of glioma volume is typically performed manually by radiologists, which
is a time-consuming process and prone to human error. The challenge that remains to
be addressed is the accurate determination of the percentage of the entire tumor tissue
volume that has been reached by the radiopharmaceutical. This value is closely related
to the tumor volume and thus is critical to the success of the modern approach. From
the author’s position, there appeared to be a lack in the processing of all multimodal
medical data from MRI, CT and PET(on which one can observe the metabolic activity
of tumors) examinations for which calculations of the surface area and volume could
be conducted specifically for patients with gliomas. Additionally, most of the work
being conducted deals with the models themselves as opposed to the holistic imple-
mentation of the models. This gap includes the fundamental area of “explainability”
of the models and applicability of the methods to healthcare providers and the medical
industry at large.

To this end, computer-based methods have been developed that automatically de-
tect tumors, define their localization, visualize their shape, and calculate their volume.
The thesis introduces the standard for the development of medical data processing so-
lutions by defining a universal six-stage MeDAPR framework. The author explored
classical active contour algorithms and implemented methods to compute tumor vol-
ume based on Edge and Chan-Vese approaches. The author designed and implemented
anovel method for removing bone tissues from CT-correlated PET scans. Additionally,
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the author designed and implemented a Phantom-based Verification and Calibration
Method (PVCM) to validate and evaluate the accuracy of algorithms and assistance in
setting the correct thresholds. Furthermore, the author implemented a method combin-
ing U-Net and the Morphological Geodesic Active Contour algorithm. To fuse multi-
modal images such as CT, PET, and MR produced by various diagnostic devices, the
author introduced the CNN-based methods. The author created tools which generate
additional training data consistent with the original and to unify labels provided for the
medical data. The author designed and implemented Tumor Area Cropper with U-Net
architecture generator as, based on the authorial novel equation that allows calculation
of the U-Net architecture depth, based on the image input size. The author created a
series of research experiments with the usage of the U-Net model to evaluate the ac-
curacy of the segmentation based on the fused CT and PET scans. Additionally, the
author introduced multiple methods based on convolutional neural networks (CNNss),
YOLO v4, Mask R-CNN, and U-Net, combining the modeling into pipelines with one
or two stages, to perform efficient and accurate image segmentation and classification
tasks. The author elaborated on hyperparameter tuning of Mask R-CNN, including
verification of backbones. The originality of the proposed solution relates also to the
utilization of different multimodal medical data in the experiments.

Moreover, the author states that cloud-based technologies are necessary to build a
complete solution targeting healthcare institutions - the universal automated cloud ar-
chitecture developed, which allows for training and for running models in batch mode,
can be implemented in both medical and research units working on medical data. The
author proposed methods for parallel processing. The proposal of a novel architec-
ture for federated learning - allowing multiple parties to collaboratively train a model
without sharing their data - is also made in the dissertation. Additionally, the research
explores the use of explainable Al methods, such as Grand-CAD, to enhance the inter-
pretability of the CAD system and ensure trustworthiness and transparency. The work
presents innovative solutions based on knowledge of the fields of computer science,
computer vision, image processing, and design of CAD systems which utilize intro-
duced state-of-the-art techniques. The work proposes an original solution in the field
of applying the results of the author’s scientific research in the healthcare industry.

In this work the author proposes several ideas to continue the work of redefin-
ing the application of new technologies in healthcare, particularly in the context of
medical imaging. The newly introduced methods and results obtained in the research
as presented in this thesis have a high potential for implementation in industrial and
commercial practice. This research may lead to the development of new products and
services, further algorithms, or tools in the field of medical imaging, and development
of new methods in the field of computer vision image analysis with robotics or au-
tonomous machines where precise object detection based on grayscale images is re-
quired. The author’s deep belief and intention was to develop methods, algorithms,
and procedures for the fully automated detection and segmentation of specific objects
- mainly brain tumors, and the prostate — while integrating the necessary work of med-
ical health professionals along with best practices for patients.

Keywords: medical image processing, computer vision, tumor detection, tumor
segmentation, CAD, deep learning
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Wydziat Elektryczny Politechniki Warszawskiej
Rozprawa doktorska
Metody przetwarzania wielomodalnych obrazéw medycznych do systemu
komputerowego wspomagajacego diagnozowanie guzéw mézgu
mgr inz. Estera Kot

Rozprawa doktorska przedstawia metody przetwarzania wielomodalnych obrazéw
medycznych, bazujace na kilkuetapowym procesie opartym na modelach sieci neu-
ronowych o réznorodnych architekturach, a umozliwiajace skuteczna detekcje i seg-
mentacje guzow moézgu. Metody te moga by¢ stosowane jako wsparcie komputerowe
dla radiologéw - zar6wno podczas diagnostyki obrazowej, jak i planowania leczenia.
Motywacja do podjecia tego tematu w pracy doktorskiej byla §wiadomos¢ tego, jak
czasochlonnym zadaniem jest dokonywanie ocen radiologicznych przeprowadzanych
manualnie przez wysoko kwalifikowanych ekspertéw na podstawie ograniczonych
danych medycznych. Wspoélczesnie dostepne algorytmy sztucznej inteligencji przy za-
stosowaniu podejécia opartego na przetwarzaniu i analizie danych medycznych moga
postuzy¢ jako zrédio niezaleznej opinii przy detekcji zmian, opisie, ocenie wlasciwosci
choroby i interpretacji stopnia jej zaawansowania.

Jednym z najbardziej agresywnych nowotworéw moézgu jest glejak wielopostaciowy
IV stopnia (nowotwor gleju gwiazdzistego), ktéry cechuje sie ztym rokowaniem (wiek-
szos¢ chorych nie przezywa 6 miesiecy od momentu postawienia diagnozy). Celem
leczenia pacjentéw ze zdiagnozowanym glejakiem jest przedtuzenie ich oczekiwanej
dtugosci zycia przy jednoczesnym podtrzymaniu jako$ci zycia oraz sprawnosci.

Radiolodzy bazuja na wynikach badan tomografii komputerowej (CT), pozytonowej
tomografii emisyjnej (PET) oraz obrazowania rezonansem magnetycznym (MRI) w
celu okreélenia umiejscowienia, wielkosci i stadium zaawansowania nowotworu, jak
réwniez docelowo objetosci radiofarmaceutyku, ktéry jest podawany do lozy poopera-
cyjnej powstalej po resekcji guza. Podana substancja ma na celu uszkodzenie komérek
nowotworowych. Objetos¢ podanego radiofarmaceutyku i prawdopodobieristwo er-
adykacji nowotworu (TCP - Tumor Control Probability) radiolodzy i onkolodzy oce-
niaja na podstawie metod mikrodozymetrii, ktére obejmuja pomiary dawek radia-
cyjnych. Jesli objetos¢ radiofarmaceutyku jest zbyt duza, to na skutek jego podania
moga zosta¢ uszkodzone réwniez zdrowe komoérki mézgu. Tymczasem zbyt mata ob-
jetos¢é radiofarmaceutyku nie bedzie w stanie skutecznie zniszczy¢ wszystkich komoérek
nowotworowych. Obecnie pomiar objetosci glejaka wykonywany jest recznie przez ra-
diologéw przy zastosowaniu oprogramowania pozwalajacego na zaznaczanie jedynie
prostych form geometrycznych, przez co proces ten jest czasochlonny i obarczony
ryzykiem bledu. Problemem, ktérego rozwiazanie nalezy opracowag, jest tu okreslenie
procentowo catkowitej objetosci tkanki guza, do ktérego dotart radiofarmaceutyk.

Wspomniana warto$¢ procentowa jest Scile zwiazana z objetosciq guza i ma kluc-
zowe znaczenie dla powodzenia wspoétczesnie stosowanej metody leczenia. Autorka
zwraca uwage, ze brakuje obecnie metod przetwarzania badar obrazowych mézgu
pochodzacych z ré6znych modalnosci, tzn. MRI, CT i PET (obrazujacego aktywno$c¢
metaboliczng guzéw i ich przerzutéw), na podstawie ktérych wykonywane jest au-
tomatyczne obliczanie powierzchni i objetosci guzéw. Ponadto wiekszo$¢ opracowan
traktuje o samych modelach oraz ich skuteczno$ci, pomija za§ oméwienie mozliwosci
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wdrozenia tych modeli przez dostawcéw ustug opieki zdrowotnej i wyjasnienia doty-
czace pézniejszych dziatan.

W opisanym kontekscie autorka opracowata zestaw metod komputerowych au-
tomatycznie wykrywajacych umiejscowienie guzéw, wizualizujacych ich ksztatt i oblicza-
jacych objetos¢. W niniejszej pracy zdefiniowano uniwersalny szesciostopniowy sys-
tem (MeDAPR) rozwiazan przetwarzania danych medycznych przy przeprowadzaniu
detekcji i segmentacji guzéw. Na podstawie klasycznych algorytméw aktywnego kon-
turu autorka przygotowata algorytmy obliczania objetosci glejakéw oparte na podejs-
ciu typu Edge i Chan-Vese. Opracowano metode usuwania tkanki kostnej z obrazéw
PET skorelowanych z badaniami CT. Ponadto autorka stworzyta nowatorska metode
ewaluacji parametréw algorytméw realizujacych mierzenie pola powierzchni i obje-
tosci guzow mézgu oraz ocene ich doktadnosci - metode wykorzystujaca wyniki badan
prowadzonych w toku do$wiadczen z uzyciem fantomu fizycznego PET-CT (PVCM).
Opracowano réwniez metode taczaca sie¢ neuronowa U-Net i algorytm morfologicznego
geodezyjnego aktywnego konturu stuzaca do precyzyjnego wyliczania objetosci gle-
jaka. By umozliwi¢ taczenie wielomodalnych obrazéw medycznych takich jak CT,
PET i MRI, tj. pochodzacych z réznych urzadzen diagnostycznych, wprowadzono
metody fuzji wspomnianych badarn bazujacych na sieciach konwolucyjnych. Autorka
opracowatla wlasne narzedzia generujace dodatkowe dane treningowe oraz narzedzia
umozliwiajace ujednolicenie etykiet (nazw klas) dostarczanych dla danych medycznych
przez radiologéw. Zaprojektowano i implementowano narzedzie stuzace wycinaniu
obszaru guzéw ze skanéw, polaczone z generatorem architektury U-Net, ktory z kolei
oparty jest na autorskim nowym réwnaniu pozwalajacym obliczy¢ gtebokos¢ architek-
tury modelu U-Net na podstawie wielkosci wejSciowego obrazu. Autorka przeprowadz-
ita serie eksperymentéw badawczych z uzyciem modelu U-Net w celu dokonania oceny
doktadnosci segmentacji opartej na danych bedacych fuzja badarn CT i PET. Wprowadz-
ita ponadto zestaw metod bazujacych na konwolucyjnych sieciach neuronowych (CNN)
takich jak YOLO v4, Mask R-CNN i U-Net, faczac modele w jedno- lub dwustopniowe
procesy, co ma stuzy¢ skuteczniejszemu i dokladniejszemu przeprowadzaniu zadania
klasyfikacji i segmentacji. W niniejszej pracy oméwiono dobieranie hiperparametréw
dla modelu Mask R-CNN, w tym weryfikacje ré6znych kregostupéw sieci. Oryginal-
no$¢ proponowanego rozwiazania zwiazana jest réwniez z faktem, ze opracowane
metody kazdorazowo wykorzystano i zweryfikowano na wielomodalnych danych me-
dycznych.

Autorka kladzie szczeg6lny nacisk na fakt, ze technologie wykorzystujace chmure
obliczeniowa maja role kluczowa dla zbudowania kompleksowego rozwiazania, ktére
skierowane bedzie do instytucji opieki zdrowotnej. Opracowano tu uniwersalna ar-
chitekture chmurowa umozliwiajaca trenowanie oraz uruchamianie modeli sztucznej
inteligencji w trybie wsadowym. Architektura ta moze znalez¢ zastosowanie zaréwno
w jednostkach medycznych jak i badawczych, pracujacych nad danymi medycznymi.
Zaproponowano takze metody réwnolegtego przetwarzania danych. Niniejsza praca
przedstawia takze propozycje nowatorskiej architektury dla uczenia federacyjnego —
pozwalajacej licznym instytucjom na wspodlne trenowanie modeli sztucznej inteligencji
bez konieczno$ci udostepniania swoich danych. Dodatkowo autorka poruszyta kwestie
uzycia metod sztucznej inteligengji takich jak Grand-CAD w celu zwigkszenia interpre-
towalnosci (tj. zrozumienia tego, w jaki sposéb model uczenia maszynowego podjat
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decyzje) systemu komputerowego wspomagania diagnozy CAD (computer-aided di-
agnosis) oraz poprawienia wiarygodnosci oraz przejrzystosci wynikéw zwracanych
przez opracowane modele.

Niniejsza praca doktorska prezentuje innowacyjne rozwiazania oparte na wiedzy z
dziedzin informatyki, wizji komputerowej, przetwarzania obrazéw oraz projektowa-
nia systeméw CAD, bazujace na nowoczesnych i opracowanych metodach. Zawiera
ponadto propozycje oryginalnych rozwiazann w dziedzinie wdrazania i zastosowania
wynikéw wiasnych badan naukowych w sektorze stuzby zdrowia.

Autorka przedstawia wreszcie propozycje kontynuacji prac badawczych w obszarze
zwigkszania zastosowania nowych technologii komputerowych w opiece zdrowotnej,
zwlaszcza w kontekscie przetwarzania danych medycznych. Opracowane metody
i uzyskane wyniki maja potencjal wdrozeniowy w praktyce przemystowej i komer-
cyjnej, moga utatwi¢ implementacje nowych produktéw i ustug, kolejnych algoryt-
mow, czy narzedzi w dziedzinie przetwarzania obrazéw medycznych oraz rozwijania
nowych metod w dziedzinie analizy obrazéw z zakresu wizji komputerowej, robotyki
czy autonomicznych maszyn - a takze innych obszaréw, w ktérych prace wymagaja
precyzyjnego wykrywania obiektéw na podstawie obrazéw w skali szarosci. Intencja
autorki bylo opracowanie metod, algorytméw i procedur automatycznego komput-
erowego wykrywania i segmentacji obiektéw — gtéwnie guzéw mobzgu i prostaty —
przy jednoczesnej wspoélpracy ze specjalistami opieki zdrowotnej, ostatecznie w celu
uzyskania poprawy skuteczno$ci w diagnozowaniu pacjentow.

Stowa kluczowe: przetwarzanie obrazéw medycznych, widzenie komputerowe,
wykrywanie guzéw, segmentacja guzéw, komputerowe wspomaganie diagnostyki, glebokie
uczenie.
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Chapter 1

Introduction

It is well accepted within even the general population that cancer as a grouping of
related diseases is a significant global health issue. The statistics across 204 nations
bear this out [9,10]. Narrowing the scope to the United States, the probability in each
person’s lifetime of receiving an invasive cancer diagnosis is 40.2% in men and 38.5% in
women [11]. In 2022, it is estimated that 1.9 million new cancer cases will be diagnosed,
and 609,360 people in the United States will die from cancer, which corresponds to
almost 1,700 deaths per day [11]. In the United Kingdom, the National Institute for
Health and Care Excellence (NICE) predicts that one in two people will develop cancer
at some point in their lives [12].

The COVID-19 (coronavirus) pandemic had an irreparable impact during 2020,
with one consequence being hindering cancer diagnosis and treatment [11]. Adding
the ensuing necessary adjustment in research efforts into the COVID/Cancer equation,
one cannot deny the medical research landscape with regards to cancer has been per-
manently altered [9]. Regardless of the complications, solutions must be proposed in
order to drive diagnoses and treatments in manners which positively impact patient
processes and outcomes. Groundbreaking research is entirely possible, regardless of
the circumstances, as this thesis proposes.

According to reports from Cancer Research UK, brain, other central nervous sys-
tem (CNS), and intracranial tumors are the ninth most common group of cancers in
the UK [13]. The central nervous system regulates the functions of the human body,
therefore, damage or impairment to this area has the potential to affect all bodily func-
tions [10,11]. Since the 1990s, there has been a 39% increase in brain tumor incidence
rates. Gliomas are a type of tumor which occurs in the brain or spinal cord, deriving
from glial cells that form the stroma of nerve tissue. Gliomas make up about 70% of all
intracranial tumors, with glioblastoma (GBM) being the most aggressive primary brain
tumor [14]. GBM is classified as a grade IV tumor by the World Health Organization
with a mortality rate of 100% if left untreated [15]. GBM is a devastating cancer with
the potential to cause death within six months, having a median survival time of 14.6
months for patients who follow a treatment plan [16]. The goal of any established
treatment plan is to extend life expectancy while maintaining the patient’s quality of
life and functionality. Despite efforts to prevent cancer and advances in highly spe-
cialized medical equipment for cancer treatment, the number of cancer patients (which
includes GBM) continues to increase every year [17].

One of the oldest codes of conduct for all members of the medical profession is the
Declaration of Geneva, based on the Hippocratic Oath, states in part “The health of
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my patient will be my first consideration” [18]. One is compelled to apply this decla-
ration in the face of GBM, given the mortality rate. Obtaining clinically relevant and
meaningful diagnostic information in the case of gliomas demands that doctors, nu-
clear medicine physicians, and radiologists rely heavily on medical imaging to deter-
mine diagnoses and prognoses. The broad use of various imaging modalities such as
Computed Tomography (CT), Computed Tomography-Positron Emission Tomography
(CT-PET), and Magnetic Resonance (MR) imaging is commonplace.

This modern healthcare approach focusing on various data has led to an increase
in overall patient data, including medical images. Artificial intelligence techniques
have become increasingly successful in radiology, specifically for image-based diagno-
sis, disease detection, and treatment planning [19]. Medical imaging techniques are di-
vided into structural and functional methods. Structural methods such as MRI and CT
produce high-resolution scans with structural and anatomical information. Functional
methods such as PET and single photon emission computed tomography (SPECT) pro-
duce low-resolution scans with functional information. Medical image fusion com-
bines data from one or more modalities into a single image while maintaining all essen-
tial data and image quality. This fused image is then used for further manual or auto-
mated image analysis. Fusion increases clinician capacity providing additional context
during the critical stage of the diagnosis and treatment process. Clinicians are assisted
by computerized solutions in tumor area detection and localization with glioma tissue
segmentation — measurement of size and volume, and analysis utilizing a blending of
CT, PET and MRI scans.

Vast improvements have been made in the diagnostic efficiency in assessing abnor-
mal tissue by the use of computer solutions. Due to the high incidence of central ner-
vous system cancers worldwide, there is a critical need to develop computer-aided di-
agnosis (CADx) and computer-aided detection (CADe) methods that can significantly
impact healthcare approaches and patient care. Further to this end, the Department
of Nuclear Medicine of the Warsaw Medical University, located in the Central Clini-
cal Hospital of the University Clinical Center of the Warsaw Medical University, has
been conducting clinical trials for a novel treatment strategy for patients with stage
four glioblastoma multiforme (GBM). The research presented in that dissertation was
developed in collaboration with and for these clinicians.

The demand for image recognition technologies has increased due to their ability
to identify and analyze visual data, especially in medical imaging. The market for im-
age recognition is experiencing significant growth, with investment in the healthcare
industry being the highest among all industries at 28.4% [1]. The global image recog-
nition market is projected to grow at a compound annual growth rate (CAGR) of 21.8%
over the period 2017-2025 which is presented in Fig. 1.1. This growth is due to the
increasing adoption of image recognition technology in various industries, including
healthcare, automotive, retail, and security, among others.
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Increase in use of image recognition
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FIGURE 1.1: The impact of increasing applications across different
industries and regulations published by Allied Market Research in
2022 [1].

1.1 Research Aim and Thesis Statement

The problem addressed in this thesis involves the processing of multimodal medical
images, which varies from patient to patient. A comprehensive view of the patient’s
scans is required, including fusion of data from distinct imaging modalities, such as
PET and CT, to facilitate better visualization and diagnosis. Further, the thesis aims
to develop methods for measuring the surface area and volume of brain tumors. A
supplemental objective is the creation of a system for conducting screening tests, to im-
prove the radiologist’s accuracy and efficiency by focusing attention on specific iden-
tifiable structures. The primacy of the medical problem addressed in this dissertation
is undeniable, as the aggressive rate of progression of GBM and a 100% mortality rate
amplifies the significance of any effort to prolong and improve the quality of patient’s
lives, during concerted efforts to cure them.

The objective of this research was to develop algorithms, methods, and procedures
for the automated detection and segmentation of brain tumors based on fused multi-
modal medical images. The author utilized advanced techniques from Al, computer
vision, software engineering, and platform-based development to devise innovative
solutions for measuring brain tumor size and volume, while also providing a repro-
ducible process that can serve as a decision support system. Several methods, algo-
rithms, and ideas from the body of the thesis research have been published in relevant
academic journals and presented at conferences to showcase the originality and inno-
vative approach, as well as to gather feedback from experts in the field.

The conducted research has been divided into assessment and introducing new
methods grounded in:

1. Classical active contour algorithms.
2. Convolutional neural networks, including critical assessment of multiple models.

3. Multimodal medical data fusion strategies.
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4. Cloud-based technologies to build a complete solution targeting healthcare insti-
tutions.

The conducted examinations, created innovations and developed methods presented
as results of the research done between the years 2016 and 2023, aim to prove the pri-
mary objective of the thesis: The methods based on a proposed multi-stage deep
learning pipeline that combine multiple neural networks of various architectures
are capable of performing meaningful detection and segmentation of brain tumors
and are able to be utilized in order to support radiologists during both the diagnostic
stage and treatment planning process.

In addition to the primary objective of the thesis, the author also set out to achieve
several additional goals contributing to the computer science field applied to the health-
care industry, which are as follows:

¢ The introduction of MeDaPr - a Medical Data Processing framework - to structure
the approach when working with medical data.

¢ The proposal of a novel architecture for Federated learning in collaboration with
three institutions from the USA, Poland, and Germany.

¢ Evaluation of an approach which explains the results returned by deep neural
network models used for the automated detection and segmentation of brain tu-
mors.

* The leading of a discourse regarding the significance and potential impact of
the thesis contributions for the field of computer science and its applications in
healthcare and beyond.

The expertise and collaboration of medical professionals were provided by a team
of radiologists and nuclear medicine physicians from the Nuclear Medicine Depart-
ment of the Medical University of Warsaw, at the Central Clinical Hospital (Banacha
Szpital), as well as a team of radiologists and oncologists from the Lower Silesian On-
cology Center in Wroclaw (Dolnoslaskie Centrum Onkologiczne). The data was provided
by the aforementioned institutions under conditional agreements and is not publicly
available due to privacy and ethical considerations. In the context of the thesis, both
qualitative and quantitative results play important roles in evaluating the effectiveness
of the proposed methods and algorithms. Qualitative results focus on the visual in-
spection of the segmentation results, with experts in the field analyzing and evaluating
the accuracy of the proposed methods. Qualitative results additionally serve to iden-
tify the strengths and weaknesses of the proposed methods, providing insights into
areas that may require further improvement. Alternately, quantitative results involve
measuring the performance of the proposed methods utilizing metrics such as accu-
racy, sensitivity, specificity, and the Dice score. These metrics provide a more objective
evaluation of the proposed methods and are employed to compare the performance
of different algorithms. Overall, both qualitative and quantitative results are vital in
accurately evaluating the effectiveness of the proposed methods and provide valuable
insights for future methodological improvements.
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1.2

Overview of the Thesis Contents

The aim of this thesis was to create computer vision techniques, methodologies, and
processes for identifying and segmenting brain tumors from multimodal medical im-
ages. The following content and issues are included in the following chapters:

1.

Introduction — The first chapter describes the field of computer aided decision
support systems in medicine. The main objectives of the dissertation are pre-
sented, and the thesis is described in detail.

Fundamentals of Medical Imaging — The second chapter emphasizes the signifi-
cance of brain tumors, including glioma, as an extreme challenge even for modern
medicine. The chapter covers the methods of diagnosis of brain tumors and the
role of medical imaging currently applied in the diagnostic process.

Literature Review — The third chapter presents an overview of existing research
on the computer-aided diagnosis of brain tumors. The chapter encompasses tools
that allow for automated detection and segmentation of tumors and assesses
which areas of research still require exploration and identification of new solu-
tions.

Introduction of a Medical Data Processing Framework — The fourth chapter
presents a structured approach towards medical data processing, categorizing
all activities into defined stages.

Active Contour Approach for Image Segmentation — The fifth chapter presents
the initial study and methods for developing computer vision algorithms us-
ing active contour methods. The chapter describes the methodology used and
presents the results of the study.

Convolutional Neural Network-based Approach for Segmentation — The sixth
chapter presents the secondary study and methods for developing computer-
vision algorithms using deep neural networks. The chapter describes the method-
ology used and presents the results of the study.

Proposed Novel Architecture for the Healthcare Industry — The seventh chapter
describes the industry deployment and architecture which was created as part of
the research. The chapter covers the technical details of the deployed system and
the challenges faced during deployment.

Conclusions — The eighth chapter summarizes the results and presents the con-
clusions from the conducted research. The chapter also provides a short summary
of each novelty and highlights their potential impact on the field of computer-
aided diagnosis.



Chapter 2

Fundamentals of Medical Imaging

Nuclear medicine is an essential medical imaging technique that makes use of a small
quantity of radioactive material for diagnostic and therapeutic purposes. It is utilized
for the diagnosis and treatment of various medical conditions, including but not lim-
ited to cancer, heart disease, and neurological disorders. Nuclear medicine imaging
affords unique insights into the human body that are typically inaccessible via other
imaging modalities such as X-rays, computed tomography (CT) scans, and magnetic
resonance imaging (MRI). The ability to detect the presence of disease, determine the
extent of the ailment and monitor the effectiveness of treatment is unparalleled. Fur-
thermore, nuclear medicine can detect the presence of abnormal cells or tissues, such
as tumors, and measure organ activity, such as the heart and lungs.

Notably, X-ray and gamma-ray photons are applied to provide unique insights into
the human body; however, these types of radiation can cause significant harm to living
cells and tissues. This holds true for other particle radiation such « and . Radiation in-
duced DNA damage can result in cell death, mutation, and carcinogenesis as the main
target for radiation-induced biological effects is deoxyribonucleic acid (DNA), located
in the nucleus of mammalian cells. Due to the human body’s constant exposure to cos-
mic and terrestrial radiation, several DNA repair mechanisms have been developed to
combat radiation damage. Thus, a meticulous evaluation and balancing of the poten-
tial benefits against the hazards of ionizing radiation must be conducted before any
radiological examination [20].

This chapter provides an overview of the fundamental concepts of nuclear medicine
as a diagnostic and therapeutic tool, as well as the types of medical imaging modali-
ties and their acquisition. The chapter further describes novel treatment strategies and
clinical trials currently being conducted at the Nuclear Medicine Department of the
Medical University of Warsaw, located at the Central Clinical Hospital, focusing on
patients diagnosed with glioblastoma.

2.1 Computed Tomography: A Fundamental Component

Computed tomography (CT) involves X-rays and the measuring of their attenuation in
the human body. The emitted wave becomes weaker as it passes through human tis-
sue. The design of the CT is constructed in such a manner that it is possible to observe
even the smallest changes in the energy of the X-ray wave. On this basis, an absorption
map of the cross-section of the human body is created, used for two-dimensional visu-
alization. The output images are a series of equidistant sections of the human body, the
most common images are 512x512 pixels, which correspond to voxels on the detector
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array. A characteristic feature attributed to computed tomography is favorable contrast
sensitivity, compared to magnetic resonance imaging (MRI).

In CT, the stored image in a DICOM file has up to 65,536 brightness levels. Humans
are able to distinguish up to approximately 60 levels of gray, which in combination with
the 65,536 levels in the stored image, makes the simple rewriting of the pixel value to
the file in a lossless conversion an unattractive option. Such an image is of little use
as it does not bear any distinguishable diagnostic features. In order to assess how the
creators of medical software address this issue, it was necessary to become acquainted
with the available software for displaying medical images. One example of such a pro-
gram is Radiant [2]. Working with the application revealed an option in which it is
possible to adjust the window of displayed gray levels. Such an operation, in essence,
involves narrowing the brightness levels to a specific window, and then saving that
window to a specified number of gray levels which is distinguishable to the human
eye. Pixels with a frequency exceeding the indicated window are catalogued to the
highest and lowest level in the applied scale. The aforementioned method was imple-
mented in the Python programming language. The use of such an image formatting
operation allows for the highlighting of image structures and emphasizes their charac-
teristic features. In the case of the used files containing computed tomography data, the
window was defined within the limits [1015-1105] which was recorded at 255 levels.

This selection of parameters allowed for the visualization of a satisfactory number
of diagnostic features. The formula describing the applied transformation is as follows
in Eq. 2.1.

1015‘255§ X '255§1115

Xmax Xmax Xmax

. 255 @2.1)

where x is the brightness of a single pixel.

CT scans present intracranial images of the soft tissues and structure of the brain
surrounded by cerebrospinal fluid (CSF). The aspects of GBM make them nearly im-
perceptible on CT scans. Therefore, PET scans are typically utilized during brain exam-
inations. The most accurate visualization of a tumor inside the brain utilizes the fusing
of PET and CT results from the same CT-PET scanner. CT scans produce results which
are reflections of the structure of the brain revealed as a level of grey, indicated by a
measure of Houndfield units, the degree of absorption of X-rays. The digital CT scan
is represented in 12-16-bit greyscale (from 4096 to 65536 grey levels). The Hounsfield
Scale standardizes CT scans, though it is not applicable to MRI scans.

2.2 The Basics of Positron Emission Tomography

Positron emission tomography (PET) is one of the lesser invasive methods used in brain
medical imaging. This method of identifying cancer cells is based on the intravenous
administration of a radioactive substance that breaks down B+ (a positron-emitting
radionuclide used in the radioactive substance injected for imaging purposes). The
preparation is accumulated in neoplastic cells, due to the fact that metabolism in in-
fected places is faster than in healthy cells, and neoplastic networks require an in-
creased demand for nutrients. Post accumulation, this substance decomposes, and
positrons are released. The design of PET ensures the precise localization of positron
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emission and its subsequent location in the patient’s body. Images obtained after PET
examination represent a series of equidistant sections of the patient’s body, most of-
ten recorded at a resolution of 336 x 336 pixels. PET images are negative compared to
CT images. The feature that PET brings to the final image is the unambiguous deter-
mination of the nature of the tissues, their precise location in the body, indication of
their boundaries and the provision of information on the molecular characteristics of
infected sites.

By analyzing the origin of PET images, one can see the similarity to CT, which may
indicate the necessity to use the brightness window excision method. Considering that
the use of a PET is aimed at determining the location of the tumor, a different strategy
for image transformation is indicated. A larger window of brightness levels must be re-
tained to reduce the amount of information lost. This strategy must be chosen because
the retained brightness levels will have a decisive influence on the subsequent quality
of the fusion created. The Radiant PET data visualization software was again used to
adjust the brightness window. In places where the brain tumor cannot reside, a large
amount of noise from the device was observed. The collected experiments allowed the
determination of the lower range of the brightness window in such a manner as to fil-
ter out the generated noise. The upper brightness points were located on a level above
which the information is not essential and will be condensed in order to clearly define
the tumor’s location. Overall, the strategy was adopted to visualize the tumor’s con-
tour, and the interior of this contour was mapped to the maximum brightness value to
facilitate tumor localization. This approach allows for simple detection of the location
of the tumor in the fusion image without losing vital information regarding the extent
of the tumor. The final window was set to [500-10000] which was saved at 255 levels
of the grayscale. The formula describing the applied transformation is as follows in
Eq.2.2.

500 255 < X _255§10000

Xmax Xmax Xmax

. 255 (2.2)

where x is the brightness of a single pixel.

2.3 The Foundations of Magnetic Resonance Imaging

Magnetic resonance imaging (MRI) works by inducing a resonance phenomenon in a
strong magnetic field. The test object is placed inside an electromagnet, the power of
which can oscillate within 3 Tesla. Additionally, an electromagnetic radio frequency
wave is generated at a point on the patient’s body. The tissue in the patient’s body
that absorbs the radio wave beam begins to resonate, which causes a change in the
magnetization parameters in this area. After the end of the radio wave transmission,
the excited area returns to its initial state, emitting energy in the form of a wave with the
excitation frequency. Magnetic resonance has been designed in such a manner that it is
possible to observe all magnetic field anomalies and register all waves emitted from the
patient’s body. In this way, the relaxation time is recorded for individual body tissues.
The difference in these times allows for the determination of the type and density of the
studied area. During an examination, the indicated area of the human body is scanned,
and a two-dimensional image is reconstructed based on the collected relaxation times.



Chapter 2. Fundamentals of Medical Imaging 9

The resolution of the received images depends on the diagnostic equipment used and
the parameters used by the operator, with the most common being a 392 x 448 pixel
table. A feature that distinguishes MRI from other devices for visualizing the human
body is the high level of detail, therefore MRI often supplements the information from
computed tomography scans. MRI offers a more accurate representation of the soft
tissues of the human brain than CT. As much data as possible from this image should
be preserved since the tumor is the most common tissue among the tissues. In this case,
the decision was made to scale the entire brightness range offered by the device to 255
brightness levels. The formula describing the applied transformation is as follows in
Eq.2.3.

X

y= . 255 (2.3)

xmax

where x is the brightness of a single pixel.

Such a number of brightness levels will allow for the maintenance of the features of
the MRI image to a satisfactory degree. The narrow brightness scale will allow the dif-
ferences to be noticed in the fusion images and determine the usefulness of the created
fusion. Another issue worth mentioning is the fact that a large number of brightness
levels are lost, which may later translate into errors in the operation of deep neural
networks in which the fusion is to be used. The application will have the option to
modify each of the parameters presented in this chapter, which allows the operator to
designate the optimal settings.

2.4 Microdosimetry in the Treatment of Brain Tumors

Glioblastoma multiforme can be characterized by infiltrative growth, rapid tumor spread,
and intense migration within the surrounding nerve tissue. The tumor infiltrates along
nerve fibers, blood vessels, and soft meninges before surrounding nerve cells, im-
peding complete surgical resection and resulting in tumor recurrences. Nonetheless,
gliomas generally lack metastatic capacity. Fig. 2.1 presents the MRI scan for a 15-year-
old patient with glioblastoma multiform detected.

The treatment of glioblastoma primarily targets (a) tumor tissues located within
the volume of the tumor and (b) tumor tissue remaining within the surgical cavity or
around its periphery.

Therapeutic methods assume:

1. The use of isotopes that emit radiation, particularly alpha particles, is an effective
strategy for selectively destroying cancerous tissues while minimizing damage to
healthy tissues. Alpha particles fulfill the necessary conditions for this approach.

2. The use of a radiopharmaceutical (rad-farm) that incorporates a ligand with rapid
and selective accumulation in tumor tissues, including both the tumor site and
surgical cavity, and has slow metabolism, represents a promising approach.

3. The feasibility of repeat therapy.

4. The ability to confirm the accuracy of radiopharmaceutical administration, for
instance by using PET scans, is crucial for optimizing treatment outcomes.
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FIGURE 2.1: MRI of the head with contrast illustrating a glioblastoma
multiform in a 15-year-old patient. Figure provided by the collaborative
radiologist, Czwarnowski, P.

Direct methods of radiopharmaceutical administration include:
¢ Vein injection, which can result in high levels of internal radiation in the patient.

¢ Direct injection of the radiopharmaceutical into the tumor volume or the surgi-
cal site, which can significantly reduce internal radiation exposure to the patient,
limited to the treated volume. However, this method necessitates surgical inter-
vention.

The intracerebral administration method described above necessitates a flexible
container-catheter set. The container is designed to be flexible, and the catheter is surgi-
cally inserted into the tumor volume or postoperative cavity post tumor resection. The
container remains outside the skull, positioned just beneath the skin surface. Fig. 2.2
depicts the intracerebral administration set.

During the treatment phase of targeted alpha radionuclide therapy, a solution with
a high concentration of rad-farm comes into contact with a tissue microstructure that
has no rad-farm concentration, initiating a diffusion-like process that mainly utilizes
microcirculation in the tumor tissues. This process transports the alpha-particle emit-
ting isotope and results in the destruction of tumor tissues [21]. The efficacy of the
therapy can be significantly influenced by the controlled compression of the radium
pharm set container because the force and timing of the pressure determine the con-
tact surface’s shape between the solution containing the rad-farm and the surrounding
tissues. This contact surface’s shape changes the rate at which rad-farm is introduced
into the microcirculation in tumor tissues, which is the same as the isotope’s rate of
entry and subsequent transport. It is crucial to keep in mind that the therapeutic effect
depends on the isotope, while the rad-farm properties determine the isotope’s trans-
port in radioisotope therapy. Figure 2.3 presents an example of reflux resulting from a
clogged catheter or too rapid administration of a radiopharmaceutical.
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FIGURE 2.2: The intracerebral administration method described above

necessitates a flexible container-catheter set. The container is designed to

be flexible and the catheter is surgically inserted into the tumor volume

or postoperative cavity after tumor resection (Fig. 2.4). The container re-

mains outside the skull, positioned just beneath the skin surface. Created

by the author based on the initial draft provided by the collaborative ra-
diologist, Czwarnowski, P.

FIGURE 2.3: An example of reflux resulting from a clogged catheter or
too rapid administration of a radiopharmaceutical. Created by the au-
thor with the usage of RadiAnt [2] software.
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The rate of introduction of the radiopharmaceutical into the microcirculation of the
tumor tissues changes as a result of the treatment and is dependent on the rate of ad-
ministration and subsequent transport of the isotope. One should be constantly aware
that the therapeutic effects of isotopic radiotherapy are dependent upon the isotope’s
properties, while the transport of the isotope is established by the attributes of the Ra-
diopharmaceutical.

In that method, both alpha and beta radiation are used as a result of subsequent
isotope transformations, with 213Bj being the primary isotope of interest. This isotope
is part of the uranium (233U) radioactive chain and its physical properties, including a
half-life T1/2 of 46 minutes and emitted radiation, are considered relevant for therapy.

The reported activity of 2'* Bi -DOTA-substance P is approximately 2 GBq combined
with about 10 MBq of 68 Ga. During the initial phase, the radiopharmaceutical fills the
entire volume of the container-catheter set, emitting alpha particles that are mostly ab-
sorbed by the walls of the set. The amount of radiopharmaceutical penetrating through
the small holes in the walls of the catheter and reaching the tumor or postoperative bed
tissues is minimal.

Through the controlled compression of the flexible container, the radiopharmaceu-
tical fills the space between the catheter and the tissues of the tumor or postoperative
bed, significantly increasing the contact area between the radiopharmaceutical and tis-
sues. This process results in the diffusion of the isotope, emitting alpha particles, into
the tumor, and ultimately leading to the destruction of the diseased tissues.

The course of the procedure of controlled compression of the container-catheter set
with radiopharmaceutical can significantly impact the effectiveness of therapy, mainly
due to the pressure force and its timing, which determine the shape of the contact sur-
face of the solution containing the radiopharmaceutical with the surrounding tissues.

Isotope radiotherapy is applied in both the case of the tumor and the postoperative
tumor bed, with the tissues filling these volumes constituting an isotropic environment.
The metabolism in tumor tissues is relatively slow, compared to the half-life, therefore
it can be assumed that the therapy’s effectiveness depends on the radiation’s efficacy
on these tissues and not on the metabolism.

In the context of this dissertation, it is important to note that certain details, such
as determining the energy deposited in Bismuth-213 tissue, calculating the absorbed
dose in a given volume [22], and assessing the tumor control probability (TCP), are
not the primary focuses of the research and therefore are not extensively discussed.
While these background details are important to consider, the objective of this thesis is
to establish a method for calculating the volume of radiopharmaceutical to be injected
and to evaluate tumor progression based on this volume, providing a key metric for
radiologists.

2.5 Novel Treatment Strategy

At the Nuclear Medicine Department of the Medical University of Warsaw, located at
the Central Clinical Hospital, clinical trials are being conducted to investigate state-
of-the-art treatment strategies for patients diagnosed with glioblastoma. The standard
medical procedure following diagnosis is to remove the tumor and initiate a radio and
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FIGURE 2.4: Treatment environment for glioma tumors. Created by the
author based on the initial materials provided by the collaborative radi-
ologist.

chemotherapy treatment plan. Radiologists use CT and PET scans to determine the tu-
mor localization, size, and stage of advancement, as well as the amount of radiophar-
maceutical injected into the tumor during invasive examinations or postoperatively
after resection. These substances are intended to damage tumor cells along with nor-
mal, noncancerous brain cells. Radiologists and oncologists evaluate the volume of
radiopharmaceutical administered and the probability of local cure TCP (Tumor Con-
trol Probability) based on microdosimetry methods, which involve dosimetric mea-
surements of radiation exposure. A volume of radiopharmaceutical which is too high
has the potential to damage healthy brain cells, while a volume that is too low will not
effectively eradicate cancer cells [6].

At present, the measurement of glioma volume is typically performed manually by
radiologists, which is a time-consuming process and prone to human error. The anal-
ysis of PET-CT scan results requires the expertise of certified nuclear medicine physi-
cians who have years of experience in PET imaging [23]. To address this challenge,
software tools have been developed to assist radiologists and nuclear medicine physi-
cians in their measurements. Fig. 2.5 shows an example of software that is commonly
used in this context.

The challenge that remains to be addressed is the accurate determination of the
percentage of the entire tumor tissue volume that has been reached by the radiophar-
maceutical. This value is closely related to the tumor volume and thus is critical to
the success of the modern approach. To this end, computer-based methods have been
developed that automatically detect tumors, define their localization, visualize their
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FIGURE 2.5: PETsyngo 6.7.3, VB42A from Siemens, the resulting image
obtained by an Subject Matter Expert (SME). Figure provided by the col-
laborative radiologist, Czwarnowski, P.

shape, and calculate their volume. These methods are designed to operate on various
image modalities, such as CT, PET, and MR scans, and require the fusion of data from
different sources.

All brain scans used in the development of the algorithms presented in the research
were obtained from the Department of Nuclear Medicine at the Medical University of
Warsaw. A Siemens Biograph 64 PET-CT scanner was utilized between 2012 and 2019
to acquire the images.
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Chapter 3

Literature Review

3.1 Computer-Aided Detection Applications

Due to the significant effectiveness of computer-aided systems in detection and clas-
sification of diseases, CAD has become a central pillar of medical research in medi-
cal image analysis. Implementing computer-based techniques has a substantial im-
pact on improving various stages of radiology workflow, such as order scheduling and
triage, clinical decision support systems, identification and interpretation of findings,
post-processing and dose estimation, examination quality control, and radiology re-
porting [24].

CAD systems by design are able to help medical professionals make more accurate
diagnoses in addition to reducing the amount of time and effort required to make a
discovery. Specific CAD systems have been used to detect and diagnose a wide range
of diseases: cancer, cardiovascular disease, neurological disorders, and infectious dis-
eases. The exponential growth of CAD use is observed in the detection of prostate
cancer, which alone constitutes 26% of all diagnoses [25].

Addressing the greater aspect, Obermeyer and Emanuel (2016) [26] highlight the
transformative potential of machine learning (ML) algorithms in medicine, specifically
in improving prognosis, radiologist and pathologist displacement, and improving di-
agnostic accuracy. They emphasize that ML excels in handling large numbers of pre-
dictors and complex data thanks to advances in computing power and techniques such
as clustering and non-linear modeling, as well as handling large data types. However,
they also caution against challenges such as overfitting predictions, biases in data col-
lection, and causal inference issues, which need to be addressed through rigorous val-
idation, careful data curation, and responsible model building. Their perspective fully
envisions the role of CADs: “Increasingly, the ability to transform data into knowl-
edge will disrupt at least three areas of medicine: machine learning will dramatically
improve prognosis, displace much of the work of radiologists and anatomical patholo-
gists, and improve diagnostic accuracy” [26].

In 2022 Strzelecki and Badura published an article titled “Machine Learning for
Biomedical Application” [27] which examined 10 papers that focus on machine learn-
ing methods for biomedical applications. The authors highlighted significant advance-
ments in technology that have impacted the healthcare industry and medical providers.
They emphasized that medical imaging, including biomedical signal acquisition, has
become increasingly crucial not only in diagnostics but also in therapeutic solutions,
monitoring its effects and rehabilitation progress markers. The authors noted that al-
gorithms are trained to discover patterns and correlations in large datasets in order to
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make optimal decisions and predictions based on the results of such analyses. Fur-
thermore, Strzelecki and Badura contend that machine learning systems become more
efficient over time, with accuracy increasing with access to greater data. The authors
revealed their predictive models based on classification and regression models to au-
tomated multiscale feature extraction from 2D, 3D, and higher-dimensional data struc-
tures, contextual analysis, and segmentation, representing the future of the software
branch of biomedical engineering.

Esteva et al. [28] demonstrated that deep neural networks, specifically CNNs, have
the ability to achieve a dermatologist-level classification of skin cancer. The 129,450
clinical images from the authors included more than 2,200 different skin diseases. Their
primary objective was to classify the most common and deadly skin cancer. In order
to test the performance of the deep neural network, the authors examined the perfor-
mance of the deep neural network against twenty-one Board-Certified Dermatologists.
The results showed that the CNN performance was on par with or better than that of
the dermatologists. The study confirmed the potential of Artificial Intelligence (AI) and
deep learning in medical diagnosis. It opened the door for further research and devel-
opment of artificial intelligence-based diagnostic tools in healthcare, with the potential
to improve the accuracy and efficiency of disease identification, help clinicians make
decisions, and ultimately improve patient care.

Gulshan et al. [29] developed and validated a deep learning algorithm to detect di-
abetic retinopathy, a leading cause of blindness, in retinal fundus photographs. The
authors used the power of convolutional neural networks to create an automated sys-
tem capable of analyzing retinal images and identifying diabetic retinopathy with high
precision. The research team used a dataset of 12,175 retinal images graded by ophthal-
mologists to diagnose the presence of diabetes retinopathy. The data set was divided
into a training set and a validation set. The authors used a deep CNN architecture
that was fine-tuned and optimized for this specific task. The depth and arrangement
of the network is critical to accurately capture complex patterns and features in retinal
images indicative of diabetic retinopathy. After training, the algorithm was validated
on two separate datasets: one from EyePACS (a web-based platform for retinal image
grading) and another from three hospitals in India. The results demonstrated that the
deep learning algorithm achieved high sensitivity and specificity in detecting diabetic
retinopathy and diabetic macular edema. The algorithm showed robust performance
compared to manual retinal image grading by ophthalmologists, with some metrics
exceeding human experts.

In the study from 2017 by Rajpurkar et al. [30], the authors introduced CheXNet, a
deep learning model that can diagnose pneumonia and 13 other thoracic diseases by
analyzing chest radiographs. The researchers used the 121-layer DenseNet architec-
ture, a convolutional neural network known for its effectiveness in image classification
tasks. The authors trained CheXNet with a dataset of 102,120 frontal chest X-ray im-
ages from the National Institutes of Health (NIH) data set labeled with up to 14 chest
diseases in a data set of chest X-ray images. The authors used models that use weaker
supervised learning methods to address the challenges of limited annotations and data
augmentation strategies to expand the model’s generalization capacity. To evaluate
CheXNet performance, the authors used the F1 score, which combines precision and
recall, as the primary evaluation metric. They compared CheXNet’s results with those
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of four practicing radiologists using a 420-image test set. CheXNet demonstrated su-
perior performance in detecting pneumonia by achieving F1 scores of 0.435, and radi-
ologists’ F1 rating ranged from 0.387 to 0.427.

Computer-aided detection systems are more closely related to how to the provision
of a solution to connecting providers with computer technologies. From the perspec-
tive of the computer science discipline, CAD systems represent the encapsulation of the
ultimate computational solutions that are applicable across a multitude of scenarios or
use cases. In this research, the specific objects of the investigation are the algorithms,
methods, and mechanisms that make up the core part of CAD, making the CAD sys-
tems composed of modular pipelines of algorithms.

3.2 Multi-modal Image Processing and Segmentation Methods

Modern Active Contour Approach

Active contour methods have been known since the early 1990s. Although im-
proved methods are being used by researchers, many researchers still use the standard
active contour method. Chen et al. [31] developed a CNN model based on conven-
tional Dense U-Net which uses the loss function that combines geometric information:
contour length and region information. The authors evaluated 2,000 cardiac magnetic
resonance images, confirming that their approach produced a higher Dice Score than
the traditional approach with AC as a loss function.

Marcos et al. [32] combined the Active Contour Model (ACM) with CNN in the
form of feedback loop, where CNN is used to predict the parameterized energy func-
tions used as input for ACM.

Mo et al. [33] introduced the Dense U-Net deep active contour network based on
the Chan-Vese model for image segmentation for precise boundary detection. Results
validated on two public datasets in total 2917 slices 256x256. The proposed methods
gave significantly better results for U-Net and Dense U-Net for the Harlev datasets,
but for the ISIC dataset, the methods results were comparable to Dense U-Net and
FocusNetAlpha.

CNN-based Approach

Contemporary scientists have extensively covered the topic of segmentation of med-
ical images. Dong et al. [34] presented the use of U-Net [3,35] in fully automated seg-
mentation of brain tumors from MRI images. MRI processing was also performed in
the paper written by Kaldera et al. [36] based on the faster R-CNN model to classify
and segment tumors.

A typical prerequisite for therapeutic planning is the position of the voxel along
with the identification and parameters of the areas with respect to diseased conditions.
The deep learning method, ROI-based CNN, YOLO, was used successfully by Al-masni
et al. [37] to automatically detect changes in mammography images. The obtained
results concluded with a 96.33% accuracy of the model which carried out automatic
detection and classification. A model capable of processing a single image in 43 ms
was built by Yin et al. [38]. Based on the possibilities presented in that article and
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maintaining exactness for statistical reasons it can take up to 10 seconds for a complete
analysis of a study for a single patient. Detection and location of tumors in the lungs
using CT images can also be done on the YOLO network as Sindhu at al. presented
“Using YOLO based deep learning network for real time detection and localization of
lung nodules from low dose CT scans” [39].

A description of the use of the AlexNet model and faster R-CNN using transfer
learning with the detection of early-stage brain tumors was published by Ezhilarasi
and Varalakshmi [40] and by Ren et al. [41]. Liu et al. [42] presented the completed
new XMasNet architecture for the classification of senile neoplasms based on MRI. Ad-
ditionally, using CWT, DWT and SVM there was an implementation of a brain tumor
detection and classification system done by Gurbind et al. [43].

Applications of U-Net to Prostate cancer were proposed by Chen et al. [44]. The
clinical implementation of MRI-only radiotherapy requires a method to derive a syn-
thetic CT image (SCT) for dose calculation. This study examined the feasibility of
building a deep convolutional neural network to produce S-IMRTs based on MRI and
evaluated the dosimetric accuracy to plan prostate IMRT. Combined MR images and
T2-weighted MR were acquired in each of 51 patients with prostate cancer. Fifteen pairs
were randomly selected for testing and the remaining 36 pairs for training. The U-Net
represents a nonlinear function with an input MR slice and an output corresponding
S-CT slice. The mean absolute error (MAE) of the Hounsfield unit between the true CT
and S-CT images was used to evaluate the precision of the HU estimation. IMRT plans
with a dose of 79.2 Gy prescribed for PTV were applied using true CT images. The true
CT images were then replaced by the S-CT images, and the dose matrices were recal-
culated on the same plan and compared with the one obtained from the true CT using
gamma index analysis and absolute point dose discrepancy. The authors concluded
that U-net can generate SCT images from conventional IMRT images in seconds with
high dosimetry accuracy for a prostate cancer plan.

Huang et al. proposed an application of U-Net with MRI fusion to prostate can-
cer [45]. By learning a neural network, weight distributions are generated based on the
relationship between image feature information and multifocal training targets. The
prostate cancer MRI image pair (axial T2-weighted and ADC map) is fused using a
strategy based on local similarity and Gaussian pyramid transformation. The exper-
imental results show that the fusion method can improve the appearance of prostate
cancer in terms of both visual quality and objective evaluation. The dataset included
a total of 17 patients with prostate cancer confirmed by biopsy. Of these 17 patients,
12 had prostate cancer in the peripheral zone (PZ), 3 had prostate cancer in the central
gland (CG), and 2 had infiltrating prostate cancer in both the PZ and CG areas. An
experienced radiologist segmented the prostate and prostate cancer areas in the image.
There are some limitations to this study. This study is based on a set of single-site mag-
netic resonance images. The method requires further validation for multi-center image
trials with various anatomical regions, image resolution, or image quality with a more
robust and generalized deep learning network through the adjustment of multi-center
images with different anatomical domains, image resolution, or image quality. An-
other limitation is that the study focuses mainly on imaging fusion techniques for the
ADC map and the T2W sequence. Additional mpMRI images have been developed
to detect tumors, such as DCE MRI, magnetic resonance elastography, and chemical
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exchange saturation transfer MRI. Future studies may investigate how the proposed
fusion method can be applied effectively to mpMRI images in addition to T2W and
ADC images.

As of June 2023, the IEEE Xplore database alone has published 303 articles about
U-Net, 11 about Mask R-CNN, and 297 about YOLO. Despite the passage of years, one
article that stands out was presented at the 2nd International Conference on Electrical
Engineering, Big Data and Algorithms (EEBDA) by Chen P. and Xu L. [46]. The U-Net
model, which has low computing performance in the ARM microprocessor, can have
its hardware computing significantly improved with the help of a field programmable
gate arrays (FPGA), according to the cited research. The authors utilized the U-Net net-
work in FPGA mode and employed circular flow and circular unfolding to further ac-
celerate its hardware computing. They demonstrated the potential for offloading com-
putation from the CPU and GPU to the FPGA, although their performance evaluation
remains somewhat ambiguous. In addition, the authors improved model performance
by modifying the networks, pre-processing data, and using cross-validation. This pa-
per is worth mentioning as it points to the next direction in computational hardware
optimization, especially considering the model’s inference mode and the requirement
to return predictions in near real-time.

Fusion

Sedghi et al. [47] proposed another application of fusion U-Net to prostate can-
cer. Detection of clinically significant prostate cancer (PCa) has been shown to greatly
benefit from ultrasound fusion MRI biopsy, which involves overlaying pre-biopsy MRI
volumes (or targets) with real-time ultrasound images. The article explores an informa-
tion fusion approach between MRI and ultrasound to improve PCa targeting in biop-
sies. The authors built fully convolutional network models (FCN) using data from a
newly proposed ultrasound modality, temporal enhanced ultrasound (TeUS), and ap-
parent diffusion coefficient (ADC) from 107 patients with 145 biopsy cores. The model
architecture is based on U-Net and U-Net with attention gates. Models are created by
joint training by fusion of intermediate and late data through data fusion. The authors
also built models containing data from each modality separately for use as an initial
model. Using their proposed deep learning framework and inter-fusion, the integra-
tion of TeUS and ADC outperforms individual diagnostic models using the TeADC and
ADC framework. The authors achieved an AUC of 0.76 for the detection of all PCa foci
and 0.89 for PCa with larger foci. The results show that shared representations between
multiple modalities outperform average uni-modal predictions.

Cheng et al. in 2021 made a study on the diagnosis of bone metastases in pa-
tients with prostate cancer in Taiwan [48]. The research aimed to investigate the ef-
ficient means of early diagnosis of bone metastases by bone scintigraphy images using
negative mining, pretraining, convolutional neural networks, and deep learning. The
author studied 205 prostate cancer patients and 371 breast cancer patients and used
bone scintigraphy data from breast cancer patients to pretrain a YOLOv4 with a false
positive reduction strategy. The pre-trained model is a model for detecting and iden-
tifying metastatic sites using bone scintigraphy with transferred learning applied to
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prostate cancer patients. A ten-fold cross-validation was performed. The mean sensi-
tivity and precision rates for detection and classification (based on lesions) in the chests
of prostate patients were 0.72+0.04 and 0.90 + 0.04, respectively. The mean sensitivity
and specificity rates for the classification of bone metastases (based on patients) in the
chests of prostate patients were 0.94 £0.09 and 0.92+0.09, respectively. The authors con-
cluded that the developed system has the potential to provide pre-diagnostic reports
which aids physicians in making definitive decisions.

Masoudi et al. conducted another study of bone metastases in patients with prostate
cancer published by American Society of Clinical Oncology [49]. CT scans from 56 pa-
tients with histopathologically proven prostate cancer were included. An experienced
radiologist annotated the extent of each bone lesion (N = 4217) and characterized all
areas of the bone as benign or malignant. Prior to training, all scans were anonymized
and normalized at the patient-level before training. The proposed method can be sum-
marized as a two-stage framework. The first stage is the detection algorithm inspired
by Yolo-v3 with a darknet-53 backbone pretraining on the Coco dataset and four final
scaling blocks to compensate for a wide range of lesion diameters. The second stage is
a ResNet-50-based binary classifier that is also pre-trained using the ImageNet dataset.
The authors used a train / validation split equal to 90%/10% for this study. To facil-
itate the learning process, horizontal flipping, relative zooming, and mean weighted
averaging were used for data augmentation in stage one. Instead, the classification al-
gorithm took advantage of patches synthesized generated by the deep-convolutional
generative adversary network (DC-GAN) for augmentation. The overall performance
of the detection algorithm was 81% sensitivity with 86% positive predictive value. In
stage 2, authors obtained an accuracy of 89% for correct classification of benign bone
lesions from malignant without augmentation, which was improved to 91% when the
authors incorporated the augmented data for training. The authors concluded that the
proposed 2-stage algorithm sequentially detects and classifies bone lesions on CT of
patients with prostate cancer with significant performance.

Applications of Mask R-CNN to prostate cancer and specifically, segmentation of
intraprostatic lesions (IL) on bp-MRI using entire prostatectomy specimen-based de-
lineations were developed by Dai et al. and published in the International Journal
of Radiation Oncology, Biology, Physics [50]. Suspicious lesions were defined for 158
patients on MRI according to bp-MRI, ILs were defined for 64 patients on MRI as ref-
erenced by whole-point prostatectomy sample sections, with the remaining 40 patients
being unlabeled. In order to improve segmentation accuracy, a nonlocal mask R-CNN
was proposed. A model trained using MRI-based delineations was fine-tuned with
prostatectomy-based delineations to investigate transfer learning. A non-local mask R-
CNN with fine-tuning and self-training greatly improved all evaluation metrics with a
refinement of the R-CNN mask by a prostatectomy-based delineation. Eighty point five
percent (80.5%, 33/41) of lesions for the model with the highest detection rate and DSC
were detected in all Gleason Grade Groups (GGG) with DSC of 0.548+0.165, 95 HD of
5.72+3.17 and TPR of 0.613+0.193. Among them, 94.7% (18/19) of lesions with GGG >
2 were detected with DSC of 0.604+0.135, 95 HD of 6.26+3.44 and TPR of 0.580+0.190.
The conclusion of the authors was that a high detection and accuracy of segmentation
of prostate cancer can be achieved in bp-MRI based on histological image annotations.

Liang et al. [51] discuss the importance of fusion, making the statement “The fused
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image contains more information and precision than any source images”. Multimodal
medical image fusion can combine information from source images of the same or-
gan to generate a composite image with better visualization [52]. Juanying Xie and
Ying Peng introduced the 3D scSE nnU-Net model for Head and Neck (H&N) primary
tumor segmentation based on positron emission tomography and computed tomogra-
phy images [53]. The developed model is based on the 3D nnU-Net and published by
Isensee et al. [54] with the extension of the spatial and channel squeeze and excitation
(scSE) blocks by following encoder and decoder blocks. The scSE blocks adaptively
recalibrate the directions of the learned feature maps to boost meaningful features and
suppress weak ones. The model was trained on 160 images and validated on 41. As
a result, the proposed 3D scSE nnU-Net model got better results than the original 3D
nnU-Net by 1.4% of the Dice Similarity Coefficient (DSC) and achieved 0.735 of the
DSC on the test dataset. Furthermore, the inference time increased from 1.83 s to 2.64
compared to the original 3D nnU-Net.

The nnU-Net architecture is based on U-Net [3]. To get the model to operate on
a volumetric dataset, the authors applied the combination of three models: a U-Net
2D and 3D [4], and a cascade of two 3D U-Net models generated a segmentation at
low resolution that the second model subsequently refines. On the basis of the cross-
validation results, the model automatically chooses the best prediction model.

The 3D U-Net [55] is a volumetric segmentation network that learns from sparsely
annotated volumetric images. The model served as the backbone network for medical
image segmentation due to its performance.

Chen S., Hu G. and Sun J. in 2020 utilized the 3D U-Net with the channel attention
mechanism block extension and added the channel attention mechanism to each layer
on the 3D U-Net decoding path [56]. Models have been trained and evaluated by the
Brats 2018 dataset. On average, the proposed model achieved 0.901 IoU when 3D U-Net
got 0.736 and 2D U-Net 0.567. Woo et al. [57] compared 2D U-Net with 3D U-Net for
brain structures segmentation based on MRI - classifying brain tissue as cerebrospinal
fluid (CSF), gray matter or white matter. The mean DSCs results for the 2D U-Net are
comparable to 3D U-Net for gray matter and white matter. However, the mean DSC
for CSF was noticeably lower (89. 6% vs. 94. 4%).

Milletari et al. [58] proposed a novel approach for MRI prostate volume segmenta-
tion named V-Net. When U-Net refers to a U-shape of the network, V-Net refers to the
size of the volumetric input. At each layer, V-Net contains a residual function.

Soares et al. [59] used 3D U-Net and 3D V-Net to automatically segment pulmonary
nodules in CT images of the chest. Two architectures with different configurations were
compared, and as of the given dataset, the 3D V-Net significantly outperformed the 3D
U-Net, achieving 0.99 IoU compared to 0.74.

An outstanding open-source project requires special mention - Project MONAI [60].
It was originated by NVIDIA and King’s College London to accelerate the develop-
ment and knowledge sharing in utilizing Al in healthcare. As one of many results, the
Monai (Medical Open Network for Al) was formulated and published as open source
and aims to standardize the process of creation and model evaluation. Based on the
MONALJ, a novel transformer-based model architecture intended for the objective of se-
mantic segmentation of volumetric (3D) medical images. That model reformulates the
task of 3D segmentation as a sequence-to-sequence prediction problem [61] inspired by
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NLP trends. UNetR is the first 3D segmentation neural network that utilizes a trans-
former as an encoder. That resulted in creating the architecture independent of CNNs
for feature extraction. The effectiveness of UNetR was evaluated in several volumetric
segmentation tasks in CT and magnetic resonance modalities using the BTCV and MSD
datasets. The model obtained a new state-of-the-art performance and outperformed the
top model by at least 1.0% DSC.

Zhou et al. [62] present a broad summary of deep learning-based approaches to
multimodal medical image segmentation. The main challenge in this area is data. Ob-
taining a large amount of medical image data where medical cases and classes are
balanced can be a challenge for researchers. Without diverse and numerous slices,
training can produce an over-adjusted model. Publicly available multimodal medical
image datasets with labelled tumors are few. The BraTS dataset, the most commonly
used dataset in papers, is described in The Multimodal Brain Tumor Image Segmen-
tation Benchmark (BRATS) [63]. Wang et al. used the BraTs2018 dataset with four
modalities (T1, T1-c, T2, and FLAIR) to develop a fusion model that can potentially
be used to detect abnormal brain regions [64]. Muzammi et al. introduced Convolu-
tional Sparse Image Decomposition (CSID) methods that fuse CT and MR images [65].
The sixth step algorithm consists of different transformation techniques such as con-
trast enhancement, edge detection, cartoon and texture decomposition, enhancement
of CSC-based sparse coding, fusion of sparse coefficient maps and fused image recon-
struction. The authors verified their approach in a data set published by Zhu et al. [66]
that also leads to a publicly available data set for brain tumors published by Harvard
Medical School [67]. The deep learning approach for fusion of MRI-PET scans based on
extract image features using a pre-trained network (VGG19) was presented by Guo et
al. at the 15th International Symposium on Biomedical Imaging [68] and evaluated on
a data set containing soft tissue sarcoma. A single machine can do MRI/PET fusion by
integrating PET detectors into an MRI scanner, allowing simultaneous data acquisition,
resulting in the blend of functional and morphological structures with soft tissue con-
trast [69]. Hardware-based fusion is the future, and in that of realization, the authors
of that paper want to address CT, PET, and MRI scan fusion realized by software.

3.3 Critical Appraisal

The adoption for implementing computer and deep learning-based models for the ac-
curate detection and segmentation of tumors is correlated with three major factors:

1. By observing data one can see the size and extent of cancer has been misclassified
and consistently underestimated [70].

2. The convolutional operations used in most DL model processes within a local
neighborhood of the input as well as the localization and segmentation accuracy
are discounted within the CNN approach. Information loss in segmentation mod-
els is often caused by pooling and resizing operations with the lost information
typically containing the opaque regions between the lesion and surrounding nor-
mal tissues which leads to inaccurate definition of boundaries.

3. Registering alternative modalities to MRIs, CTs and labeling them in a multidis-
ciplinary collaboration is extremely time-consuming, not to mention challenging.
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Due to the small volume of annotated data [70] there has been little progress on
DL-based segmentation using cross-modality image domains. Obtaining diverse and
representative medical datasets is one of the biggest challenges due to data privacy
regulations, data ownership, and data sharing issues. Additionally, obtaining different
modalities (CT, PET and MRI scans) for the same patient can have blocking factors, and
as data availability includes aspects of covering different demographics and types and
states of tumors, it is significantly limited. No public sources were found for multi-
modal scans for the same patients. The data used in this research were obtained from
two hospitals in Poland after signing official agreements and joint cooperation during
granted projects. Furthermore, during development, additional data were obtained
from various publicly available repositories such as the BraTS (Brain Tumor Segmenta-
tion Based on Magnetic Resonance Scanning) dataset and the MNIST-Med dataset. All
used data have been annotated by subject-matter experts (radiologists), making them
referential as ground truth.

Summary

Medical data vary in aspect of modalities, numbers, and sizes. Different CT scan-
ners are used to perform tests, resulting in variances in the Hounsfield scale. The lack
of enough data has a profound impact.

Active contour methods are becoming obsolete mainly due to the difficulty in im-
plementation, single-threading, and the amount of time to process individual images,
as well as the possibility of final implementation. For several years, methods based
on neural networks have been leading in this area. Currently, the author has dozens of
different models used in 2D and 3D image processing. It can be said that 3D processing
is yet an emerging trend, with 4D processing being the future. Researchers use various
techniques to train and modify networks to improve the performance of algorithms.
Researchers use various metrics to evaluate these algorithms and at the end of the day
perform validations against certain data. At times there is publicly available data, with
there being reference data; however, there are times that data that cannot be shared.
The problematic aspect in the case of the latter is there is no way to compare the effec-
tiveness of the proprietary algorithm with the published one as the data is not shared.
While in the case of the former, the data most often refer to rather generic diseases and
are poor in terms of modalities. Overall, few works deal with the subject of data and
network throughput in the context of medical data including topics related to potential
divination or security of the data itself.

Medical image fusion is a very distinct topic compared to segmentation and clas-
sification alone. The reason is the data, not only that it is unreleased, but that it is
uncommon to have an MRI, CT and PET performed. Evaluation of effectiveness in
terms of qualitative and quantitative methods of measuring volume is rare.
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Chapter 4

Introduction of a Medical Data
Processing Framework

4.1 The Key Components of MeDAPR Framework

The author of the research developed a universal six-stage framework named MeDAPR
for structuring the research process in healthcare use cases. MeDAPR stands for Medi-
cal Data Processing and the framework’s stages are as follows:

¢ Stage 1: Medical Image Assessment;

Stage 2: Medical Data Preprocessing;

Stage 3: Medical Data Fusion;

Stage 4: Medical Data Augmentation;

Stage 5: Deep Neural Networks for Classification and Segmentation;

Stage 6: Volumetric calculations and 3D visualizations.

Although the MeDAPR framework has been extended and adjusted to the specific
research experiments, the main pillars remain unalterable.

Stage 1: Medical Image Assessment — This first stage is critical in the overall re-
search process. It provides the foundation for subsequent stages by involving the anal-
ysis of medical images to identify the distinct modalities present in the data. Appropri-
ate methods are then developed to detect and segment the region of interest. This is the
query/response stage where questions and answers are essential to inform detection,
procedure, visibility, and modality.

Stage 2: Medical Data Preprocessing — The second stage involves a series of proce-
dures to prepare raw data for further analysis as the data may come in various forms
and modalities. Cleaning and transforming the data into a more usable format is the
primary objective of this stage. A variety of techniques will be deployed to achieve
that objective, namely, noise reduction, normalization, and feature extraction. Addi-
tionally, data preprocessing is vital to ensure the data is consistent, clean, and fit for
further analysis. Critical aspects such as the removal of unnecessary data, format and
size must also be addressed.

Stage 3: Medical Data Fusion — The third stage mostly involves the integration
of multiple modalities of medical imaging, such as CT, MRI, and PET, to provide a
more comprehensive understanding of a patient’s condition. It is critical to accurately



Chapter 4. Introduction of a Medical Data Processing Framework 25

identify and segment tumors or other abnormalities. The stage addresses aspects such
as whether all necessary data have been obtained and combined to achieve the end
goal of accurate tumor segmentation, and whether additional data sources should be
included for a more complete picture of the patient’s condition.

Stage 4: Medical Data Augmentation — The fourth stage involves the generation of
additional synthetic images based on the existing ones to increase the size of the medi-
cal image dataset. To achieve generation of the images, the original images are rotated,
scaled, cropped, and flipped to create clinically relevant variations. Data augmenta-
tion is critical to providing additional examples for training and validating machine
learning algorithms, which also helps to mitigate overfitting and biases in the algo-
rithms. This stage ensures the dataset is sufficiently large and diverse enough to train
algorithms that can generalize well to new data.

Stage 5: Deep Neural Networks for classification and segmentation — The fifth
stage involves training neural networks to recognize patterns in the data in order to
make subsequent predictions. Classification of different types of tissue or lesions in an
image, or segmentation of specific regions of interest is achieved by this method. The
choice of deep learning architecture, the selection of hyperparameters, and the opti-
mization of the model to achieve the best performance are addressed. This stage also
involves determining the effectiveness and accuracy of classification and segmentation
by evaluating the performance of the model along with comparing it to other methods.

Stage 6: Volumetric calculations and 3D visualizations — The sixth stage is pri-
marily focused on the generation of a three-dimensional model of an object to support
various applications, such as surgical planning, diagnosis, and monitoring disease pro-
gression over time. The process involves calculating the volume of the object based on
its dimensions and then generating a 3D model of the object. The end user is able to
utilize this 3D model to visualize and interact with the object in a more intuitive way,
allowing for a deeper understanding of its characteristics and properties. This stage
ensures the end user possesses the optimal manner in which to view and analyze the
computed results generated during the preceding stages.

MeDAPR framework is designed to solve several problems that researchers en-
counter while working with medical data. Moreover, the framework assists in the
automation and streamlining of the medical data processing pipeline, which allows
researchers to focus on the analysis and interpretation of results rather than on the
manual processing of data. The MeDAPR framework brings clarity and structure to
the research process, making replication and result comparison across different studies
less complicated. Moreover, the framework provides a clear, standardized procedure
for working with medical data, which is especially important in the field of healthcare,
where the accuracy and reliability of results has a significant impact on patient care.

4.2 Capabilities of Convolutional Neural Networks in Medical
Image Processing

Convolutional Neural Networks (CNNs) are a type of deep learning neural network
used for image recognition and classification tasks. They are composed of a series of
convolutional layers, which are used to extract features from an input image. Each
convolutional layer consists of a set of filters, which are used to detect patterns in the
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input image. The output of each convolutional layer is then passed to a pooling layer,
which is used to reduce the dimensionality of the feature map. Finally, the output
of the pooling layer is passed to a fully connected layer, which is used to classify the
input image. CNNs are able to learn complex features from the input image and are
used for a variety of tasks such as object recognition, image segmentation, and image
generation.

Convolutional Neural Networks (CNNs) are a powerful class of deep learning mod-
els that have been widely used in a variety of applications, such as computer vision,
natural language processing, and speech recognition. CNNs are composed of multiple
layers of neurons that are connected in a hierarchical structure, allowing them to learn
complex patterns from large amounts of data. This chapter discusses the fundamentals
of CNNs, including their architecture, training, and applications. Further to the discus-
sion will be an exploration of selected recent advances in CNN research highlighting
the potential for further development.

CNN refers to a network architecture composed of several stacked convolutional
layers [71]. The convolution identifies and extracts locally connected information —
among adjacent voxels or pixels. By combining the pooling layers between the con-
volution layers, the network’s perspective can be expanded through the presence of
a large area of view. It takes part in the locally connected nodes of the input layer
and results in an output having a smaller spatial footprint [71]. A series of fully con-
nected layers integrates all activations of previous layers together to form one. Upon
completion of processing, the model outputs the final set of feature values related to a
particular task.

Convolutional Neural Networks (CNNs) are extensively and successfully utilized
in 2D and 3D medical image processing, even with the knowledge of CNN’s pooling
layer tendency to discard position, and the sensitivity of the models to rotation and
affine transformation.

4.2.1 Key Concepts of CNNs

The convolution operation is the core building block of CNNs, enabling the extraction
of local features from the input data. For a two-dimensional input matrix I and a filter
(also known as kernel) K of size m x n, the convolution operation can be defined as the
Eq. 4.1:

C(i,j) = i i (I(i+m,j+n)*xK(m,n)) 4.1)

where C(i, j) is the output of the convolution operation at the position (i, ).

After the convolution operation, an activation function is applied elementwise to
introduce non-linearity into the network. The Rectified Linear Unit (ReLU) is a com-
mon activation function and is defined as the Eq. 4.2:

f(x) = max(0, x) (4.2)

where x is the input value and f(x) is the output value after applying the activation
function.
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Pooling is used to reduce the spatial dimensions of the feature maps while retaining
important information. One common pooling operation is max-pooling, which can be
defined for a two-dimensional input matrix P and a pooling window of size mxn as the
Eq. 4.3:

Qi,j) =max(P(ixm: (i+1)m,jn: (j+1)*n)) (4.3)

where Q(7, j) is the output of the pooling operation at the position (i, j).
Eq. 4.4 express the form of calculating the output spatial dimensions after applying
padding.
O=(W-K+2P)/S+1 (4.4)
where:

¢ O is the output spatial dimension (height or width) of the feature map.

* W is the input spatial dimension (height or width) of the image.

K is the kernel size (height or width) of the convolution filter.

P is the amount of padding applied to the input image.

S is the stride, which represents the step size the convolution filter moves.

In Eq. 4.4 if one wants to calculate the padding (P) needed to preserve the input
dimensions (W) after applying the convolution operation, one can rearrange the for-
mula:

P=((0O—-1)«xS+K—-W)/2 (4.5)

This equation assumes the use of the same padding and stride for both height and
width dimensions. If one applies a different padding or alternate stride values for
height and width, one should calculate them separately using the appropriate dimen-
sions. In the padded image, the pixel value at location (i, j) is Padded;(i, j). The original
input image is I. The width and height of the input image are W and H respectively.
The padding width is P, with the assumption of equal padding on all sides. This equa-
tion states that if the indices (7, j) fall within the original image boundaries, considering
the padding width P, then the pixel value of the padded image is taken from the in-
put image I. Otherwise, if the indices fall outside the original image boundaries and
within the padding area, the pixel value is set to 0 (in the case of zero-padding). This
equation assumes a zero-padding scheme. There are other padding schemes such as
reflection padding, symmetric padding, and constant-value padding. The equation
for Padded;(i, j) would need to be adjusted accordingly based on the chosen padding
scheme. Padding is often applied to the input before the convolution operation to con-
trol the spatial dimensions of the output feature maps or to maintain the original input
dimensions. Zero-padding can be represented as Eq.4.6:

Padded_I(i,}) = {I(i—P,j—P) ifP<i<W+P—landP<j<H+P—1 (46)

where Padded] is the padded input matrix, I is the original input matrix, W is the
width and H is the height of the input matrix.
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Stride controls the step size used during the convolution operation, determining
how the filter moves across the input. The output dimensions after applying stride can
be calculated as the Eq. 4.7:

Output_Height = {H — Fy + 2 ¥ Padding_Height N 1J

Stride_Height
W — Fy + 2 x Padding_Width 1
Stride_Width

(4.7)

Output_Width = {

where H and W are the input dimensions, Fy and Fyy are the filter dimensions,
Paddingp,ign: and Paddingwiqy, are the padding dimensions, Stridep,ign: and Strideyyia,
are the stride dimensions, and Output p,ign: and Out putyyigy, are the output dimensions
after applying stride.

In the final layer of a CNN used for classification tasks, the softmax activation func-
tion is often applied to produce class probabilities. The softmax function can be defined
as Eq. 4.8:

exp(x;)
Y exp(x;)

where ¥; is the input value for class i, x; is the input value for class j, and softmax(x;)
is the output probability for class i.

softmax(x;) = (4.8)

4.2.2 U-Net Model

The objective of the semantic segmentation is to assign an object category label for
each pixel in the image. The U-Net is the extension of Fully Convolutional Network
(FCN) [72] - the first end-to-end architecture proposed for semantic segmentation. Olaf
Ronneberger et al. developed the deep learning architecture known as U-Net, for
biomedical image segmentation, in the Computer Science Department at the Univer-
sity of Freiburg in 2015 [3] for medical image segmentation. This convolutional neural
network (CNN) architecture is widely used for biomedical image segmentation tasks.
U-Net is a fully convolutional network (FCN) that consists of an encoder and a de-
coder. The encoder is a CNN that extracts features from the input image. The decoder
is a symmetric network which uses the features extracted by the encoder to gener-
ate a segmentation mask. The architectural design comprises a contracting pathway
(which adheres to the conventional architecture of a CNN) to facilitate the acquisition
of contextual information, and a symmetric expanding pathway to enable accurate lo-
calization. The proposed methodology involves the iterative implementation of two
3x3 convolutions, which are subsequently subjected to a rectified linear unit (ReLU)
and a 2x2 max pooling operation with stride 2 to achieve down-scaling. At every step
of down-scaling, there is a doubling of the number of feature channels. Each stage
within the extensive trajectory involves an up-scaling of the feature map, succeeded by
a 2x2 convolution that reduces the number of feature channels by half, a fusion with
the correspondingly trimmed feature map from the contracting trajectory, and two 3x3
convolutions, each of which is succeeded by a rectified linear unit (ReLU). Cropping
is requisite, owing to the depletion of border pixels during each convolution. A 1x1
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convolutional operation is employed at the consummate stage to transform every fea-
ture vector consisting of 64 components into the intended quantity of categories. The
resultant of the neural network is a segmentation map of the input image with high
resolution.

U-Net has been used for medical image segmentation tasks such as brain tumor
segmentation, liver segmentation, and lung segmentation. Additional applications in
the segmentation of images include satellite and microscopy imagery. U-Net has been
shown to outperform other segmentation methods, such as the Mask R-CNN. U-Net
has several advantages over other segmentation methods. Firstly, it is a fully convo-
lutional network, which means that it can be used for segmentation of images of any
size. Secondly, it is a symmetric network, meaning the encoder and decoder are mir-
ror images of one another which allows for efficient training and inference. Thirdly,
U-Net is a deep learning architecture, meaning that it has the ability to learn complex
features from the input image. Finally, U-Net is a fast and efficient architecture, making
it suitable for real-time applications.

The network architecture is illustrated in Figure 4.1. The configuration presented is
of a typical architecture of the convolutional network.

3x3x64
3x3x64
2x2

3x3x128
2x2
)
3x3x256
2x2

3x3x1024]
2x2x1024,

3x3x512
3x3x512
22x512
3x3x256
3x3x256
2x2x256
E)
3x3x64
[2x2x3]

2x2x128

3x3x128
3x3x128

Output 256x256x2

Input 256x256x1

FIGURE 4.1: Implementation of the U-Net architecture. Legend starting

from the left: red - transformation to the input, blue - Conv2D - convolu-

tion layer with 3x3px filter and ReLu activation function, yellow - Max-

Pooling?D with 2x2px - down-samples the input size, violet - dropout -

decrease the input size, green - UpSampling2D - 2x2px up-convolution

layer, gray - concatenation of the output of the layer, turquoise - Conv2D
layer with sigmoid activation function [3].

The U-Net is broadly applied for brain tumor segmentation on MR imaging [73,74].
Naser et al. [75] used PET-CT for automatic segmentation of head and neck cancer
based on the U-Net, with resizing of the images to 144x144 pixels. The gap addressed
in this dissertation regards the lack of U-Net training on upfront fused full-sized dual
modalities: CT and PET.

In the U-Net architecture, max-pooling (Eq. 4.9) is used into encoder (contract-
ing) path for two principal reasons: (a) max-pooling reduces the spatial dimensions
(height and width) of the feature maps while retaining the most significant informa-
tion. This reduction in dimensionality helps to manage computational complexity and
memory requirements, especially when dealing with high-resolution images; (b) by
down-sampling the feature maps, max-pooling helps the network to learn and capture
contextual information from larger receptive fields. This is important for segmentation
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tasks, as it allows the network to recognize larger structures and contextual patterns
within the input image, which contributes to better segmentation performance. How-
ever, it is worth noting that max-pooling may lead to the loss of spatial information due
to the down-sampling process. U-Net employs skip connections between the encoder
and decoder paths, mitigation this issue. These connections transfer high resolution
feature maps from the contracting path to the expanding path, enabling the network
to recover the spatial information necessary for accurate segmentation at the output.
Transposed convolution operation known as deconvolution or up-convolution (for up-
sampling) is used into to decoder (expanding) path for up-sampling. The primary
goal of the transposed convolution operation is the increase of the spatial dimensions
(height and width) of the feature maps simultaneously learning to reconstruct the seg-
mented output from the lower resolution feature maps generated by the encoder path.
The transposed convolution operation works by sliding a kernel across the input fea-
ture map, performing an element-wise multiplication followed by a sum, similar to
the regular convolution operation. However, unlike a regular convolution, transposed
convolution involves inserting zeros (also known as stride) between the input elements
before the convolution operation. This results in an expanded output feature map.

Q(i,j) =max(P(ixm: (i+1)m,jn: (j+1)*n)) (4.9)

In the context of U-Net, the transposed convolution operation (Eq. 4.10) allows the
decoder path to up-sample the lower resolution feature maps generated by the en-
coder path, progressively increasing the spatial resolution. Combined with the skip
connections, which transfer high-resolution feature maps from the encoder path, the
transposed convolution operation enables the U-Net architecture to recover detailed
spatial information necessary for accurate segmentation.

Comsposed () = 3 3 (I(i —m, j — n) xK(m, n)) (4.10)

Mz

where Ciansposed (i,7) is the output of the transposed convolution operation at posi-
tion (i,7), I(i —m, j — n) is the input feature map, and K(m, n) is the kernel.

4.2.3 Mask R-CNN Model

Mask R-CNN can be considered as an extension of Faster R-CNN [76]. The model is
flexible and can be utilized for object classification, object detection and instance seg-
mentation. For each object in an image, Mask R-CNN returns the class label, bounding
box coordinates, and the object mask.

Except for U-Net, Mask R-CNN (a mask regional convolutional neural network)
model developed by He, K. is known for the semantic and instance segmentation [77].
These two networks were compared with U-Net for segmentation of nuclei [78]. Liu
et al. [79] proposed an automatic and accurate cervical nucleus segmentation method
based on Mask R-CNN, which extracts the nuclei’s multiscale features and the coarse
segmentation bounding box of the nuclei. To reach the accurate segmentation, the au-
thors used a local fully connected conditional random field (LFCCRF) for that task.
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Based on the references, experiments were executed to verify the usability of Mask
R-CNN for segmentation of doses distribution.
Mask R-CNN operates in two stages:

1. Region proposal network (RPN) —examines the initial image and generates re-
gions of interest (Rol) or region proposals (concepts developed for Faster R-CNN [80]).

2. Rol-pooling —-which down-samples the feature map using the nearest-neighbor
approach [81], generates the bounding boxes, predicts the class for each object,
and segments the doses distribution area inside the proposed regions.

Both stages are connected to the backbone structure, another convolutional neural
network that initializes the image’s feature map. The total loss is a weighted sum of
the classification loss, bounding box regression loss, and mask loss, which is minimized
during training.

Mask R-CNN Critical Assessment

The thesis” main objective assumes the use of different models in a pipeline, for a higher
quality of the final volumetric results. The usability of U-Net is indisputable. At the
same time, the fact that U-Net requires the size of the input to be a multiple of the max
pool size to the power of U-Net depth, limits the potential of the network. Moreover,
during the U-Net research and methods development and assessment, it resulted that
its struggle with class imbalance and its struggles in differentiating distinct entities be-
longing to the same category, which in case of brain tumor detection, can be split into
multiple smaller ones, is a serious issue. These reasons impacted the further examina-
tion of the Mask R-CNN model and attempts to identify the weak points of the network
first.

To provide objective research, the author evaluated the Mask R-CNN in the case
of dose distribution during radiotherapy for breast cancer [82]. Mask R-CNN’s Keras
implementation was adjusted to train with grayscale images by loading weights of all
layers except conv1 (first convolutional layer of the network). Image channel numbers
were decreased to one, and equivalent image means were an array of one element.
Additionally, adjusting the implementation of loading image and masks was executed.
Per each patient’s results, there were equivalent eighteen classes of distributed doses.
Each class was represented by a separate file with a binary mask, which in general
could be a bitmap or polygon layer that identifies specific areas. The models were
initialized with ResNet50 backbone [83].

Developed method’s source code and trained models are available on GitHub [84].
Fig. 4.2 presents original masks for two patients. Fig.4.3 and 4.4 present objects de-
tected by the trained Mask R-CNN model, and fig, 4.5 presents Top anchors results.
Fig. 4.6 presents final detections.
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FIGURE 4.2: Original masks for two patients.

Ground Truth and Detections Ground Truth and Detections
GT=green, pred=red, captions: score/loU GT=green, pred=red, captions: score/lol

FIGURE 4.3: Detected objects (classes) with their corresponding IoU
scores returned by Mask R-CNN model presented on top of the origi-
nal scans.
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FIGURE 4.4: Segmented detected objects (classes) with their correspond-
ing IoU scores returned by Mask R-CNN model.

FIGURE 4.5: Two results returned by Mask R-CNN model with top an-
chor scores.
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FIGURE 4.6: Detections returned by Mask R-CNN model.

The Mask R-CNN showed a high degree of capability to predict bounding boxes for
objects but struggles with performing a considerable segmentation when the objects
contain each other within the same or different classes. The nature of grayscale images
introduces additional difficulties to train the model successfully. Moreover, shapeless
doses distribution classes are adjacent to each other what together with epoch number
lower than 500, could result in inaccurate prediction for this specific case. Additional
Mask R-CNN implementation tuning is required to get acceptable results. Experiments
with training the model in more than 1500 epochs and converting grayscale images to
pseudo-RGB, where the first and third channel will contain a standard grayscale im-
age. The second will represent an inverted grayscale image, perhaps leading to results
which will include that network in subsequent research. At the same time, the accuracy
of the detection and segmentation was outstanding, which is why the author proceeded
with Mask R-CNN as the main model for brain tumor detection.

424 YOLOv4 Model

YOLOV4 is the latest version of the YOLO (You Only Look Once) object detection sys-
tem. It is a state-of-the-art real-time object detection system that is both accurate and
fast. YOLOv4 is an improved version of YOLOv3, which was released in 2018. YOLOv4
uses a variety of techniques to improve accuracy and speed. It uses a new architecture
called SPP-Net, which is a combination of Spatial Pyramid Pooling and Feature Pyra-
mid Network. This architecture allows YOLOvV4 to detect objects of different sizes in an
image. It also uses a new feature called Cross-Stage Partial Network (CSPNet), which
helps to reduce the number of parameters and improve accuracy. YOLOv4 also uses
a variety of data augmentation techniques to improve accuracy. These include mixup,
mosaic, and cutmix. It also uses a new loss function called CIoU (Complete Intersec-
tion over Union) loss, which helps to improve accuracy. Moreover, YOLOvV4 uses a new
training strategy called Mosaic Data Augmentation, which helps to improve accuracy



Chapter 4. Introduction of a Medical Data Processing Framework 35

and speed. This strategy uses a combination of data augmentation techniques to create
a large number of training images.
Eq. 4.11 expresses the bounding box prediction.

by = 0 (tyx) +cx
by =0 (ty) +cy
by = pwexp (tw)
by, = ppexp (t)

.11

where by, by, by, by, represent the predicted bounding box coordinates, t, t,, t, t, are
the network output values for the box coordinates, cy, ¢, are the top-left coordinates of
the grid cell py, py, are the anchor box width and height, and ¢ is the sigmoid function.
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FIGURE 4.7: Implementation of YOLOv4 tiny custom architecture. Leg-

end starting from the left: green - input images in NxN size, blue - convo-

lutional layer with leaky-relu activation function, yellow - route layer’s

output concatenation, orange - max pooling that down-samples the in-

put size, pink - convolutional layer with linear activation function, gray
- YOLO object detection layer [4]

YOLOV4 (Fig. 4.7) was trained on MSCOCO-2014 which is labeled with crowds=1,
therefore the crowd of people is marked as one object in the MSCOCO-dataset, as is
seen in yolov4detection image. This can greatly reduce the detection accuracy of indi-
vidual persons in a crowd. Therefore, YOLOv4 should be retrained with correct labels.

4.2.5 Key Differences and Strengths

U-Net, Mask R-CNN, and YOLOv4 all have available pre-trained models, making it
uncomplicated to commence medical image analysis tasks. This is beneficial in cases
where data is limited or when developing new models from the ground up is pro-
hibitive. Additionally, all architectures are implemented using popular deep learning
libraries such as TensorFlow and PyTorch, making integration into existing workflows
and pipelines seamless.

Specific requirements for medical image processing and brain tumor detection and
segmentation will determine the choice among U-Net, Mask R-CNN, and YOLOv4.

¢ U-Net’s architecture: Featuring a contracting and expanding path with skip con-
nections, this architecture is specifically designed for image segmentation tasks
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making it a natural choice for medical image analysis, including brain tumor seg-
mentation, where accurate segmentation is critical.

¢ The high accuracy of Mask R-CNN: Demonstrating a high accuracy in object de-
tection and segmentation tasks, makes this architecture well-suited for medical
imaging applications where accurate detection and localization of tumors and
other anomalies is essential.

¢ Efficient real-time processing with YOLOv4: Known for its high accuracy and
efficiency, YOLOV4 is ideal for real-time medical imaging applications such as
surgical robotics or image-guided therapy. Its efficiency is achieved through a
combination of advanced data augmentation techniques with a more complex
backbone network.
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Chapter 5

Active Contour Approach for Image
Segmentation

The active contour model, initially proposed in 1988 [85], is a method for detecting ob-
ject boundaries between areas of different intensities. Over the years, this method has
been modified and extended to incorporate techniques such as neural networks [86],
dynamic programming [87], genetic algorithms [88], wavelet analysis [89], and fuzzy
logic [90]. The active contour method involves identifying pixels that could potentially
belong to the object’s boundary, and then grouping these points into lines that follow
the shape of the object. The objective of the active contour method is to minimize the
contour energy, which can be computed from various factors such as the image gradi-
ent, distance between individual points, or curvature value. One of the key features of
the active contour method is its ability to trace the continuation of the edge, regardless
of the physical continuity.

Active contour methods, also known as snakes, are a class of image segmentation
techniques that rely on the concept of energy minimization. The energy function rep-
resents a cost function that measures how well the contour fits the boundaries of the
objects of interest in the image. The contour is represented by a set of connected points
that define a parametric curve, which can be deformed iteratively to minimize the en-
ergy function. The deformation of the contour is controlled by internal and external
forces, which balance the attraction to the object boundaries and the smoothness of the
contour, respectively. The internal forces are related to the elasticity and rigidity of the
contour, while the external forces are derived from the image gradient, or other fea-
tures, and act as a driving force that pushes the contour towards the object boundaries.
The optimization of the energy function is typically performed using gradient descent
or level-set methods, which allow the contour to evolve continuously in time until a
stable state is reached.

This research is centered on the active contour techniques of Chan-Vese and Edge,
which are noted for their unique and favorable attributes in handling diverse image
categories. The Chan-Vese technique was selected due to its exceptional performance
in region-based image segmentation, which is particularly advantageous in situations
where boundaries are indistinct or blurred, as is frequently the case in medical imaging.
On the other hand, the Edge technique was chosen based on its adeptness in identify-
ing acute image transitions or discontinuities, rendering it exceptionally efficient for
images that possess prominent object boundaries.
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5.1 Bone Tissue Removal and Active Contour

In medical image processing, removing bone tissue from medical images is an impor-
tant preprocessing step. This is owing to the fact that bones are non-cancerous tissues
therefore the presence of bones can interfere with the diagnosis and detection of tumors
in medical images. The main reason behind this is the high X-ray absorption of bones,
which causes a high signal intensity in medical images, making the bone structure
dominant in the image. As a result, the tumor tissue may be obscured by the bone tis-
sue and can be easily missed during the diagnostic process. Therefore, removing bone
tissue can improve the accuracy and reliability of tumor detection in medical images.
In addition, the removal of bones can also help in reducing the computational com-
plexity of image processing algorithms and can significantly speed up the processing
time, as the bone structure is complex and requires more processing power to handle.

Algorithm

The block diagram (Fig. 5.1) presents the tasks performed in the designed algo-
rithm, assuming that the radiologist loads a folder with pre-prepared CT and PET im-
ages. Subsequently, patient data is loaded, and the global threshold necessary for bi-
narization is automatically determined. The bone tissue extraction described prepares
the CT image for the image scaling and fusion stage. The extraction of the skull regions
from the PET image is based on the processed CT image and local thresholding fol-
lowed by the activation of the active contour method on the PET image. Additionally,
the area of the identified object, which must be larger than 10 pixels, is verified to be
classified as a tumor or tumor part. Furthermore, tumor calculations and display are
performed.

Two thresholds can be distinguished: the global threshold, whose value is calcu-
lated based on the entire image, and in the case of the algorithm for calculating the
volume of glioma, based on a series of 148 brain images obtained using positron emis-
sion tomography; and the local threshold, whose value is calculated based on a single
image. The threshold can be chosen manually based on the histogram, or automatically.

Bone Tissue Removal based on Binarization

A substance injected into the tumor site or into the postoperative cavity may pass
into subcutaneous structures near the skull, which can mistakenly indicate the presence
of a tumor [91]. One of the objectives of the designed algorithm is to extract bone tissue,
with particular emphasis on the skull [92]. The first step in bone tissue extraction is to
set a threshold value, determined as 1190 (using a histogram), due to the fact that the
skull is brighter than the brain and air. Subsequently, from the black and white image,
the five largest objects are selected and removed from the two-layer image. Fig. 5.2
presents the results of the algorithm which removed bone tissue from CT scan.

The result of binarization (Fig. 5.3) plays a crucial role in determining the accuracy
of the final processed image as it directly ascertains the presence or absence of a tumor
in a given area. Thresholding, which is a key component of the binarization process,
solely takes into account the pixel intensity values 36. Thus, the same algorithm with
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FIGURE 5.1: Active contour-based created algorithm created initially by
the thesis author during the development of author’s master thesis [5].
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FIGURE 5.2: CT scans with automatically removed bone tissue.

different threshold values can identify differing structures. Hence, finding the optimal
binarization threshold value is a crucial challenge.

In this work, two types of thresholds were utilized: global and local thresholds.
The global threshold value was computed based on the entire image. For instance, in a
study on calculating the volume of glioma, the global threshold value was determined
from a series of 148 brain images captured using the positron emission tomography
method. On the other hand, local thresholds were calculated for each image before seg-
mentation. In this approach, the global threshold was selected from the calculated local
thresholds in the initial stage of segmentation. Phantom tests were conducted, and val-
ues of 0.8 and 0.4 were obtained. It is worth noting that images acquired after surgery
or with contrast agents may contain substances that could be falsely interpreted as tu-
mors. Therefore, one of the objectives of the designed algorithm is to eliminate bone
tissue, especially the skull (Fig. 5.4). To accomplish this, the threshold was shifted to
1190 based on the histogram, which was then followed by the selection and removal of
the five largest objects from the resulting binary image.

In this work, the PET images have a size of 336x336 and the CT images have a size
of 512x512. In order to merge these images, scaling of larger images to smaller ones
is required. This scaling is possible due to the parameter defined in DICOM images
known as pixel spacing. Pixel spacing represents the distance between the center of
each pixel in the DICOM image, and is determined by a numeric pair representing
adjacent spacing between the lines and adjacent spacing between the columns, given
in millimeters. Since the pixel spacing differs for PET and CT images, PET must be
scaled to the parameters of the CT image in order to obtain a fusion of images. The
next step in the preparation phase to run the active contour method is to eliminate all
pixels corresponding to the skull or tumor. The skull appears in black in the images
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FIGURE 5.3: The effect of automatic image binarization.

Final Binary Image Gray Scale Image
of Skull Alone with Skull Stripped Away

100

200 A

300

= \
500

v

100 200 300 400 500 100 200 300 400 500

FIGURE 5.4: Removing bone structures from a CT image. Bone tissue is
found on the left. In the middle, a CT image with dissected bone tissues
is shown. On the right, an original CT image is presented.
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due to binarization and thresholding, similar to the tumor. Thus, the pixel value in the
CT image is examined and in the case of finding a value of 0 (indicating black), the
corresponding pixel in the PET image is excluded. Following these transformations,
the PET image is fit for the application of the active contour method.

Initially, the patient data is read from individual folders containing CT and PET ex-
amination files. The data is then processed to automatically determine a global thresh-
old for further binarization. To prepare the CT image for scaling to PET size and fusion
with PET images, bone tissue extraction is performed as a second step. This is fol-
lowed by the extraction of the skull areas from the PET image based on the processed
CT image, and local thresholding of the processed image. The active contour method is
subsequently applied to the PET image to identify the area of the found object, which
must be larger than 10 pixels and classified as a complete tumor or portion of one.
Finally, the algorithm calculates the necessary parameters and visualizes the tumor.

5.1.1 Edge-based Method

The Edge-based active contour method was first introduced by Caselles et al. in 1993 [93].
The method was based on the idea that the energy functional should depend on both
the image data and the length of the curve. The energy functional is minimized using
a gradient descent approach to evolve the contour. The method uses the edge infor-
mation of the image to detect and segment objects. The method starts with an initial
contour, which is iteratively updated to the object boundary. The energy functional is
defined as the sum of two terms: an internal energy term that constrains the curve to
be smooth, and an external energy term that attracts the curve towards the edges of the
image. The external energy term is computed as the gradient magnitude of the image.

The geodesic active contour was utilized in the algorithm through the method
called: “activecontour(PET scan, mask (a binary image that specifies the initial state
of the active contour), 20 as maximum number of iterations, Edge method, Smooth-
Factor (The default smoothness value is 1 for the "Edge" method), 1.0, ContractionBias,
-0.35)”. The Edge method was described by Caselles et al. [94], and an additional pa-
rameter, ContractionBias, was introduced, which indicates the contour’s tendency to
grow outward (negative values) or merge inward (positive values).

5.1.2 Chan-Vese-based Method

Chan-Vese is an active contour model for image segmentation proposed by Tony F.
Chan and Luminita A. Vese in 2001 [95]. It is a level-set method which can segment
images into multiple regions based on differences in intensity and texture. In this ap-
proach, the image is divided into two regions based on a threshold value, and an energy
functional is defined which attempts to minimize the difference between the regions
while maintaining the smoothness of the boundaries. The energy functional is repre-
sented as a sum of two terms, an internal energy term, which penalizes the curvature
of the contour, and an external energy term, which is based on the difference between
the intensity inside and outside the contour. The external energy term can be modified
to include additional information such as texture or color.

The parametric active contour method was used in the algorithm through the in-
vocation of the activecontour() method with parameters such as PET scan, mask, 100
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TABLE 5.1: Results (in cm?®) for detected and measured brain tumors
provided by SME and computed by Edge and Chan-Vese methods.

ID | SME | Edge | Chan-Vese
17.11 | 38.183 17.3745
18.63 | 69.6465 | 25.0241
30.22 | 19.3572 11.1329
255 | 80.0574 | 36.7369
13.32 | 27.2416 12.7943

- 12.6758 7.7618
15.02 | 17.802 11.6712

N OO =W IN| -

(maximum number of iterations), Chan-Vese method, and SmoothFactor (regularity of
the boundaries of the segmented regions). Higher values of SmoothFactor result in
smoother boundaries, but at the risk of losing finer details. Lower values allow more
irregularities but enable finer details to be included. The default value for Chan-Vese
is 0, which was changed to 2 for this algorithm. The parameter 100 represents the
maximum number of iterations for the active contour method. If the current contour
position is the same as the position of the contour in one of the last five iterations, the
active contour method stops its evolution.

5.1.3 Appraisal

Tab. 5.1 presents obtained results for detected and measured brain tumors for seven pa-
tients. The SME’s values represent the ground truth and the reference for other results,
also acknowledging that SME could have been in error during measurements.

In the case of patient with ID 1, the SME has a value of 17.11c¢m3, whereas Chan-
Vese has a closer value to the SME at 17.3745¢m?. For ID 3, both Edge and Chan-Vese
methods have much lower values than the SME. In the cases of patient 2 and patient
4, the Edge method gives values significantly higher than the SME and the Chan-Vese.
For ID 5, all methods seem to perform similarly.

Assessment

Active contour methods in general do not take into account the anatomical context
of the processed image. Although bone tissue removal impacted that ability, the results,
especially for the Edge methods, are significantly divergent from the ground truth.
Moreover, during the research, the features of active contour methods such as: heavily
reliant on the placement of the initial contour, blurry boundaries, lack of support to
segment multiple tumors simultaneously on the same slice and heavy parametrization
for the specific tumor and medical results concluded that research must be extended on
the modern convolutional neural network processing. Two modalities have been used.
The qualitative evaluation with the cooperating hospital confirms that the solution only
partially meets their needs, as many patients also have MRI scans, but for some there is
simply a CT scan. The processing of a single patient’s data took around three minutes.
Furthermore, the technology used to create the algorithms does not support scaling
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the solution as the technology (MATLAB) supports execution of the final program in a
single node (single machine). Active contour methods seem to currently have a didactic
or historical significance.

5.2 Phantom-based Verification and Calibration Method (PVCM)

The phantom is a cylinder composed of plexiglass (a transparent synthetic material).
Within the phantom are spherical holes of a known diameter, which simulate tumors
within a patient’s body (Fig. 5.5 and Fig. 5.6). The primary purpose of the phan-
tom is the annual calibration of medical equipment aimed at monitoring, maintaining,
and improving the quality of the results provided. The image produced in the study
is recorded in the DICOM format. It includes the DateOfLastCalibration parameter,
which provides the ability to monitor the time since the last verification of the given
medical equipment.

The thesis research introduced a novelty, of using a phantom to calibrate the algo-
rithm - validate and evaluate the accuracy of algorithms and assistance in setting the
correct thresholds.

The NEMA IEC Body phantom [96], commonly used to evaluate the performance
of computed tomography (CT), has limitations in detecting micro-lesions. This study
proposes the NIM PET-CT phantom, designed to simultaneously test the performance
of PET and CT systems, and evaluate imaging quality. The NIM CT-PET phantom con-
sists of a PET imaging module and a CT imaging module connected through bolts. Hot
spheres filled with 18F-fluorodeoxyglucose and cold spheres filled with non-radioactive
water were used for imaging. The imaging quality of the NIM PET/CT phantom and
the NEMA IEC Body phantom was relatively consistent. The NIM PET/CT phantom
detected 7 mm spheres without influencing imaging quality. The NIM PET/CT phan-
tom outperformed the NEMA IEC Body phantom in evaluating PET image quality
of micro-lesions and the performance parameters of CT. The study “Brain-mimicking
phantom for biomechanical validation of motion sensitive MR imaging techniques”
Ozkaya et al. [97] presented a novel brain-mimicking phantom test setup that enables
the validation of motion-sensitive MR imaging techniques. Due to the frequency-
dependent behavior of brain mechanics, there is a need to develop brain phantom
models that can mimic the broadband mechanical response of the brain in order to
validate these techniques.

Moreover, it is of significant interest to note that the spatial distribution of Bismuth-
213 is essentially identical to that of Gallium-68. However, for the PET-CT phantom
test, the calculations were conducted using Gallium-68 due to its lower cost. The pro-
duction process of Bismuth-213 is comparatively more complex, and its short half-life
restricts its applications, thereby leading to a considerably higher cost compared to
Gallium-68. The Phantom-based Verification and Calibration Method (PVCM) serves
as an effective tool for validating and calibrating algorithms. This approach utilizes a
phantom, which is a physical object specifically designed to simulate the properties of a
real-world object. The phantom is utilized to evaluate the accuracy of the algorithm by
comparing the algorithmic outputs to the actual measurements derived from the phan-
tom. This technique is particularly useful for validating and calibrating algorithms
employed in medical imaging, such as CT scans and MRI scans. PVCM is deemed a
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FIGURE 5.5: Picture of the PET-CT phantom BIODEX MEDICAL SYS-
TEMS available at the Nuclear Medicine Department of the Medical Uni-
versity of Warsaw.

TABLE 5.2: Table with theoretical values, calculated according to the
phantom’s catalogue card. The total volume of all tumors is 21.316¢m°.

ID | Sphere diameter [mm] | Sphere Volume [mm3]
1 10 523.5988

2 13 1150.3465

3 17 2572.4407

4 22 5575.2798

5 28 11494.0403

reliable and accurate method for ensuring that algorithms perform as anticipated and
that their outputs are precise.

The block diagram of the algorithm used to determine the parameters for the main
algorithm is presented in Fig. 5.7. The main differences compared to Fig. 5.1 is that the
test data on the phantom required automatic differentiation based on size: img.bytes >
520000&&img.bytes < 530000. The size of the image obtained by the PET method is
smaller than that of CT. Subsequently, the scaling factor was calculated to obtain the ac-
tual tumor area using the code: scalingFactor = dicom.Pixel Spacing(2) x dicom.PixelSpacing(1).
Fig. 5.8 presents the results of the algorithm with the visualization created by RadiAnt
software, and Fig. 5.9 presents own visualization developed in MATLAB.

The algorithm calculated the tumor volume from the obtained images to be 21.4157cm?,
which results in a relative error value of 0.047% based on the given scans. The results
for each sphere are presented in Tab. 5.2.
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FIGURE 5.6: A bird’s-eye view of the PET-CT phantom BIODEX MED-
ICAL SYSTEMS available at the Nuclear Medicine Department of the
Medical University of Warsaw.

The research confirmed that phantoms can be used to generate synthetic data that
closely mimic authentic medical images, providing a controlled environment for test-
ing and evaluation. Additionally, phantoms can be used to assess the robustness of
models to variations in image acquisition and processing parameters.
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FIGURE 5.9: Image obtained using the developed algorithm. On the left

side, a two-layer PET image is visible with tumors identified using the

active contour method. On the right side, the PET-CT fusion with the
active contour overlaid is presented.
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Chapter 6

Convolutional Neural
Network-based Approach for
Segmentation

6.1 U-Net with Morphological Geodesic Active Contour

The proposed algorithm follows a block diagram, illustrated in Figure 6.1, that outlines
the sequence of tasks performed.

CT, PET scans preprocessing

S

U-Net to remove bone tissues from CT scans

NS

Modify PET based on removed tissues from correlated CT scan

S

Active Contour Method

NS

Volume Computation and 3D Visualisation

FIGURE 6.1: Flow diagram for developed method based on U-Net and
active contour.

Morphological Geodesic Active Contour (MGAC) is a type of image segmentation
technique that uses a combination of morphological operations (to preprocess the im-
age to remove noise and enhance the edges of the object) and geodesic active contours
(to detect and delineate objects in the image).

Brain scans were performed on 22 male and female patients. For each patient, 148
PET and 148 CT images were saved during a single examination. An additional ex-
amination of an undetermined number of patients was performed. Data augmentation
was applied due to the low number of patient scans. The ImageDataGenerator from
the Keras library was used. A generator was implemented for both CT images and the



Chapter 6. Convolutional Neural Network-based Approach for Segmentation 50

corresponding masks for each slide. Elastic deformation was achieved by practicing
rotation, shear intensity, interval, zoom, and horizontal flip inputs. Therefore, 13,480
files were created. Bone tissue removal was performed using the U-Net model. The
training portion was completed using expert-labeled scans. Of the total dataset, 20%
of the images were used for that phase. The training objective is to decrease the dif-
ferences between the gray levels of pixels (Hounsfield scale) and to increase the ROI of
the areas labeled by the expert. The activation function was ReLU, except for the last
layer, where sigmoid activations were applied. The Adam optimizer and categorical
cross-entropy as the loss function were used. The algorithm with U-Net was devel-
oped using Python 3.7, Keras 2.3.1 and Tensorflow 2.0.0a0. The algorithm was trained
and run on a single virtual machine with 64 virtual CPU(s), 259GiB of RAM. The best
model achieved 97.39% accuracy and 7.76% loss — giving a comparable result to others
that implement U-Net [98]. After the removal process of bone tissue, the Python ac-
tive geodesic morphsnakes method was used to segment the tumor area (Edge Active
Contour Method with 20 maximum iterations. For the Chan-Vese method, 100 itera-
tions). The behavior of the method utilized is similar to that of Active Contour such as
Geodesic Active Contour [94]. Quantitative results are presented in 6.3 and 6.4. Qual-
itative results are presented in Fig. 6.2. The complete description of the methods and
experiments was published in 2020 [99]. For comparison, the brain size of the women
participating in the studies was 1406.62 + 101.41 cm3 at the age of 43.88 + 14.74, and
men 1406.57 + 101, 69 cm3 at 42.96 + 12.31 [100].
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FIGURE 6.2: Qualitative results presented by the dissertation author
during International Joint Conference on Neural Networks (IJCNN) in

2020 [6].

6.1.1 Improved Morphological Geodesic Active Contour

The following methods were evaluated during the research:
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1. Method 1 - Morphological Active Contour without Edges was applied, where
the initial level-set was created using the checkerboard level set function with
the image shape and 6 as parameters, and the morphological Chan-Vese function
with smoothing=3 and iter callback = callback was used to calculate the final level
set.

2. Method 2 - Morphological Geodesic Active Contour evolution was performed
by first using inverse gaussian-gradient function on the image, then creating an
initial level-set with np.zeros function and setting a region of interest, and fi-
nally using morphological geodesic active contour function with smoothing=1,
balloon=-1, threshold=0.69, and iter callback callback.

3. Methods 3, 4 and 5 are improved versions of Morphological Geodesic Active
Contour that include additional image processing techniques with parameters
selected empirically. Method 3 involves image erosion using disk(3), threshold
= 0.8, and threshold otsu function. Method 4 involves closing the image using
disk(3), threshold=0.8, and threshold otsu function. Method 5 involves image di-
lation using disk(2), threshold = 0.8 and the threshold function of the otsu func-
tion.

The Jaccard-Needham dissimilarity between 1-D boolean arrays u and v, is defined
as Eq. 6.1.

N = CTF + CFT

_ (6.1)
CTT +CrT + CTF

where ¢;j is the number of occurrences of u[k] = i and v[k] = j for k < n.

The Jaccard-Needham coefficient was used to evaluate the similarity of the pixel
values between the original image and the processed one. It works by comparing the
number of pixels that are common to both images with the total number of pixels in
both images. The resulting score is a value between 0 and 1, with 1 indicating a perfect
match. The author is aware that the Jaccard-Needham coefficient has some limitations.
It does not take into account the intensity or color values of the pixels, but only their
presence or absence. It also does not account for the spatial relationships between the
pixels. Therefore, it may not be the most suitable method to compare images with
complex textures or patterns. But it is not the case here, as two binary images were
compared. Data for 22 patients from PET and CT scans have been used. The first stage
of that pipeline is the same as detailed in the previous chapter. Once U-NET produces
results and PET is modified based on the removed tissues from the correlated CT scan,
then an Improved Morphological Geodesic Active Contour is run.

During the research on Improved Morphological Geodesic Active Contour, five
methods alone have been assessed. Tab. 6.1 presents quantitative results. From each
patient, 10 random slices with visible tumor were selected which provided 220 slices.
Each method has been executed on the selected data to produce the segmentation of
the tumor. Then, for each result the author calculated Jaccard-Needham and Dice Co-
efficient. The table represents the average results, when comparing the result from
the methods and original image — essentially, the author’s novel method was utilized
which is intended to improve the default Morphological Geodesic Active Contour by
adding morphological operations inside.
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TABLE 6.1: Results for 5 methods morphological active contour.

Method | Jaccard-Needham AVG | Dice Coefficient
Method 1 0.75 0.86
Method 2 0.83 0.91
Method 3 0.86 0.92
Method 4 0.71 0.83
Method 5 0.85 0.91

Notably, Dice coefficient (DSC) can be expressed as: DSC = fffl\\[, where JN is the
Jaccard-Needham coefficient.

Jaccard-Needham coefficient is a measure of how similar two sets are meaning the
proportion of shared elements between the two sets. It is calculated by taking the size
of the intersection of the sets and dividing it by the size of the union of the sets, The
Dice Coefficient instead of dividing by the size of the union of the sets, divides by the
average size of the two sets. While these two metrics often produce similar results, they
can differ in specific situations. The Jaccard index is more sensitive to the size of the
union of the sets, while the Dice coefficient is more sensitive to the size of the intersec-
tion. Therefore, reviewing Tab. 6.1 - the Dice Coefficient is higher because it normalizes
by the average set size, whereas the Jaccard Index is lower because it normalizes by the
larger union size.

Qualitative results are presented in 6.2. Method 3 (Improved Morphological Geodesic
Active Contour with erosion) has the highest Dice coefficient, indicating that it may be
the most effective method for detecting tumors on PET-CT scans of gliomas.

Assessment

For gliomas, they are typically heterogeneous in nature and can have irregular and
poorly defined borders. They may also have varying degrees of contrast enhancement
on CT scans, ranging from no enhancement to strong enhancement. Additionally,
gliomas can have areas of necrosis, hemorrhage, and cyst formation, which can fur-
ther complicate their appearance on imaging. Therefore, it may be beneficial to apply
morphological methods such as erosion and dilation to help better define the borders
of the tumor and remove any surrounding artifacts or noise. Additionally, the use of
evolution-based techniques may also be useful in accurately identifying the bound-
aries of the tumor. Overall, a combination of multiple morphological methods may be
necessary to improve the detection and characterization of gliomas on CT scans.

6.1.2 Results and Evaluation

Then, based on the most accurate methods, the same steps have been repeated from
the previous chapter. Results are presented in 6.3. To properly assess the results, the
calculation of AE - Absolute Error, RE - Relative Error, and based on that MSE, RMSE
and MAE is needed (Tab. 6.5).
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TABLE 6.2: Visual results of applying morphological methods.

Method

Visualization

Method 1

i r

Method 2

Method 3

Method 4

Method 5
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TABLE 6.3: Results of Tumor Volumes per specific methods, expressed

3

in cm”.
ID | SME | Edge | Chan-Vese | U-Net with MGAC | U-Net with IGMAC
1 | 1711 | 38.183 17.3745 13.76 15.34
2 | 18.63 | 69.6465 25.0241 97.97 78,32
3 |30.22 | 19.3572 11.1329 29.26 29.84
4 | 255 | 80.0574 36.7369 18.95 21.23
5 | 13.32 | 27.2416 12.7943 11.92 12.64
6 - 12.6758 7.7618 7.82 8.42
7 115.02 | 17.802 11.6712 15.97 16.03
TABLE 6.4: Calculations of RE and AE for received results for specific
methods.
D Edge Chan-Vese U-Net with MGAC | U-Net with IMGAC
RE AE RE AE RE AE RE AE
1 | 0.5519 | 123.16% | 0.0152 | 1.55% | 0.2435 19.58% 0.1154 10.34%
2 | 0.7325 | 273.84% | 0.2555 | 34.32% | 0.8098 | 425.87% | 0.7621 320.40%
3 | 05612 | 35.95% | 1.7145 | 63.16% | 0.0328 3.18% 0.0127 1.26%
4 10.6815 | 213.95% | 0.3059 | 44.07% | 0.3456 25.69% 0.2011 16.75%
5 | 0511 | 104.52% | 0.0411 | 3.95% | 0.1174 10.51% 0.0538 5.11%
6 0 0 0 0 0 0 0 0
7 | 01563 | 18.52% | 0.2869 | 22.30% | 0.0595 6.32% 0.063 6.72%
Assessment

IGMAC methods outperformed the typical method. At the same time, it still does

not produce better results than Chan-Vese. The author did not run the visualization be-
cause the qualitative results are simply to view and compare, without making further
decisions. Both methods proved to be efficient and accurate. However, knowing that a
further research objective is to process more multimodal images, manual parametriza-
tion of active contour methods is unacceptable. Morphological operation showed po-

tential in postprocessing of the images.

TABLE 6.5: MSE, RMSE and MAE for achieved results for specific meth-

ods.
Measure | Edge | Chan-Vese | U-Net with MGAC | U-Net with IGMAC
MSE 151.0194 12.9293 151.2558 85.3783
RMSE | 30.10177 | 8.807713 30.12532 22.63338
MAE 25.70222 | 6.809517 15.425 11.3
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6.2 Multimodal Data Fusions Algorithms

6.2.1 CT and PET Scans Fusion Algorithm

CT are rarely able to detect tumor structures because the soft tissues as well as the
structure of the brain are presented. A PET scan must be executed during a medical ex-
amination via the same CT-PET scanner in order to base a diagnostic decision on a CT.
Two series of slices per each of the types - CT and PET - must be executed. These slices
are not merged, only correlated. Fusion of the CT and PET scans must be executed in
order for the radiologist or researcher to conduct further analysis. The highest value
pixels reveal themselves as white, with the lowest (meaning 0) as black. The degree of
absorption of X-rays, determined by Houndsfield units (HU), is indicated as a level of
gray, which reflects the structure of the brain as reflected in the CT scan. In order to
determine whether the developed model distinguishes between abnormal and normal
brain matter regions as well as the correct classification of benign or malignant tumor
along with healthy tissue is a matter of proper training sets and validating data. The
Nuclear Medicine Department acquired and delivered a dataset of 22 patients used for
the purposes of this research. A Siemens Biograph 64 PET-CT scanner was used dur-
ing the years 2016-2018 to take the images, 148 slices for both PET and CT scans. The
weight of each slice was approximately 520KB, which netted around 110MB for a single
CT examination with its correlated PET scan.

Traditional machine learning algorithms may be incapable due to the increase in
the volume of data, especially while working with MR scans that can weigh 15 GB for
a single examination. The most promising developments on the horizon are modern
deep learning models. The concept of the neuron as the most basic computational unit
grew from the study of the human brain which takes numerous signals as inputs, uses
weights to combine them in linear fashion and then transfers those combined signals
using nonlinear means to generate output signals [101]. Deep learning models require
massive amounts of training datasets with annotations made by medical experts in
order to produce results that are accurate, which makes it harder to obtain a medical
dataset.

Two approaches can be taken to mitigate this difficulty. One can apply transfer
learning which allows transfer features from non-medical data. Additionally, data aug-
mentation allows for increasing the number of training samples by way of cropping,
transposing, elastic transform and random notations, etc.

VGG19 and VGG19-BN

The method described by Hui et al. [102] which was initially developed to fuse infrared
and visible images was applied to fuse the CT and PET scans. Confirmation that the
method could be successfully applied to medical image fusion was achieved through
experimentation. The first stage in the method is to take the source images, namely the
CT and PET scans, in order to decompose them into detail content and base parts. The
base parts are then fused using a weighted-averaging fusion strategy. A pre-trained
deep learning network (VGG19 or VGG19BN) is applied to compute multi-layer fea-
tures in order to extract the detail content. The paper by Simonyan, K. and Zisserman,
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PET scans CT scans Fusion with | Fusion with
VGG19 VGG19-BN

TABLE 6.6: PET and corresponding CT scans and the resulted fusion
done by methods based on VGG19 and VGG19-BN.

A. [103] proposed VGGNet - a Deep CNN of which, VGG19 is a variant. The research
group Visual Geometry Group or VGG, was the inspiration for the model’s name.

VGG19 is composed of 19 layers. As an extended VGG19 model, VGG19-BN con-
tains batch normalization which is a layer between layers which occurs between the
convolutional and activation unit layer and the inner product and activation unit layer [104].
The implementation is publicly available on GitHub [105]. ImageNet is used to train
both models to extract deep features. Various types of objects which can be used for
training purposes are contained in the ImageNet dataset. Utilizing the transfer learn-
ing from a pre-trained ImageNet network will significantly improve results on every
dataset which attempts to compensate for a lack of adequate training data [106]. Imple-
menting the original methods in MATLABR2016a on 3.2GHz Intel(R) Core(TM) CPU
with 12 GB RAM significantly shortcuts the usability.

The authorial impact is related to the implementation. The author of the thesis
implemented the fusion methods in Python utilizing the PyTorch library and making
it publicly available [107] with the following changes: PET scans are rescaled to the
size of the CT scans, with the usage of the inner cubic interpolation method. Table 6.6
presents a selection of obtained graphical results.

For VGG19, processing each slice takes approximately 6 to 7s of computation, with
approximately 8s for VGG19-BN on 2 nodes of Virtual Machine with 224 GB of memory
and 4 GPUs (Tesla K80). Tab. 6.7 shows the results comparing nine fusion outcomes.
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FIGURE 6.3: Histogram for fused images published. Results and meth-

ods have been published by the author in The Bulletin of the Polish

Academy of Sciences Technical Sciences in 2021 [7]. As of June 2023,
the article had received 10 citations.

TABLE 6.7: Jaccard coefficient results for nine outputs of the fusion
method.

Slice no.
1 2 3 4 5 6 7 8 9
‘ Jaccard coefficient | 0.9823 | 0.9712 | 0.9837 | 0.9864 | 0.9851 | 0.9841 | 0.9931 | 0.9864 | 0.9479

Method

The impact of applying batch normalization [108] in a fusion mode are confirmed
by the results as long as the identical deep learning model architecture was chosen. In
order to confirm if there is any significant noise affecting the image, utilization of the
histogram is valuable. In the case of the original examination results being saved in
DICOM format, the histograms should reflect intensities in HU. Any transformation of
an image, and especially conversion to PNG/JPG formats can change pixel intensities
values. The maximum pixel intensity value obtained from the PNG files was 255 when
on the original CT was 2692, and on the original PET DICOM file, 23706.

The choice of alternative deep learning models to fuse images can lead to different
output images and modified pixel intensities values being produced. Pixel intensi-
ties, independent of image format, are utilized to detect tumors and especially in seg-
menting tumor areas. Pixel intensity is crucial for volume computation to determine
a further treatment plan which is why the choice of the correct method for fusion will
influence results.

6.2.2 CT, PET and MRI Scans Fusion Algorithm

The objective is to fuse images from various diagnostic devices. An original 22-patient
dataset was acquired and shared by the cooperating Nuclear Medicine Department.
Images were taken using a Siemens Biograph 64 PET-CT True Point Scanner during
the years 2016-2018, which included 148 PET and CT scan slices. The MRI dataset
consisted of seven patients who also had the CT and PET examinations.

For this research there are three data sources: CT, PET and MRI. All images were
in DICOM format. For the MRI there are four modalities: T1-weighted (T1), contrast
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enhanced T1-weighted (T1c), T2-weighted (T2), and T2 Fluid Attenuation Inversion
Recovery (FLAIR). Only the T1 and T2 modalities were processed by the author.

PET

FIGURE 6.4: Three different data sources. The left picture shows the CT

picture, the central picture the PET and the right picture the MRI for the

identical slice of a single patient. The CT and MRI data differ from each
other in terms of the color of healthy and tumor-infected tissues.

Fig. 6.4 illustrates the source elements of the fusion. The CT image with the T1
method and the MRI image with the T2 method can be identified. These photos carry
various diagnostic features, therefore combining them by means of fusion may result
in an increase in the value of information carried by the image.

Fusion of PET and CT

In the first stage of work, the fusion attributes are data from one measuring device. Tak-
ing PET and CT images for the same sections of the patient’s head has become a stan-
dard in the performed examinations, which clearly allows for pairing of corresponding
images. As the recording was done with the use of different technology, it should be
noted that the images are created by registering the variances in the distribution of two
different radioactive decays. This subsequently results in different resolution along
with diversity in the characteristics of the input images. In order for the fusion to be
performed, the input images need to be adjusted in terms of the represented resolu-
tion, which required appropriate scaling of the PET images with the use of Inner Cubic
interpolation. A proven method was applied and modified in order to combine CT
images and PET images [7]. The method combines infrared scans and images in the
visible space. As the author of the article points out, the applied fusion process allows
for the correct combination of images from two diagnostic tests of the brain. In the
fusion process, source images are introduced and separated into high and low image
frequencies, which, in effect, allows for the separation of basic and detailed elements, as
presented in Fig. 6.5. The details are merged through the use of the pre-trained VGG19
deep learning network, the origin of which is owed to the VGGNet [109]. The resultant
image of the fusion effect is an image with a resolution equal to computed tomography
examination with clearly marked tumor sites indicated by PET examination. Fig. 6.6
illustrates the CT-PET fusion result.
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FIGURE 6.5: CT-PET fusion diagram. Applied lowpass filter based

on Tikhonov regularization published in “"The filtering effect of the

Tikhonov regularization: Application to eddy-current problem"” by
Ribeiro et al. [110].

PET

CT/PET Fusion

FIGURE 6.6: The CT-PET fusion. On the right side of the above figure is

an image that is the result of applying a fusion. The two images on the

left show the components of the fusion. Looking at the fusion image, a

CT image with the tumor sites indicated by PET is seen. Thus, the con-

clusion can be drawn that the obtained image combines the diagnostic
features of two component images.

Fusion of CT-PET with MRI

The fusion process of CT-PET with MRI was performed in the following sequence:
1. Reading the patient’s position from the DICOM file

Preparation of data for further transformations

Binarization in a specific frequency window

Filtration

Labeling

Detection of diagnostic features

N o g ok »w DN

Determination of the base point on the series of data
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8. Sorting and matching images
9. Scaling and fusion

Implementation details have been published on GitHub [111].

Features Extraction

The labeling task is to detect the places where the details are present (logical value
1) and to define the diagnostic features in the area under consideration. The following
features were taken into account in the conducted research: center of the area, the size
of the area, filling an area, circuit, and circularity. The circularity has been calculated
according to Eq. 6.2.

K=4-7- (52) (6.2)

Where K is circularity, P is area of the test, O is circuit.

FIGURE 6.7: Transformation performed by the detection of diagnostic
features. The left photo shows image before transformation, the right
photo shows image after features extraction.

Fig. 6.7 presents the effect obtained for MRI images by performing binarization in
the light band within the range of 7-25; then a median filter with a square 5-dimensional
mask was applied. In order to remove all openings inside the patient’s head, the op-
eration of closing the morphological mask 5x5 was performed. Such an operation was
performed three times. Filtered images were labeled and diagnostic features deter-
mined. The designated parameters are the center of the head, width and height, area
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and roundness. Determining these parameters will allow for a further stage of image
processing. Note, however, that different filters should be applied to images obtained
from fusion as the nature of the image is different. The same binarization band is used
on the fusion image, with a double median filtering in a 7 square frame, and triple
morphological occlusion with a 5x5 frame were used to obtain MRI identical effects.
The manner of the processing method determined was tested on several datasets. The
effects obtained thanks to the developed method allows researchers to consider this set
of filters as optimal and adapted to automatic operation. The applied filters do not af-
fect the further quality of the fusion because the filtered images serve only to determine
the characteristic dimensions of the head.

Image Matching

The head image diagnostic parameters determined in the previous stage have been
saved in the table along with the name and paths leading to the original images. To
solve the key problem of matching images from two diagnostic devices, information
about the patient’s location during the examination was added to the existing function
table. Thanks to this information, it is possible to unambiguously align the images from
the two diagnostic devices. This is done by finding a base point on a series of fusion and
MRI data. For the head, the base point was defined as its apex, determined by finding
the cross-section with the smallest area while maintaining a high circularity parameter.
The determined cross-section has a parameter of the patient’s position in the diagnostic
apparatus, with respect to which the shift of the remaining images in the series should
be determined. Baseline points should be established for both fused images and MRI
images. After such operations, there are two parameter tables with specified distances
from the base point for all sections. To find the correct pairs of images, the lists should
be searched for images with a similar section point.

Not every series of data can be combined with each other due to the different lo-
cation of the patient during the tests. The scans may be performed in cross-sections
in locations which exceed the adopted tolerance limits. During CT / PET and MRI
scans, a series of data is captured with a certain shift of the patient between successive
segments. It may occur that one type of scan is able to capture an image which is not
possible in another form of scan.

Final Fusion of CT, PET and MRI

The final step before the fusion takes place is selection of pre-processed images to rep-
resent an identical scene to their counterpart from another device. To do this, it is nec-
essary to utilize predetermined diagnostic features, which are: the center of the head,
height and width. The input images should be processed so that they have the same
resolution, position, and dimensions of the head. For this purpose, it is necessary to
apply scaling and image cutting operations using designated parameters. MRI images
are characterized by a high level of detail, which is higher than in computed tomogra-
phy, therefore it was decided to match the CT-PET fusion images with the MRI images.
The input data prepared in this way was subjected to fusion, the method of which was
identical to that of the CT-PET fusion and used the pre-trained VGG19 network.

Fig. 6.8 shows the results of the developed algorithm. The first two images in the
figure show the matching prior to the fitting operation. The third image is the result
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CT/PET Fusion

CT/PET/MRI Fusion

FIGURE 6.8: This figure shows final fusion. On the left the picture shows
the CT-PET image, the central picture is of the MRI and the right picture
of the fusion result.

image, which contains the sum of the characteristics of the component images, which
are computed tomography, positron emission tomography, and magnetic resonance
images.

The model to be ultimately used for fusion has been described in detail by Zhang
et al. [112]. The structure of the neural network used in the model is based on the
convolutional architecture and was named by the creators IFCCN with the utilization
of methods IFCNN-MAX (selecting the higher value). After merging the images, the
resulting image is reconstructed by two convolution layers.

CT CT+PET+MRI

FIGURE 6.9: The result of the work is an algorithm that allows for auto-
matic fusion of images from CT, PET and MRI.

The result of the work is an algorithm that allows for automatic fusion of images
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from CT, PET and MRI. Visual results illustrate Fig. 6.9, and Fig. 6.10 presents the pro-
cess diagram. In the designed program, using, among others, the libraries: PyDicom,
OpenCV, Numpy, Skimage, Torch, Torchvision, Matplotlib, Pymongo and test data
from the Central Clinical Hospital of the Medical University of Warsaw, the author
managed to achieve the output image being the sum of the features from the compo-
nent images. The data created can be used in an unchanging form as training and
testing data for deep neural networks.

FIGURE 6.10: CT-PET-MRI fusion diagram.

6.3 Data Augmentation and Annotations

Data augmentation is a widely used technique for increasing the size of the dataset
available for training ML models. The approach involves manipulating existing data
points by means of various transformations, such as rotation, scaling, translation, shear-
ing, flipping, and cropping. Through this process, new data points are generated from
the existing ones, thus expanding the dataset. The primary objective of data augmen-
tation is to mitigate the risk of overfitting while improving the generalization of the
model. In particular, image augmentation has become increasingly popular in recent
years, with a variety of tools available for implementing transformations such as zoom,
shear, rotation, and flipping. Notable examples of image augmentation tools include
imgaug, keras, smart augment, and autoaugment.

6.3.1 Mask-aware Medical Data Augmentation

Mask-aware Medical Data Augmentation (MMDA) is an authorial tool utilized to gen-
erate additional training data for medical image analysis tasks. It is designed to gener-
ate realistic data that is consistent with the original data. The tool uses a combination
of image processing techniques, such as masking, cropping, and resizing, to generate
new data that is similar to the original data. This allows for more accurate training
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of deep learning models, which can then be used to improve the accuracy of medical
image analysis tasks.

In medical imaging, masks are binary images that highlight specific regions or
structures of interest within an original image. When applying traditional data aug-
mentation techniques to medical images, the augmentation process typically alters the
original image without considering the associated masks. This can result in a misalign-
ment between the modified image and its corresponding mask, leading to inconsis-
tencies and inaccuracies in subsequent analysis or model training. MMDA takes into
account the spatial relationship between the original image and its associated mask.
During augmentation, the tool ensures that any transformations or modifications ap-
plied to the original image are also applied to the mask in a consistent manner. For
example, if the original image was rotated, the tool applied the same rotation to the
mask to ensure that the annotated regions were positioned with the converted image.
Likewise, other augmentation techniques such as translation, scaling, flipping, elastic
deformation, or intensity changes, while retaining a spatial relationship between the
image and its mask, are used. This means that any modifications introduced to the
image are propagated to the mask, preserving the integrity of the annotated regions.

The Mask-aware Medical Data Augmentation blends:

1. Keras Image Generator — The Keras ImageDataGenerator class provides real-time
data augmentation and requires lower memory usage. Itis a superb way to create
new variations of images on the fly without having to add them to the original
corpus of images. The primary method used for data augmentation is ImageData-
Generator class. The class generates augmented image data from an existing set
of images by applying various image transformation operations such as Random
Crop, Flip, Translation, Rotation, Zoom, Height, Width, Contrast, Brightness. The
ImageDataGenerator class in Keras allows for the real-time data augmentation of
images during model training. This can greatly increase the size of the dataset
and help prevent overfitting.

2. Augly — Augly is a data augmentation library that has recently gained atten-
tion in the field of computer vision, including medical imaging. It contains both
function-based and class-based transforms, with the option to provide metadata
about the applied transform. It supports adding Gaussian noise, CT windowing,
and histology-specific augmentations.

3. imgaug — imgaug is a library for image augmentation in ML experiments, sup-
porting a vast range of augmentation techniques and allowing easy combination,
execution on multiple cores, and augmentation of images, key-points/landmarks,
bounding boxes, heatmaps, and segmentation maps. It allows for a wide range
of transformations to be applied to images, such as cropping, rotation, flipping,
and color adjustments. These transformations can be applied in a random or
deterministic manner to generate a large number of new images from a small
dataset, thereby improving the robustness and generalization of a machine learn-
ing model.

MMDA command line tool was used to augment data in the research detailed in
further chapters. Assessment of the tool per se can be challenging, as the hypoteshis
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that should be set is rather - how the data augmented by the tool impacts the final
results. On the other hand, there are certain methods which must be mentioned that
can be used to evaluate the tool.

Image Adjustment Methods - Assessment

An overabundance of highly similar images in the training dataset impacts the
model by biasing it toward the specific class. This results in the model becoming over-
fitted to the specific pattern presented in the scan. The critical phrase here is “highly
similar images”. The author of this research desires to define these commonly used
words and propose methods that may assist with quantifying that opinion. Post image
generation, scans must be assessed, in regard to similarity to determine the “highly
similar” ratio to the original. The following should be assessed:

1. Anatomical integrity: shape of the skull, tumor and other structures, as well as
location of specific organs should be consistent.

2. Scan consistency: Hounsfield scale with the same representation of HU in ex-
pressing tissues and bone structures. In typical images, the colors should be con-
sistent, meaning the contrast, brightness, sharpness should be consistent.

Consistent, but not the same. This establishes the necessity to assess the produced
images in both qualitative - anatomical integrity and quantitative - scan consistency
means. The author suggests using the Mean Squared Error (MSE) method (calculate the
sum of the squared differences between the two images). The lower the MSE value, the
better the adjustment. Another method is the Structural Similarity Index (SSIM). This
method measures the similarity between two images by calculating the luminance, con-
trast, and structure of the images. The higher the SSIM value, the better the adjustment.
Finally, the author suggests using the Peak Signal-to-Noise Ratio (PSNR) method. This
method measures the difference between the original image and the adjusted image by
calculating the ratio of the peak signal power to the noise power. The higher the PSNR
value, the better the adjustment.

Moreover, the author of this thesis supervised student research focused on devel-
oping a data enrichment tool for medical imaging, particularly intent on the generation
of synthetic PET-CT fusion images depicting tumors in head scans. This research cul-
minated in a master’s thesis, presented by the student titled: “Medical images genera-
tion based on generative adversarial networks” and defended by said student, namely,
Michat Przemystaw Maciotek, on 23 June 2022. The system was built on the Cycle
Generative Adversarial Network (CycleGAN) architecture, which leverages two gen-
erators and two discriminators to transform input images into realistic, synthetic out-
puts. Given the input of a CT scan, a fusion of the original image and a synthetic
tumor is generated by the tool; conversely, a PET scan input yields an output that
retains the original tumor while generating a synthetic background. The CycleGAN
system utilizes a cycle consistency loss function for gauging transformation accuracy.
The numeric method used for evaluating the quality of generated images (the Fréchet
inception distance) was unable to capture subtle improvements in the synthetic pic-
tures. As this metric is based on comparing the statistics between the distributions of
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generated and real images, presumably, an enlargement of the test set would cause the
method to yield more accurate results. Unfortunately, performance monitoring of gen-
erative adversarial networks is not as straightforward as is the monitoring of other ma-
chine learning systems such as image classifiers. The first reason is due to the fact that
GAN's loss functions solely reflect the current performance of the generator against its
adversary: the discriminator. The overall quality of generated images is not assessed
by the loss functions. Secondarily, the judgement of generated pictures with regard to
realism is extremely difficult to express mathematically as opposed to measuring ac-
curacy on a labeled dataset. In this thesis, there are two methods used to assess the
quality of generator produced output pictures: human monitoring and Fréchet incep-
tion distance2. The first approach is simple; however, it is vulnerable to bias and is
time-consuming. The second method, on the other hand, removes human monitoring
from the loop and compares the statistics of real and generated images distributions
numerically. The initial step of this solution is information extraction from each image
- both real and synthetic image distributions, utilizing the inception v3 model, with
the top layers removed, thus the model exclusively outputs the extracted features, not
the prediction. Following thusly, for each distribution, a vector of feature-wise means
for all the activation is calculated. The inception v3 model extracts 2048 features from
each image, therefore this vector has a shape equal to (2048). Next, for real and unreal
images distributions, a covariance matrix of features is calculated, giving the results of
this step two (2048, 2048) matrices. Finally, those metrics are plugged into Eq. 6.3 in
order to calculate the final Fréchet inception distance value based on the [113,114] .

d? = [|p = ol + T (G + 2 =2 VG - ) (6.3)
where:

* 42 is the value of Fréchet inception distance (the squared symbol emphasizes that
the distance has square units)

* u;, the vector of feature-wise means of i-th distribution
¢ (C;, the feature covariance matrix of i-th distribution

¢ Tr, the trace linear algebra operation, which is effectively the sum of elements
along the main diagonal of the matrix

The objective is to minimize the Frechet inception distance between distributions of
real images and the generator produced pictures as the greater the distance, the more
the two distributions will differ.

Experimental results suggest promising outcomes when CT scans serve as the source
domain and PET-CT fusion images as the target domain. Evaluation by a radiologist
of the synthetic images produced by the most promising version of the CycleGAN im-
plemented in the thesis would utilize human discrimination to perform a binary classi-
fication of real and synthetic images. The low accuracy of this prediction would serve
as the necessary evidence of the high performance of the generator produced PET-CT
fusion images.
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FIGURE 6.11: Authorial universal tool named Medical Annotations
Transformer (MAT) which automate using labelled datasets by differ-
ent deep learning models within the cloud environment.

6.3.2 Medical Annotations Transformer (MAT)

Biomedical imaging has its own very specific needs towards annotation which may
be based upon or extend general purpose annotation tooling. There are startups ad-
dressing this problem, the most notable examples being md.ai (funded by Google and
Stanford AIMI), TrainingData.io (created by NVidia), American College of Radilogy’s
AlLab. A solid annotation tool tied closely to the underlying data files and down-
stream machine learning experimentation environment will make the platform sticky
and a leap towards democratizing AL

Various deep learning models require diverse types of input data and label descrip-
tion. For example, in the case of U-Net, binary masks are needed. In the case of Mask
R-CNN, these can be binary masks linked to a JSON formatted file containing descrip-
tions of the tumor area and the bounding box, however, could also be the COCO dataset
itself. Additionally, in the case of multiple objects in a single image, the masks used for
training can include one object per slice and multiple objects in a single image. There
are several tools on the market that allow radiologists and SMEs to label data. In addi-
tion, a variety of tools will allow label export in different formats. The challenge is to
standardize.

To make the collaboration with Subject-Matter Experts more effective, automat-
ing the new neural network models training and retraining, a universal proprietary
method - Medical Annotations Transformer (MAT) has been developed. Fig. 6.11 presents
the workflow of the universal tool.

MAT was implemented as a command line tool able to be run on a virtual machine,
local PC or in Compute Instance in Azure. It requires access to a registered dataset in
Azure ML with the labels stored in Microsoft’s JSON file format Common Objects in
Context dataset (COCO). The COCO format is a specific JSON structure dictating how
labels and metadata are saved for an image dataset.

The MAT main features:

1. Integration with Azure ML (Cloud Compute Engine) — access to datasets regis-
tered in Azure ML Data. This requires access to Azure ML Workspace, which
means providing an Azure subscription ID, a resource group where the Azure
ML workspace is deployed and the workspace name. Then the MAT resolves the
authentication and authorization to these services.

2. Inspection and adaptation of a COCO dataset — particularly verifying:

¢ Structure of the file, which should contain a dictionary with: Images — the
section that contains per each image unique id, width, height, file name and
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URL of the location of the file with the capture date there the file is located
with also the date of captured. Annotations — contains a list of annotated
objects, specified by the segmentations section. It should contain a list of
polygon vertices around the object, for each object. Categories —a dictionary
with a list of categories/classes.

* Area - for each segmented object there should be an area in pixels measured.
The tool checks if areas values exist, and if values are correct will calculate
it. Area value is required for generating the correct masks.

¢ Crowding — parameters which indicate whether the bounding box is around
the crowd of other objects. If the crowd is equal to 1 then objects are marked
as one group/cluster of objects.

¢ Annotation unique ID (adding if not present).
¢ Images dimensions — height and width if are the same as parametrized.

¢ Normalize — iterate over images, segmented areas and bbox, adjusting coor-
dinates based on width and height values if they are divergent. Normalize
value types to ints and floats.

¢ The COCO bounding box format is [top left x position, top left y position,
width, height] if are correct.

¢ The category id corresponds to a single category specified in the categories
section.

3. Generating masks — Convert COCO annotation and original image to binary files.
Supporting both single and multiple objects in the final mask file.

4. Generating Pascal VOC — Convert COCO annotation (single .json file) to Pascal
VOC annotations (multiple .xml files)

5. Downloading the dataset — both to a local or cloud environment; leveraging au-
thentication and authorization with Azure Active Directory

The MAT result is the dictionary with three subfolders containing annotation (XML
VOC), downloaded images and the generated masks. Moreover, the created datasets
are registered in Azure ML Data Assets for further experimentation. That baseline
allows the running of different types of models on given images in parallel.

6.4 Tumor Area Cropper with Connected U-Net Architecture
Generator

U-Net architecture is designed as an auto-encoder with an expansive path and a sym-
metric contracting path. Its design determines that the input size should be divisible
by 2n, where n is the number of max-pooling layers, to allow for the proper down-
sampling and up-sampling. This determination significantly impacts U-Net ability to
serve as the core network for multi deep learning model pipeline because the inapt di-
mensions of the scan can differ. The solution for this problem is U-Net’s architecture
dynamically generated based on the input scan size. Moreover, the output of U-Net
model must also be dimensions compatible with the following processing model.
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Les et al. [115] suggested Eq. 6.4 that calculates the size of the individual slice with
tumor.

p = max(w, f) + 30 px (6.4)

A small surrounding area of 30 pixels was added to the tumor width of « and height
of B. Moreover, p is the final image calculation of width and height. The downsizes of
that equations are: the extra padding of 30 pixels is big and impact the cost further
computing, but the main issue is that the equation do not guarantee if the p can be
processed further by another U-Net model (the input size should be divisible by 2").

The author of the thesis set the main objective to define the resulting square image’s
side length to be the maximum of the height and width of the detected tumor, plus a
10-pixel padding, and also be divisible by 2" for some n.

Let « be the width of the tumor, B be the height of the tumor, and § additional
padding.

p = max((a,p) +6 (6.5)

The objective is to find v, the smallest power of 2 greater than or equal to p. This
can be expressed as:

v = 2[log, 0] (6.6)

where [log, p] denotes the ceiling function, which rounds p up to the nearest inte-
ger. The constant 10px has been chosen to add extra padding, but also to decrease the
further processing capabilities. Based on that novel equation, the architecture of U-Net
can be now generated.

The thesis author introduces a novel equation that allows for the calculation of the
U-Net architecture depth, based on the image input size:

V= 2]—logz(max(0¢,ﬂ)+(5)-\ (67)

Architecture Generator

If the image size is not a power of 2, there are two strategies to deal with it: resized
or cropped. If applying cropping, then then it follows the 6.7 rule to calculate the area to
crop. Scaling technique can be split into two methods: interpolation to increase the size
and downscaling for decreasing the size. Downscaling can lead to loss of information.
When scaling up, the interpolation is used to estimate the value of new pixels, that do
not bring new information, simply increasing the size of the image (more heavily for
computing), and the approximation algorithms may introduce the additional level of
error. Therefore, the conclusion is that it is better to not scale the image. It is better to
generate dynamic architecture of the U-Net model based on the input image. Especially
for big resolutions images like histopathology, it has huge potential to cut the smaller
areas and process them efficiently, in parallel. The critical point is to connect the the
depth of a U-Net architecture with the input size of the images. The author of the
thesis propose a dynamic U-Net architecture generation based on:
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1. Calculation of the Depth of the U-Net. For a 256x256x1 image, the depth U-Net it:
256 -> 128 -> 64 -> 32 -> 16 -> 8 -> 4 -> 2 -> 1. In practice the U-net can be stopped
on resolution 16x16, because going deeper might lead to overwriting, and it also
greatly increases the computational cost.

2. Correlation of the depth and max pooling layers (each layer of depth corresponds
to a stage in the encoding (contracting) path where one applies a max pooling
operation. Each max pooling operation typically halves the spatial dimensions of
the feature maps - assuming a pool size of 2x2 and stride of 2, which are common
settings).

3. The number of filters in a U-Net typically starts small and doubles after each max
pooling layer in the encoding path, and halves after each sampling layer in the
decoding path.

4. Activation function: the rectified linear unit (ReLU) and a sigmoid activation in
the final layer (the sigmoid function outputs a probability between 0 and 1), but
for multiclass segmentation tasks, a softmax activation function might be used in
the final layer instead.

5. Include batch normalization (to accelerate training and improve generalization)
and dropout layers (prevent overwriting by randomly setting a proportion of
input units to 0 at each update during training time).

6. Binary cross entropy loss function for a binary segmentation, categorical cross en-
tropy for multiclass segmentation. But also, the dice coefficient or Jacquard/in-
tersection over union (IoU) are also commonly used as loss functions.

7. The Adam optimizer as a commonly used choice.

The author’s example of results from the generators has been published as open
source on Github [116] for the images size as 64 px. The research results have also
been applied in the final experiments when Mask-RCNN hyperparameters tuning was
executed.

Fig. 6.12 presents the conceptual algorithm where the stage Tumor area cropping
was added. This stage occurs prior to tumor segmentation. Tumor Area cropping
and Tumor segmentation can be looped, depending on how many models in the final
pipeline are used.

6.5 U-Net-based Segmentation on CT and PET Scans

An initial framework for brain tumor detection and semantic segmentation introduced
in a previous work [7] has been improved. Instead of feeding U-Net 64x64x1 cropped
images of a given tumor, proposed training techniques that include a network model
that can learn from a dataset with original format images (512x512x1) to efficiently
segment glioma.
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FIGURE 6.12: General diagram of the 7th stage pipeline. Tumor area
cropping is performed before tumor segmentation, for example via U-
Net models.
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6.5.1 Processing Methods and Experiments

The fusion was accomplished by the dissertation author as a result of paper “Deep
learning-based framework for tumour detection and semantic segmentation” [7] using
VGG19 (chapter 6.2.1). In order to establish a conducive setting for parallel cloud-based
experiments the decoupling of storage and computation was implemented to establish
a conducive setting for parallel cloud-based experiments. The aforementioned dataset
was migrated to Azure Data Lake Storage. A subject matter expert utilized Azure Ma-
chine Learning Data Labelling in order to annotate the dataset in question, whereby
each tumor was assigned a polygon delineating its shape. Subsequently, the image
labels were exported to the COCO format. As the U-Net architecture necessitates a
singular binary mask for each slice, a script was implemented to extract masks from
polygons.

The Lambda layer is used for the purpose of normalizing inputs. The optimiza-
tion algorithm utilized for training the algorithm was Adam [117], with a learning rate
of 0.001 and an epsilon value of 1e-07. Binary cross-entropy was selected as the loss
function to determine the objective that the model should aim to minimize while un-
dergoing training. The preceding model consists of a total of 1,940,817 parameters.
Throughout the training process, the primary metric under observation was accuracy,
with the implementation of an early stopping strategy. Specifically, if the accuracy fails
to improve during the final two epochs, the training regimen is halted to mitigate the
risk of overfitting. The model architecture that has been utilized in Tensorflow2-Keras
has been disseminated on GitHub [8].

6.5.2 Training on the Original Dataset

The training procedure involved a batch size of 32, 50 epochs, and 5-Fold cross-validation
with a shuffle, where 80% of the data was allocated for training and 20% for validation.
The K-fold method partitions a given dataset into k non-overlapping and equally sized
groups or folds, each containing a subset of the samples. Following each fold, the
models were evaluated using a variety of performance metrics, including the selected
loss function, Accuracy, MSE, ROC-AUC, and the mean of IOU. The implementation of
Mean IOU in Tensorflow 2.4 was found to be ambiguous as it did not exclude the back-
ground, which is a requirement of the Jaccard index. As a result, the Serensen—Dice
coefficient (Dice Co-Eff) was employed as an alternative measure, and the models were
assessed on a per-slice basis using the test dataset. A total of 472 slices were utilized
for the purpose of training, while 117 slices were allocated for testing.

Single Tumor Extracted

The first objective was to train the U-Net on the original dataset of a single tumor
extracted. The machine used for training was - CPU - Compute optimized - 72 cores,
144 GB RAM. Fig. 6.13 presents the visual results obtained from the trained model run.
Tab. 6.8 presents performance metrics.

For cases where the tumor was not a solid mass, the author observed that the model
learned to detect correct tumor shape; however, the mask used for training presents
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TABLE 6.8: Results for the U-Net training on a dataset with single tumor
extracted.

Fold Metrics
number | Loss | Accuracy | MSE | AUC | Mean IoU
1 0.0314 | 99.5383% | 0.0067 | 0.9918 0.4978
0.0420 | 99.5613% | 0.0106 | 0.9911 0.4978
0.0219 | 99.5424% | 0.0046 | 0.9929 0.4977
0.0336 | 99.5242% | 0.0076 | 0.9932 0.4975
0.0088 | 99.4821% | 0.0027 | 0.9915 0.4974

Q=W
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FIGURE 6.13: Image on the left side: Fused CT with PET scans. In the
middle - Ground truth. On the right - Predicted mask.

only a single, massive tumor. Fragmented and scattered small tumors are not repre-
sented on the mask as is shown in Fig. 6.14, which may lower the performance metrics
results, causing the metrics to perform a comparison with a ground truth mask used

for training.
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FIGURE 6.14: Image on the left side: Fused CT with PET. In the middle -
Ground truth. On the right - Predicted mask.

Multiple Tumors Extracted

Automated mask extraction algorithm was improved to include all SME-labeled and
marked tumors, including scattered small tumors. The second objective was repeated
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TABLE 6.9: Results for the U-Net training on a dataset with multiple
tumors extracted.

Fold Metrics
number | Loss | Accuracy | MSE | AUC | Mean IoU
1 0.0190 | 99.40% | 0.0042 | 0.9173 0.4968
0.0134 | 99.3017% | 0.0036 | 0.9973 0.4963
0.0156 | 99.4529% | 0.0040 | 0.9960 0.4969
0.0198 | 99.42039% | 0.0045 | 0.9940 0.4973
0.0190 | 99.4335% | 0.0043 | 0.9971 | 0.49671

Q=W

training for the same parameters of the U-Net model using an updated dataset. The
machine used for that experiment was CPU - Memory optimized - 20 cores, 140 GB
RAM. Results presented in Fig. 6.15 show obtained visual results of the trained model
run. Tab. 6.9 presents performance metrics.
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FIGURE 6.15: Image on the left side: Fused CT with PET. In the middle
- Ground truth. On the right - Predicted mask for single slice of fused
CT-PET where Dice Co-Eff equals to 0.6638.

6.5.3 Training on the Augmented Dataset

Augmentation is a universal method to increase the size of a dataset. The purpose was
to initially train models without data augmentation to obtain the best possible metrics
without artificially generated images.

Augmentation with AugLy

AugLy [118] is a novel open-source data augmentation library that was developed by
researchers and engineers from Facebook AI Lab and was recently published in mid-
2021. In comparison to the most commonly used Keras Image Generator, AugLy can:
blur, randomly change the brightness, contrast, and saturation of an image, apply a
perspective transform so results appear similar to pictures taken from another device,
saturate, and sharpen. As tumor detection is firmly based on pixel and voxel intensi-
ties, as a reflection of Hounsfield units, the dataset was augmented based on transfer
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perspective, blurring, horizontal and vertical flipping, and rotation. The method de-
signed to augment the data set has been published and shared [8] and has been de-
scribed in the thesis chapter 6.3.1. The data set was augmented twice, with different
parameters. Each augmentation doubled the size of the data set. As a final result, the
data set contains 2356 fused CT-PET scans and 2356 corresponding masks. Illustrative
results of augmentation are presented in Fig. 6.16. The K-fold number was set as 5 and
the training was run on 1885 pairs of images and corresponding masks were used for
training with 471 for testing. Loading 2356 pairs from a decouple storage into a com-
puter memory took 8m 58s. Two separate augmentations have been performed: one
per single tumor extracted, the second for multiple tumors extracted.

FIGURE 6.16: Augmented fused CT-PET scans with corresponding mask
with a usage of AugLy published by the thesis author in [8].



Chapter 6. Convolutional Neural Network-based Approach for Segmentation 77

Single Tumor Extracted Augmented

The third objective was to train the U-Net on an augmented dataset of a single tumor
extracted. The compute setup was transferred to a machine of 6 cores, 112 GB RAM -
with a NVIDIA Tesla V100 GPU card. Due to a lack of sufficient memory, the batch size
was changed to 8. Results are presented in tab. 6.10.

TABLE 6.10: Results of U-Net training on an augmented dataset with a
single extracted tumor.

Fold Metrics
number | Loss | Accuracy | MSE | AUC | Mean IoU
1 0.0076 | 99.6942% | 0.0022 | 0.9956 0.4949
0.0094 | 99.6407% | 0.0026 | 0.9911 0.4945
0.0088 | 99.6720% | 0.0024 | 0.9910 0.4949
0.0087 | 99.6478% | 0.0025 | 0.9951 0.4950
0.0095 | 99.6332% | 0.0026 | 0.9914 0.4949

Q=W

Multiple Tumors Extracted Augmented

The fourth objective was to train the U-Net on an augmented dataset of multiple tu-
mors extracted. The computing machine used for this experiment was the same as that
for the third experiment. Due to insufficient memory, the batch size was changed to 2.
Fig. 6.17 shows the mask predicted for multiple tumors.

TABLE 6.11: Results for the U-Net training on an augmented dataset
with multiple tumors extracted.

Fold Metrics
number | Loss | Accuracy | MSE | AUC | Mean IoU
1 0.0085 | 99.6850 % | 0.0023 | 0.9933 0.4926
0.0082 | 99.6976% | 0.0022 | 0.9936 0.4927
0.0081 | 99.6912% | 0.0022 | 0.9953 0.4924
0.0085 | 99.6822% | 0.0023 | 0.9943 0.4922
0.0086 | 99.668% | 0.0024 | 0.9953 0.4922

Q=W

6.5.4 Results and Discussion

Training for single tumor extracted and multiple tumors extracted was run on CPU
machines. As the dataset contained 472 training samples, GPU was unnecessary. Com-
parable machines were used with one memory optimized and one compute optimized.
There were few significant performance differences - for running experiments, the sig-
nificant differences were between CPU and GPU and capacity of the machines, not op-
timization by name. Training on the original dataset on the CPU took approximately
two hours. Training on the augmented dataset on CPU, without changing batch size,
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FIGURE 6.17: Image on the left side: Fused CT with PET. In the middle
- Ground truth. On the right - Predicted mask for a single slice of fused
CT-PET where Dice coefficient equals to 0.8945.

took nearly 56 hours. By comparison, on GPU the average training per single fold took
00:06:50.

TABLE 6.12: Performance Metrics Means for The U-Net. The Best Result
per Metric in Bold and Blue.

Metrics Experiment
(mean = std) ST* ST Aug® MT* MT Aug®
Loss 0.0275 £ 0.0127 | 0.0174 + 0.0027 | 0.0088 =+ 0.0008 | 0.0084 =+ 0.0002
Accuracy 99.53% £ 0.03% | 99.40% =+ 0.07% | 99.66% =+ 0.03% | 99.68% =+ 0.01%
MSE 0.0064 £ 0.003 | 0.0041 £ 0.0004 | 0.0025 £ 0.0002 | 0.0023 =+ 0.0001
ROC-AUC 0.9921 £ 0.0009 | 0.9961 £ 0.0015 | 0.9928 £ 0.0023 | 0.9944 + 0.0009
Mean IOU | 49.76% =+ 0.02% | 49.68% =+ 0.04% | 49.48% =+ 0.02% | 49.24% =+ 0.02%

a - ST - Single Tumor Extracted

b - ST Aug - Single Tumor Extracted Augmented

¢ - MT - Multiple Tumors Extracted

d - MT Aug - Multiple Tumors Extracted Augmented

Tab. 6.12 shows that training with a smaller batch size generated higher accuracy
and lower loss and MSE (Fig.6.19), which confirms the thesis from the paper “On Large-
Batch Training for Deep Learning: Generalization Gap and Sharp Minima” [119], that
with a larger batch, there is a significant degradation in the quality of the model, re-
flected as lower accuracy.

For the augmented datasets, ROC-AUC and MSE increased, MSE and loss are lower
compared to original dataset results. The differences are minuscule, especially when
considering the time needed to train a model on 3x larger dataset. Fig. 6.18 shows the
longest training required 33 epochs to be taught. For the U-Net 10 to 15 epochs may be
enough to obtain an efficient algorithm.

Results were evaluated from the fifth-fold models with a test dataset. The U-Net
algorithms return the probability of the pixel being classified as a tumor — setting up
a threshold is required. For all test images, with nine chosen threshold levels, Dice
coefficient was calculated. Tab. 6.13 presents results.
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The higher the threshold, the higher the maximal Dice coefficient. For the final
system, a higher value of the mean Co-Eff is more important than the high results
obtained on a single slice. Augmenting the dataset significantly increased the mean
value of the Dice Co-Eff. Consequently, for a multiple tumor extracted, both the mean
and max Dice CoEff values, for all thresholds, are significantly higher.
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FIGURE 6.18: Area under the ROC Curve (ROC-AUC) value over epochs
for the experiments.

Fig. 6.20 shows that for the dataset augmented by a novel library — AugLy — the
higher metric (DSC) is — overlapping between Ground Truth and Predicted Mask is
higher. With an augmented dataset, the results are better; however, simultaneously,
the number of false negative cases, when the network indicated pixels as a background
and by the radiologist as a tumor, is higher, and before deploying the model into an
operational state, that value should be minimized.

The U-Net models were trained ab initio. To simplify the deep learning-based frame-
work for tumor detection and semantic segmentation, the U-Net neural network archi-
tecture could be adjusted to be fed with two inputs, separate CT and PET scans, instead
of fusion that requires additional preprocessing.

6.6 Multi-stage Pipeline

6.6.1 Prostate Detection based on YOLOvV4 and U-Net (YU-Med)

Connecting two models into a single image processing pipeline, YOLOv4 and U-Net,
can be an effective strategy for medical image segmentation.

The evaluation of the approach was completed and is awaiting publication as Se-
mantic Segmentation of the Prostate Based on Onefold and Joint Multimodal Medical Images
Using YOLOv4 and U-Net paper. As the methods evaluation is important for this thesis
to provide a complete picture, the author has chosen to summarize the main results
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TABLE 6.13: Dice Co-Eff Results. Per Experiment the Highest Mean
Value in Bold and Blue, the Highest Max Value in Bold and Teal.

Threshold Dice Experiment
Co-Eff | ST* | STAugb | MT° | MT Aug*
0.36 max | 09630 | 0.9651 | 0.9051 | 0.9706
mean | 0.6931 | 0.7617 | 0.6079 | 0.8750
0.38 max | 09637 | 0.9600 | 0.9095 | 0.9700
mean | 0.6939 | 0.7620 | 0.6191 | 0.8750
04 max | 09582 | 0.9551 | 0.9210 | 0.9696
mean | 0.6939 | 0.7609 | 0.6304 | 0.8746
041 max | 09629 | 0.9545 | 0.9239 | 0.9689
mean | 0.6923 | 0.7609 | 0.6356 | 0.8743
0.42 max | 0.9656 | 0.9541 | 0.9281 | 0.9691
mean | 0.6909 | 0.7608 | 0.6407 | 0.8740
0.43 max | 09624 | 0.9537 | 0.9325 | 0.9690
mean | 0.6890 | 0.7603 | 0.6457 | 0.8736
0.44 max | 0.9657 | 0.9521 | 0.935 0.9709
mean | 0.6857 | 0.7597 | 0.6509 | 0.8732
0.46 max | 09571 | 0.9539 | 0.9395 | 0.9719
mean | 0.6748 | 0.7584 | 0.6605 | 0.8721
0.48 max | 0.9388 | 0.9550 | 0.9459 | 0.9713
mean | 0.6507 | 0.7566 | 0.6699 | 0.8707

a - Single Tumor Extracted

b - Single Tumor Extracted Augmented
¢ - Multiple Tumors Extracted
d - Multiple Tumors Extracted Augmented
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FIGURE 6.19: Mean Squared Error (MSE) value over epochs for the ex-
periments.

here. The developed methods utilize YOLOv4 combined with U-Net for automatic
prostate segmentation as presented in Fig. 6.21. The models were trained ab initio on
onefold (MRI, the dataset contains 666 training and 73 validation images) and joint
multimodal images (MRI mixed and CT- 739 MR and 751 CT mixed images, where the
validation dataset totals 149 images). The experiments were based on data from 120
patients who had undergone MRI and CT examinations collected by the Lower Sile-
sian Oncology Center in Wroctaw. All the CTs were the size of 512x512 pixels, while
MR images varied from 312x224 to 512x608. MRI were both T1 and T2-weighed. The
results of the validation dataset showed that the average value of mAP for training on
only MR scans was 92.3% compared to 86.9% mAP for the second model (MRI with CT
dataset). For the MRI model, it was 3400 iterations, where mAP reached 95.20% and
the loss function was 0.110. In the second case containing CT and MRI, the optimal
learning time was established in 3300 iterations, mAP was 89.90%, and the loss func-
tion was 0.145. The AUC (Fig. 6.22) for the MRI with CT model is 0.944, and the only
MRI is 0.907. After analyzing the results, it can be observed that in most cases better
results were achieved by a model trained with a mixed MRI with CT dataset. These
results confirm previous indications. This model is also more stable on mAP metrics
while simultaneously ensuring correct results for IoU threshold values in the range 0.5-
0.69. The best image detection was reached for MRI with CT model with a confidence
threshold of 0.1 and avg IoU 68.30%, suggesting that the IoU threshold at level is equal
to 0.6.

U-Net has been used for semantic segmentation. As the Adam optimizer algorithm
was used with a learning rate of le-4, the loss function was defined as binary cross-
entropy and monitored as the primary metrics. The batch size was set as 2. All four
training sessions were performed with 5-fold cross-validation. The experiments were
executed on a machine with six cores, 56GB RAM and NVIDIA Tesla K80 GPU. In the
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FIGURE 6.20: Distribution of Dice coefficient for two experiments: Single
Tumor Extracted and Single Tumor Extracted Augmented.

gregs

FIGURE 6.21: Post-processing workflow for prostate detection image.

Legend starting from the left: input image in NxN size, YOLOv4

convolutional neural network, prostate detection output with yel-

low bounding-box, prostate detection output with enlarged turquoise

bounding-box (15px padding), cropped prostate detection output and

resized into 256x256px as U-Net input, U-Net convolutional neural net-
work to segment prostate.

second stage, to determine how data augmentation by transformations and enlarging
dataset by adding more images of the different type (CT scans) influences training re-
sults, the following were executed:

1.
2.

MRI segmentation: the dataset of 739 scans.

MRI segmentation with augmented data: the dataset of 739 MRI scans with aug-
mentation applied using Keras’s ImageDataGenerator class which doubled the
size of the dataset resulting in 1478 MRI.

MRI mixed with CT segmentation: the dataset of 739 MRI and 751 CT scans.
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FIGURE 6.22: The values of the ROC-AUC per epoch for each experi-
ment.

4. MRI mixed with CT segmentation with augmented data: the dataset of 739 MRI
and 751 CT was augmented using Keras’s ImageDataGenerator class doubling
the size of the dataset resulting in 2980 images.

The training run achieved a mean speed of around 900 ms/step. The dataset for
evaluation consisted of 108 images of only the MR type. Models from the best epochs
were chosen for evaluation: 30th epoch for MR, 52nd epoch for augmented MR, 23rd
epoch for MR with CT and 58th epoch for augmented MR with CT. Augmentation
of the MR dataset led to noticeable improvement for loss, MSE and ROC-AUC. The
most accurate model resulted in training in joint (mixed) modalities - MR with CT
Augmented. The best model achieved the value of 0.9685 of Serensen—Dice coefficient
for the threshold value of 0.6.

That result may significantly impact the dialogue on the adoption of deep-learning
based methods and applications in healthcare and remove one of the barriers defined
as operational costs. Deploying and maintaining deep learning models requires a spe-
cific infrastructure, which impacts costs. The number of models increases costs linearly.
Having a model that performs efficient analytics on two modalities without losing ac-
curacy removes the financial constraint. Furthermore, the model learns on CT and can
effectively identify the prostate on MRI, which is a less invasive medical examination.
Successful models trained in multimodal medical images reduce the need for CT scans
and the risk of radiation-induced prostate cancer.

6.6.2 Brain Tumor Segmentation based on Mask R-CNN and U-Net (MU-
Med)

Connecting Mask R-CNN and U-Net for medical image segmentation has several ad-
vantages and disadvantages. One major advantage is that Mask R-CNN is capable
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of generating object detection masks with high precision, while U-Net is effective in
segmenting the interior of the detected objects. By combining these two models, it is
possible to achieve accurate segmentation of both the object boundaries and the interior
regions. Furthermore, the combination of these models allows for more efficient use of
computational resources, as U-Net can be applied to the regions of interest detected by
Mask R-CNN rather than the entire image.

However, one disadvantage of combining these two models, Mask R-CNN with U-
Net, is that the computational complexity increases significantly, which can result in
longer training and inference times. Moreover, it can be challenging to determine the
optimal configuration for integrating the two models, including the selection of hyper-
parameters and loss functions. Additionally, while Mask R-CNN and U-Net have been
widely used in medical image segmentation, their performance may vary depending
on the specific imaging modality and pathology, and they may require substantial tun-
ing to achieve optimal results.

The process described in 6.2.1 continues here. Fusion with the VGGG19-BN model
will produce smaller contrast results. Further, experiments utilized VGG19 results.

Tumor Detection by Mask R-CNN

The Mask R-CNN theory was described in chapter 4.2.3. Pretrained models contain
the biases and weights which represent the features on which the dataset was trained.
Learned features are able to be transferred to different data. The pretrained model was
used on the COCO dataset [120]. The initial training was implemented (except for the
initial layer which was frozen). The selected parameters were five epoch and a learning
rate of 0,001. After the first run, a second training of all layers with a duration of ten
epoch and a learning rate of 0,0001 was completed. The primary stage was recreation
of the model in inference mode and load trained weights. Random testing followed,
resulting in the removal of 10 images not used during training. The model with the
best achievement has been published by the author on GitHub [121]. One the previ-
ously discussed infrastructures, tumor detection takes approximately 10s. Cropping is
achieved in less than 1s. Table 6.15 presents the results.

Mask R-CNN can be successfully applied to detected tumors. This model gives
accurate results and detects tumor in all slides where the tumor was clearly present.
Although it should be noted that the sensitivity of the trained model is excessively
high, notably for the slices where the analyzed tumor, glioma, cannot exist. Tab. 6.14
presents the results of the working model which are unacceptable. The scan results in
the second (2nd) row present the algorithm behavior when two boxes are drawn - they
should not be nested.

In order to solve this conundrum, one should only analyze the slices on which the
tumor is visible. The tumor is not visible in slices from 0-60 and 110-148, based on statis-
tical experiments. Exclusive processing of the scans where the tumor can be located not
only reduces over-detection (Fig. 6.23) while additionally drastically improving perfor-
mance by reducing the computational time by nearly 2/3. For the next step of the
proposed method - segmentation, the final algorithm cropped a 64x64 sized image as
the input.
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TABLE 6.14: Source images and detected and cropped tumors for six
patients.
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(a) (b) (©)

FIGURE 6.23: Over-detection on slices where glioma cannot be present
due to its nature.

Tumor Segmentation by U-Net

The U-Net model which was implemented in Keras has been adjusted in order to run
on smaller images than in the original design - 64x64 resolution images based on the
novel equation which was introduced by the author in chapter 6.4. The implementation
of the adjusted model architecture is available on GitHub [116]. The model was trained
with a prepared dataset using manually masked tumor areas. The number for the steps
per epoch was calculated as the number of trained images divided by a batch size set to
16. To be able to feed the deep learning neural network, data augmentation was used
to increase variances in the dataset. Rotations, shear intensity, zoom, channel shifts
and horizontal flops, among other techniques were used in augmenting data samples.
Mask is represented as a 64x64 output from the network. Sigmoid activation function,
mask pixels are in [0,1] range. Loss function for the training is a simple binary cross
entropy. The model achieved an accuracy of nearly 97% on the validation dataset upon
training for 10 epochs.

Tumor area segmentation for a single patient (about 50 slices) takes around 15s
on the same infrastructure as fusion was completed. Especially during training, the
importance of infrastructure choice increased. The main inconveniences of CNNs are
both the enormous amount of computational power and the amount of time necessary
to train the networks. The must-have requirement for training is GPU. For interference
mode it was concluded that CPUs work well and validating FPGA is necessary in order
to potentially accelerate calculations.
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TABLE 6.15: Source image and segmented tumor area achieved by
method based on U-Net.

Obtained results are satisfactory. Loading pre-trained weights significantly increases
accuracy and reduces the time for model training. The author presents a framework for
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tumor detection and segmentation on medical images. When dealing with solid struc-
ture tumors, the frames for operations involving object detection and segmentation
tasks using grayscale images can be applied to other use cases such as detection of tu-
mors from MRI images. The size of any given dataset which will feed and validate the
CNNis presents the primary challenge of applying deep learning methods in medicine.
The work combines CT and PET scans, fusing the images. Obtained results are similar
to MRI images which gives hope that methods and models trained on MRI images, due
to the transfer learning technique, can be successfully run on the fusion of CT and PET.
Experimental confirmation is necessary to determine the mutuality of models trained
on fused images ability to work on MRIL. Compared to the identical task using RGB im-
ages, object detection on grayscale images is of greater difficulty. Mask R-CNN model is
recommended while applying the presented framework to object detection in general.
The segmented step can be left out when volume and area computation is unnecessary.
One should consider using instance segmentation for the separate analysis of small tu-
mors for tumor segmentation, e.g. if the primary research focus was on the main body
of a tumor. Glioma can consist of a main tumor with lesser tumors in the vicinity. Using
only U-Net, the objective of tumor detection and segmentation can be accomplished in
a single step. Setting up training presents a challenge as a heterogeneous dataset of
different shapes of glioma should be prepared. While completing that task, standards
which should be applied to include local thresholding and processing of slices only
when the global threshold for tumor is met. The subsequent development for these
methods is following the created framework and evaluation of the performance of the
proposed image segmentation algorithm using Dice coefficient. Evaluation of the pro-
posed algorithm on MR scans with brain tumors and prostate should proceed. There
are clear benefits to work on 3D tumor visualization inside a skull having color-coded
tumors. Consideration has been given to releasing the algorithm as a webapp for ini-
tial use by radiologists in cooperation with the research team. Over the previous years,
due to an increase of detected cancers and the SARS-COV-2 global pandemic, there is
a heightened human awareness of the reliance on the healthcare sector with an overall
desire for higher, faster and more accurate standards of care. However, the interpre-
tations of medical data can only be made by medical experts. Their number is not
limitless; therefore, they are in high demand in every hospital or radiological center. It
can be confidently attested that all automatic systems which utilize modern deep learn-
ing techniques will be the requisite acquisition. Radiologists would be able to use the
results of the model for tumor detection during screening tests thereby decreasing the
time necessary while increasing the accuracy.

Update of the MeDAPR Framework

Based upon the results from the experiments, the author was led to propose a com-
prehensive, universal, and complex framework for two parts of the dose control pro-
cess based upon medical images - tumor detection and tumor area segmentation. This
framework addresses the main issues when working with medical data and applying
modern deep learning techniques for automated tumor detection and segmentation.
The CADx and CADe systems currently in the healthcare industry can be shaped by ap-
plying the framework to facilitate diagnosis and assist medical professionals. CADx/-
CADe objectives are covered with the usage of classification, detection, and prediction
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while image processing tasks are covered with image segmentation, registration, and
generation [101].

The framework formed the implementation of the methods to detect glioma tumor
from CT and PET scans developed and presented by the thesis author in “Brain Tumour
Detection and Segmentation Using Deep Learning Methods” [122].

FIGURE 6.24: Glioma detection based on YOLOv4 trained on fused CT-
PET-MR scans.

The methodology initiates with the pre-processing of image operations. The Python
environment was utilized for the implementation. It should be noted that certain
Python libraries do not provide support for image transformation in DICOM format,
which is considered the preferred and most effective option for medical data. There-
fore, there is a requirement for the conversion of DICOM to the PNG/]JPG format. The
DICOM standard encompasses fundamental data that is utilized in subsequent ana-
lytical procedures. The computation of volume necessitates the inclusion of a pixel
spacing attribute. Preserving the primary files or transferring DICOM parameters to
a database can aid in the advancement of subsequent research. In order to perform
fusion, it is necessary to standardize the dimensions of the images by rescaling them
to a uniform size. The fusion of images can be carried out through various methods,
which are discussed in the following discourse. The YOLO network was examined
for the purpose of tumor detection, specifically in the related work section, which con-
tains multiple citations of this deep learning model. The outcomes obtained for the
YOLOV4 architecture, which was trained on the integrated CT, PET, and MR images
using the techniques expounded in chapter 6.2.2, are illustrated in Fig. 6.24. Mask
R-CNN is a viable alternative to YOLO in the realm of object detection. This model
has the added advantage of being capable of object instance segmentation, which can
prove advantageous in subsequent research endeavors. The U-Net model was chosen
for the purpose of tumor segmentation due to its specialized application in biomedical
imaging and demonstrated efficacy in prior literature. The computation of volume re-
lies on the square of the tumor present on each slice and the pixel spacing, which refers
to the physical distance between the center of each pixel in the patient. The radiologist
considers visualization of the tumor as a crucial component.
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FIGURE 6.25: Key components of the proposed framework.

6.6.3 Mask R-CNN based Hyperparameters Tuning Procedure

U-Net is primarily known from the usage in medical image processing to segment tu-
mors, organs, cells, and outputs a binary segmentation mask as it provides classes for
image pixels. What needs to be pointed out, is that U-Net does not perform object
localization as it focuses on pixel level segmentation. In case of multiple tumors or
metastasis present on the scan, U-Net is unable to distinguish and segment individ-
ual objects of the same (glioma) class when in close proximity to each other. The U-Net
model achieves high accuracy in the case of instance segmentation; however, in the case
of semantic segmentation and especially panoptic segmentation, when the objective is
to count the tumors and potential metastases, count their square and volume based on
the detected masks, the Mask R-CNN outperform it as it includes a region proposal
network (RPF) that generate bounding boxes proposals for potential objects, within the
same classes, what is fundamental for any CADx that will include also tracking tumor
progression.

Mask R-CNN hyperparameters tuning involves adjusting the values of the hyper-
parameters to optimize the performance of the model, such as: learning rate, batch size,
number of epochs, and optimizer. The backbone of the network cannot be changed or
tuned during the training, but the hyperparameter tuning should be considered on a
broader level: considering the backbone, but also the hardware available, as well as
hardware type. When tuning hyperparameters, the author considered the trade-off
between accuracy and speed. Increasing the learning rate led to faster training, but
the model was quickly overfitted. Increasing the batch size led to faster training but
resulted in decreased accuracy.

The chapter discusses a novel, fully automated, multi-stage deep learning-based
approach to brain tumor detection and segmentation that operates on fused multi-
modal images. The IFCNN based fusion algorithms extended by the original approach
described in chapter 6.2.2 toward detailed information extraction from fused CT and
PET scans and MRI to integrate relevant aspects into the final CT-PET-MRI fusion slice.
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FIGURE 6.26: The specific stages reflecting the cooperation between SME
(e.g., radiologists) who provide the labelled data, and the continuous
retraining of the model performed by the author.

Regarding brain tumor segmentation tasks, an innovative solution toward data blend-
ing has been verified utilizing the Mask R-CNN deep learning model and three dif-
ferent backbones (ResNet18, ResNet50, ResNet152). One hundred and nine (109) dif-
ferent training configurations were created and executed to identify the most optimal
hyperparameters in building the model with the highest accuracy for four datasets:
CT, CT-PET, MRI, and CT-PET-MRI. The results obtained with an F1 score greater than
0.9 demonstrate the utility of created solutions and vest utilization to improve clini-
cal diagnosis in computer-aided diagnosis (CADx) applications. Fig. 6.26 presents the
specific stages of the pipeline which objective is to detect brain tumor and segment the
glial tissues.

Datasets and Preprocessing

The author used four datasets: two unprocessed CT and MRI scans datasets and two
results of the fusion of CT-PET and CT-PET-MRI. CT and PET series consists of 148
slices, and for MRI, the number of slices varies from 30 to 100. Data labelling of each
dataset was done separately. For further processing, labelled glial tissues have been
exported both as COCO and separate masks.

Model Training and Transfer Learning

For training purposes, datasets have been randomly divided into 80% for training and
20% for validation. The parameter batch size was set to 2 for all the experiments. Mas-
ters and Luschi confirmed that using small batch size achieves the best training stability
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and generalization performance [123]. The best results have been obtained in all tested
cases with batch size defined as 32 or less. The most common batch size parameter is set
to 2 or 4. The evaluation was done after each epoch on a validation set. The Transfer
Learning approach has been utilized for each selected neural network model. Mod-
els and corresponding backbones have been previously trained on the COCO dataset.
Data augmentation techniques have been applied to prevent overfitting and increase
the model’s generalization skill, i.e. crop around bounding boxes, resizing, expanding
and zooming, horizontal flip, and normalization.

Hyperparameter Optimization and Results

Hyperparameter optimization has been adapted to get the most efficient training con-
figuration. Sweeping over the hyperparameters, i.e. different backbones, and training
using various epochs, optimizer, and learning rate, has been done. The primary model
is Mask R-CNN - an extension of Faster R-CNN. There are two outputs for each candi-
date object in Faster R-CNN — bounding box parameters and class labels. In addition
to these, Mask R-CNN extends that and adds a third output — an FCN that produces a
binary segmentation mask for each Rol [124]. The hyperparameters used were:

1. Models with backbones: Mask R-CINN ResNet18+FPN, Mask R-CNN ResNet50+FPN,
Mask R-CNN ResNet152+FPN.

2. Optimizers: Stochastic Gradient Descent (SGD), Adam, AdamW (Adam opti-
mizer with improved implementation of Weight decay).

3. Epochs: 15, 30, 50.

Model training was begun with different learning rates, but the loss was exploding
for SGD optimizer for learning rate smaller than le~*. Then the attempt was made to
have the identical learning rate for each training configuration equal to 1le~*. The first
results showed that for SGD, that value was still not large enough (loss was slowly
decreasing, and results were inaccurate). For Adam and AdamW, the value was too
high (the loss too quickly stabilized). Final experiments were rerun with a new learning
rate: le~? for Adam and AdamW, and 1e 2 for SGD.

It was observed that training for less than 15 epochs was inefficient, and above 50
was terminated as the network did not learn more, which allowed setting epoch num-
bers as 15, 30 and 50 for the final experiment. For every dataset, there were twenty-
seven different training combinations determined, which resulted in 108 separate train-
ing experiments. In addition, experiments have been parallelized using four different
compute clusters with a separate NVIDIA Tesla K80 graphic card and the Intel Xeon
E5-2690 v3 (Haswell) processor. For every training Precision, Recall and mean Average
Precision (mAP) were logged.

The obtained numeric results are presented in Tab. 6.16. Fig. 6.27 presents the chart
with the Mean Average Precision curves for models that obtained the highest mAP
value in the last epoch per type of dataset.

Results in Table 6.16 show that for specific experiment configurations, the results for
fusion are equal or almost equally good as for different data types. Fig. 6.28 presents
training charts for each configuration colored in blue in the results table.
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FIGURE 6.27: Models with the highest mAP value. The value of mAP
began to stabilize around 0.9 after the 20th epoch.

While the number of epochs may initially appear small, the number is proportional
to the transfer learning method and thus can be significantly smaller than during a
full training. This approach was exemplified by the winners of RSNA-MICCAI Brain
Tumor Radiogenomic Classification organized by the Radiological Society of North
America aimed to predict the status of a genetic biomarker important for brain can-
cer treatment and used only 15 epochs [125].

Fig. 6.29 presents results obtained post implementation and used by a radiologist
which confirmed the applicability and usability of the methodology via observable and
identifiable structures in reviewed T2 related images.

For the configuration that achieved the highest F1-score for the final fusion of CT-
PET-MRI dataset, additional evaluation metrics have been calculated as: AP@0.5 (AP
at IoU=0.50) = 0.9347, and AP@0.75 (AP at IoU=0.75) = 0.8488. The results proved that
the configuration based on Mask R-CNN with the backbone ResNet152+FPN trained
during 50 epochs with the optimizer SGD gave the highest F1-score of 0.8649. There-
fore, an additional training configuration has been created with two changes: training
during 300 epochs and learning rate set as 0.00529. As a result, obtained Precision was
0.9375, Recall was 0.88235 and the F1-score was equal to 0.9091. mAP for that experi-
ment was 0.93772. It took about 48 milliseconds (NVIDIA Tesla K80 graphic card and
the Intel Xeon E5-2690 v3 (Haswell) processor) to segment the single slice, which gives
the FPS value around 21 for the image size 512x512x1. The processing time for a default
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TABLE 6.16: Fl-score results for Mask R-CNN.

Model and backbone Epochs | Optimizer CT Fusion of CT-PET MRI Fusion of CT-PET-MRI
F1-score F1-score F1-score F1-score

SGD 0.641 0.7273 0.7333 0.5455

15 Adam 0.4848 0.6579 0.3729 0.4545

AdamW 0.6275 0.7632 0.3437 0.3562

SGD 0.8333 0.807 0.7742 0.7027

Mask R-CNN with ResNet18+FPN 30 Adam 0.7917 0.7742 0.5455 0.7059

AdamW 0.8333 0.7385 0.65 0.6522

SGD 0.8261 0.7692 0.9032 0.6829

50 Adam 0.913 0.7308 0.75 0.7442

AdamW 0.9412 0.7164 0.6875 0.7879

SGD 0.7018 0.7458 0.88 0.8276

15 Adam 0.5843 0.5526 0.8462 0.4348

AdamW 0.6667 0.6452 0.6486 0.4194

SGD 0.8727 0.8108 0.7879 0.8108

Mask R-CNN with ResNet50+FPN 30 Adam 0.72 0.7059 0.8889 0.718
AdamW 0.7692 0.8077 0.8 0.75

SGD 0.9231 0.8276 0.8148 0.8235

50 Adam 0.9231 0.7941 0.8966 0.5769

AdamW 0.7619 0.7187 0.7742 0.7368

SGD 0.8444 0.7273 0.4815 0.8485

15 Adam 0.6462 0.7429 0.7368 0.8235

AdamW 0.4931 0.6571 0.7857 0.4776

SGD 0.9091 0.8148 0.96 0.7805

Mask R-CNN with ResNet152+FPN 30 Adam 0.7742 0.7671 0.875 0.8333

AdamW 0.7869 0.9796 0.9032 0.8333

SGD 0.871 0.7385 0.7742 0.8649

50 Adam 0.9091 0.8182 1.0 0.7619

AdamW 0.8235 0.8364 0.7368 0.7778
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FIGURE 6.28: Training charts for the chosen configuration of hyperpa-
rameters (colored in blue at the Table 6.16).

single series for one patient (148 slices) was about 7.104s on a given compute engine. It
has the potential to be used in real-time processing as well as for batch scoring as the
models can be deployed as the REST API models.

The author performed CT-PET fusion for all 51 photos in the case of the test on
the phantom (described in chapter 5.2). Segmentation was subsequently performed
using a previously trained model - Mask R-CNN with the backbone ResNet152+FPN
trained during 300 epochs. At the CT-PET fusion it was calculated that the volume
of all five beads simulating brain tumors was 21.7796c¢m® and the relative error was
approximately 0.0218 or 2.18% which is an excellent result, considering the results came
from the fused CT with PET scans.

Subsequently, in order to compare results and calculate the brain volume to the
form of the best model, the author revised all studies and images used. A direct com-
parison between classical methods and CNN-based methods, including the best and
most efficient model based on Mask RCNN, cannot be performed. This is due to the
fact that the developed methods based on CNN work on much more advanced and
detailed images such as CT-PET, MRI, and CT-PET-MRI fusion. In the case of verifica-
tion of active contour methods on CT-PET, MRI, and CT-PET-MRI fusion studies, the
classical methods have been proven to be incapable of segmenting tumors effectively
(the phantom test and the classical algorithms were performed on PET-based images
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FIGURE 6.29: Segmentation results are presented with bounding boxes,
which localize the tumor area.

fused with information from CT, not CT-based as in the case of the CNNs). For these
reasons, active contour methods have been found to be applicable, while even though
CNN-based methods are generic they are also promising due to their effectiveness.

The author postulates that the effectiveness of the segmentation itself, which in
most methods oscillated at above ninety percent, will also significantly reflect the ac-
curacy of calculating the volume. The tumor’s volume can be computed by summing
the segmented areas (square) and multiplying that by the volume of a single voxel,
which is stored in the metadata of the DICOM files. The tumor volume can be easily
calculated by possessing the segmented tumor.

Seven (7) patients for whom a CT-PET examination was carried out and volume
counting methods were launched utilizing the developed methods which were based
on the active contour methods based on a PET-based fused image with CT. Compari-
son is only possible between a CT examination and fusion CT-PET. The results for in-
dividual patient IDs were: 17.75c¢m?, 19.01cm?, 31.67cm?, 26.82cm®, 13.35cm3, 11.58cm?,
16.88cm3, which produces MAPE of 4.73% with the exclusion of patient No. 6, for
whom there is no reference value.
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Chapter 7

Proposed Novel Architecture for the
Healthcare Industry

The medical imaging market is experiencing exponential growth from $38.4 billion
(USD) in 2020 to $58.7 billion by 2025. Medical centers invest their research in artificial
intelligence technology, capitalizing on the extensive imaging data they create through
tirst-party research. The main examples are as follows:

¢ Johns Hopkins invested in a platform that allows 2,500 clinical researchers within
the organization to access clinical data and use them with machine learning algo-
rithms.

* Mass General Brigham invested in the Center for Clinical Data Science, partner-
ing with prominent industry vendors, to develop machine learning algorithms
and new tools, mainly for radiology.

¢ Affidea Group seeks to become a “testing ground” for Al algorithms.

¢ Stanford Medicine established the Center for Artificial Intelligence in Medicine &
Imaging.

Although the foremost progress has been made in the development of algorithms
for radiological modalities (CT, PET, XR, MRI and SPECT), medical imaging does not
stop there. The field of digital pathology delivers an enormous amount of imaging
data that are currently barely covered by current machine learning solutions. Thus,
a Whole-Slice Imaging Scanner can process 500-1000 slides/day, potentially resulting
in 1-2 terabytes of images per day, with image resolution pushing into gigapixel size.
In most cases, digital pathology data is stored in the same image archiving systems
as radiology data. Based on experience, investigation, and solution reviews, there are
several major problems:

¢ Extracting and consolidating data. Data is notorious for being disorganized and
spread across many disparate systems. Anyone willing to put together rele-
vant datasets struggles with extracting and misidentifying images and correlat-
ing PACS radiological imaging data with EHR, LIS, radiation oncology, and other
system data. This problem is very closely related to the IT setup of a particu-
lar hospital and has to be solved mainly within organizations. However, it is
paramount to have a single standard-based way to move data into a single, scal-
able repository.
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¢ Curating datasets for machine learning workflows. Once the data is extracted,
there should be an straightforward way to review an image collection and filter
it by condition, acquisition date, modality, and scanner parameters. There must
be a way to present a single view in the longitudinal patient record where imag-
ing data are accessible and discoverable alongside non-imaging data. Ultimately,
clinical researchers who know the problem should have a way to discover the
data, minimizing the need for knowledge of specific storage solutions and the un-
derlying data infrastructure. They need a Search Engine-like interface that allows
them to drive data discovery with simple structured natural language queries.

¢ Labeling datasets for supervised machine learning workflows. Once a dataset
is put together, there should also be an straightforward way to label the dataset
for subsequent training. Several kinds of labeling are typically done a) whole-
image labeling (not unlike radiological reporting); b) region-level labeling for ob-
ject detection problems; c) whole voxel-level segmentation. There should also be
an uncomplicated way to extract and prepare a labeled dataset for subsequent
training of ML algorithms. For example, in radiology, the underlying data for-
mat (DICOM) is highly redundant and is designed to minimize the chances of
data corruption while providing the ability to store data from a diverse set of
imaging modalities in the same form. This contradicts the way machine learning
algorithms consume data, which is typically presented in the form of very dense,
normalized high-dimensional vectors. In addition, curating suitable datasets for
machine learning and labeling them requires a joint effort by clinical profession-
als who possess the necessary image interpretation skills. Furthermore, coordi-
nating this work poses problems in organizing the work of experts who often
operate from remote locations on desynchronized schedules. Thus, high-quality
labeling tools that are well integrated into the dataset curation pipeline and result
in versioned immutable data objects that can track their provenance to the orig-
inal acquisition are paramount to the success of any annotation operation in the
space.

¢ Executing and tracking machine learning training runs. Once training is done,
researchers want to iterate over multiple versions of the model and compare the
performance of models as a function of hyperparameter adjustments or dataset
modifications. Medical imaging Al has its specifics in that individual data points
(i.e. image series) have a high level of meaning, and it is truly valuable to have
full data provenance information, i.e. being able to understand where the data
that went into the model are coming from, who annotated it, and under what
premise.

¢ Operationalization. Once the model is ready, it must be deployed in a cloud en-
vironment for inferencing. Again, when it comes to medical imaging Al, deploy-
ment for inferencing means that the model has to be exposed to clinicians in a
way that does not interfere with their workflow while at the same time making
it clear what output the models provide. In medical imaging, this can be done in
multiple ways, to name a few: secondary capture objects, structured reporting,
integration at the Ul level, and integration into worklists. Additionally, it is es-
sential to keep track of the regulatory status of a deployed model. For example,
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suppose that a given regulatory compliance is applied (external or internal), in
such a case, there must be mechanisms to satisfy the requirements and provide
data about the model’s operational characteristics in a unified way.

Currently, there are no tools on the market that provide a unified solution to all
these problems. Getting all the above aspects right or even acquiring correctly inte-
grating tools that address the individual areas of this problem space requires nontrivial
software engineering skills that are not typically included in the biomedical researcher
education path. As a result, the different teams approach this problem set from differ-
ent angles, depending on their original core strength, but build very similar machine
learning pipelines. These engineering teams, such as medical centers or startups, build
redundant software systems outside of their core focus and ultimately rely on scalable
cloud-based storage and computation resources.

7.1 Cloud-native Proposed Architecture

The author, based on research and industry experience, designed an innovative and
complex healthcare analytics platform that connects multiple Open-Source and Mi-
crosoft technologies into a single platform that serves as a decision support system
for radiologists, general practitioners, oncologists, surgeons, and other medical pro-
fessionals. Fig. 7.1 presents the diagram for the architecture. The platform positions
Microsoft Azure Cloud as the primary choice for processing biomedical imaging.

Train and Run Models Models Marketplace Consume / Visualize
. =8 E
InnerEye Open Heslth imaging Foundtion
o P
i Data Storing @
Data Ingestion SMART
Aaurs Custom Vison
ai
€ ONNX
Microsoft Teams Plugin
I [ Web Applications
Cloud for ealthcare
¢
Power Apps.
Aaure DataLake Gen2
Power 81

FIGURE 7.1: The architecture diagram of the healthcare analytics plat-

form is provisioned on Azure that consists of Azure Services and Open-

Source technologies. The solution based on a similar architecture won

Microsoft Global Hackathon 2022 Executive Challenge - Hack for Indus-
try - 1st Place.

The solution bridges the relationship between radiologists and Al developers, as it
includes radiologists in AI design. That element of cooperation was also tested during
the development of the MAT tool and is described in chapter 6.3.2.
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The platform’s functional features are as follows:

1.

10.

11.

12.

13.
14.

Seamless and secure data ingestion from on-premises data sources to Azure Data
Lake via Azure Pipelines available in Azure Data Factory.

. Persistent storage layer consisting of Azure Data Lake, Azure Fast Healthcare

Interoperability Resources (FHIR), and DICOM server.

Flexible AI module that allows running different Deep Learning Models that
might detect tumors or classify images.

A responsive and intuitive web application designed for radiologists to help them
make decisions. Features of the WebApp: viewer of original and processed by
Al dataset zooming comparing results patient history 2D and 3D view quick 3D
rendering from a different view - layers of the body.

Ability to bring a personal model — the platform/marketplace is flexible and
might be extended by any Machine and Deep Learning model.

Ability to extend, modify, and customize - the platform is built to allow devel-
opers, third-party vendors, and researchers to add their model datasets and inte-
grate their products into the platform.

Ability to anonymize images on ingestion or at egress (for sharing outside), in-
cluding deep anonymization of head scans via face blurring, and even going fur-
ther, relying on the concepts of differential privacy.

Tracking provenance per patient and institution (facilitating considerations such
as GDPR compliance). This can be done through one-way hashes with keys
stored at the image owner’s locations.

Security to the highest standards of Azure cloud, including compliance with ISO,
HIPAA, GDPR.

Review and labeling tools through web-based zero footprint applications, such
as the one developed for the general image domain within the Custom Vision
service.

Version control of ground truth.

Organization of images into collections exposed as datasets to the machine learn-
ing models.

Export and ingestion in industry-wide formats such as DICOM, NIFTI, HDF5.

Role-Based Resources and Data Access Control Per Institution.
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7.1.1 Medical Data Ingestion and Storing

The reference scenario is that the hospital or medical institution has data stored in
PACS, the centralized computing device that stores medical images for various modal-
ities. To move the data to the DICOM server, a connection with PACS, e.g., Inner Eye
Gateway, must be leveraged.

The primary assumption for implementing that scenario and the DICOM Server is
that there is a PACS and that the data are structured. However, based on the experi-
ence gathered, the data are only on the local PCs of physicians and thousands of CDs.
Therefore, there is a need to create a repetitive procedure for moving data from the
hospital to Azure Cloud and then structuring the data at the final destination. For data
ingestion, the author proposes using Azure Data Factory (ADF), a service designed
to integrate data with the on-premises environment, a common scenario for hospitals.
Fig. 7.2 presents the created solution. Specifically, a scheduled pipeline is generated
to move all data in the defined path. Moreover, integration runtime must be installed
on one VM inside the hospital’s infrastructure, unblocking communication with the
cloud. The data can then be moved to the destination, which is Azure Data Lake Stor-
age (ADLS).

= T
On-Prem Hospital ——1— /A Azlire
I .
|
Disks with data .
> —_—
Enfugn .
Selt—hosted i Azure Data Factory Azure Data Lake Gen2
Integration Runtime
FTP with
Medical Data

FIGURE 7.2: Authorial solution of using Azure Data Factory (ADF)
moves the medical data from on-premises hospital environment to
Azure Data Lake Storage, breaking new ground in usage for ADF.

Once the data are moved to ADLS and then structured by another pipeline or script,
the data can be transformed into DICOM Server and use Azure Healthcare APIs (FHIR)
to store protected patient information.
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7.1.2 Training Machine Learning Models for Healthcare Applications and
Cloud Deployment

The Model Integration Layer wraps different types of response from different models in
the same API. That layer can talk to any model: ONNX, TensorFlow, and PyTorch. The
integration layer has been written in Python in the form of batch-scheduled or event-
triggered scripts, and it prepares data to be sent to a model and parses the response
(predictions), both to be saved and to be visualized in a visualization tool. The leading
service for the training and deployment stage is Azure Machine Learning (Azure ML).
The main features and pros of using Azure ML for medical image processing:

* Repeatable experiment pipeline, with traceability down to individual images that
contributed to the underlying datasets.

¢ Inferencing platform that captures metrics about operational aspects of medical
imaging model, in a format that can contribute to collecting clinical performance
evidence, feeding into regulatory validation/certification pipelines.

¢ Inference platform that is aware of data validation rules and can run protocol
adhesion rules that check if the data coming in for inference conforms with the
capabilities stated by the ML algorithm.

¢ Privacy-preserving distributed learning that facilitates collaborative training projects
across multiple locations.

Fig. 7.1 also illustrates that the model integration layer consists of:

¢ InnerEye OSS — Open-source tool developed by Microsoft Research Cambridge.
InnerEye trains models on medical images and provides models for 3D segmen-
tation and classification using 3D U-Net. The primary requirement is that the
data must be in NIFTT format.

¢ Custom Vision —a customizable service with pre-trained computer vision models
for low-code users, allowing one to create models for 2D object detection and
classification.

¢ ONNX - any model in an ONNX open format.

¢ Any Models Marketplace — such as Nuance Precision Imaging Network, Black-
ford, IBM or Siemens.

For the deployment stage, the author recommends two main infrastructure services:
Azure Kubernetes Services or Azure Container Instances. Both services assume de-
ploying final model as the Docker container, and the difference is that AKS allows one
to define and control the Virtual Machine on which the containers are running, where
ACI simplifies the process, and there is only control over memory and CPU of a single
containers.

7.1.3 Parallel Processing

The dissertation thesis expressed in 1.1 requires the ability to run multiple neural net-
works of various architectures at the same time.
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Proposed Method

The inspiration for introducing a new method proving the dissertation thesis and mak-
ing it possible, comes from one of the top Apache Foundation projects - Apache Spark
[126]. Apache Spark is a distributed computing framework that can process large
datasets in parallel across multiple worker nodes. The architecture of Spark is designed
to be scalable, allowing for the processing of large datasets in parallel. The Execution
Core Program architecture builds on this foundation, allowing for the processing of
individual slices of data in parallel across multiple worker pods. This approach can
help to improve the efficiency and speed of data processing, particularly when dealing
with large datasets. Apache Spark allows to process data in two modes: batch and
streaming. For the purpose of this dissertation, only batch mode has been considered.

The sequential data processing algorithm presented on 7.3 processes data in a lin-
ear order, one after the other, in a predetermined sequence. In the context of medical
imaging, it involves processing all the patient data (n-slices) in a consecutive order,
where each slice is processed one at a time. The sequential algorithm is particularly
useful when the computation of each slice is independent and parallel computation is
not possible or efficient. However, this method can be time-consuming and computa-
tionally expensive, particularly when dealing with large amounts of data. Therefore,
parallel processing techniques are often preferred in order to optimize processing time
and efficiency.

Patient > Summary
data

FIGURE 7.3: Sequential medical data processing.

In a concurrent data processing algorithm presented in Fig. 7.4, all patients” data
are processed simultaneously by multiple worker-nodes. The data is partitioned into
smaller units, and each unit is assigned to a worker-node. Each worker-node pro-
cesses its assigned data independently and in parallel with other worker-nodes. This
approach allows for efficient processing of large amounts of medical data, reducing the
time required for analysis. Parallel processing is often implemented using distributed
computing frameworks such as Apache Spark, where tasks are executed in parallel
across multiple nodes in a cluster.
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Patient
data

Summary

FIGURE 7.4: Concurrent medical data processing.

The proposed solution which combines both Apache Spark and Azure Kubernetes
Service (AKS) and is built to process medical data in parallel across multiple worker
pods running different models, include:

* The Execution Core Program is responsible for managing the processing of data.
The Execution Core Program consists of a driver program and multiple worker
pods, which are responsible for processing single slices of data.

¢ The Driver Program in Spark is responsible for coordinating the execution of
tasks across all the worker pods. In the case of the Execution Core Program, the
driver program would manage the processing of single slices of data, distributing
them to the worker pods.

* The Worker Pods in Spark are responsible for executing the tasks assigned by the
driver program. In the case of the Execution Core Program, each worker pod
would be capable of processing a single slice of data (Fig. 7.5), with the driver
program distributing the slices to each worker pod.
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FIGURE 7.5: Proposed architecture based on the containers approach.

There are two approaches - single slice processing, the default option, and partition
processing (chunk of data) as presented in Fig. 7.6.
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FIGURE 7.6: Proposed architecture based on the containers approach
with data partitioning.

Table 7.1 provides the comparison of two types of processing. Single slice executors
have low concurrency and resource utilization efficiency but are more fault-tolerant
and flexible in managing resources. On the other hand, multiple slices (partitions) ex-
ecutors have high concurrency and resource utilization efficiency, but may have higher
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TABLE 7.1: Comparing the two types of executors in the proposed solu-

tion.
Feature Single Slice Executor | Partition (Multiple Slices) Executors
Concurrency Low High
Resource utilization efficiency Low High
Overhead in launching and managing tasks | High Low
Fault tolerance High High
Scalability Low High
Flexibility in managing resources High Low

overhead in launching and managing tasks and may be less flexible in managing re-
sources. Single task executors may provide faster processing times for individual tasks
due to the reduced overhead and fewer resources needed. Multiple task executors may
provide better overall throughput and efficiency due to their ability to handle multiple
tasks simultaneously. Various factors such as size and complexity of tasks, the avail-
able resources, and the workload distribution may impact the performance of each
approach.

Solution Environment Specification

1. AKS Cluster which is based on Standard F72s 2nd generation virtual machines
powered by the second generation of Intel Xeon Scalable processors, code-named
Skylake. It contains 72 virtual CPUs (vCPUs), 144GB of RAM, and 576GB of local
SSD storage. Max cached and local disk IOPS (cache size in GiB) is 144000 (1520);
Max. data disks (1023 GB each) is 32. Cost/Node $3.49/hr as of Dec 2022.

2. Geographical location — both storage and compute are located in data centers in
West Europe.

3. CPU only - the decision to use a CPU for CNN model inference was based on:

(a) limited availability of GPU resources (expensive both to buy or rent)
(b) inference is based on small data size in reverse to training

(c) powerfully CPU-based cluster able to manage CNN’s model complexity
(RAM capabilities)
(d) for the inference - ease of use and not requiring any specific configuration

like Cuda or other specific drivers. Thinking about end users which are hos-
pitals - it would be simpler and more convenient to use a CPU for inference.

4. Pre-trained model of Mask R-CNN with ResNet50+FP has been used.

Tab. 7.2 presents the results of six experiments on different executor types, worker
pod numbers, and data partitions for processing medical image slices. The experiments
conducted were based on single and partitioned data processing approaches, each with
varying worker pod numbers and partition sizes. The set of patient data was 148 slices,
fusion of CT and PET (512x512). The measured time is reflecting the end-to-end exper-
iment execution, when triggering the job on the designed infrastructure.
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TABLE 7.2: Results for Single and Partition Executor Types.

Experiment | Executor Type | Total Worker Pods | Data Partitions | Attempt 1 Results (s) | Attempt 2 Results (s) | Attempt 3 Results (s) | Avg Completion Time (s)
1 Single 4 N/A 193,53 181,72 178,54 184,59
2 Single 37 N/A 27,16 254 32,77 28,44
3 Single 74 N/A 1247 13,53 12,55 12,85
4 Partition 4 37 147,4153 146,2625 122,9465 138,87
5 Partition 37 4 16,6736 17,1274 15,1963 16,33
6 Partition 74 2 7,012 5,7465 6,805 6,52

The completion time in seconds was recorded for each experiment run. The re-
sults showed that partitioned data processing, which allows for processing of data in
chunks, is more efficient than single data processing. This can be attributed to the fact
that for single data processing, there is an overhead related to network, storage, and
scheduling. On the other hand, for partitioned data processing, these overheads occur
only after the worker pods complete processing a single partition of data. This leads to
a reduction in completion time, as seen in experiments 4, 5, and 6, which implemented
partitioned data processing. Furthermore, as the number of worker pods increased in
experiments 2 and 3 for single data processing, the completion time reduced. How-
ever, for partitioned data processing, an increase in worker pod numbers did not nec-
essarily lead to a significant reduction in completion time. Mask R-CNN (ResNet-101),
when run on a high-end GPU like the Nvidia Tesla V100, are around 5 FPS (Frames per
Second) for high resolution images (e.g., 1024x1024 pixels) what gives 0.2s per each im-
age [127]. Based on the measured results, processing the single slice varied consistently
from 3s to 5s. In conclusion, partitioned data processing can lead to better processing
time for medical image slices as it minimizes the overheads associated with single data
processing.

7.1.4 Visualizing Medical Data

OHIF stands for Open Health Imaging Foundation. The tool can retrieve and load im-
ages from most sources and formats; render sets in 2D, 3D, and reconstruct; allows for
the annotation and serialization of observations. The author’s contribution is also the
integration with a third-party viewer - OHIF Medical Imaging Viewer. Fig. 7.7 presents
the result of integration and extension of the OHIF capabilities. Fig. 7.8 presents the vi-
sualization alone.
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FIGURE 7.7: OHIF Medical Imaging Viewer extended by adding trig-
gering the organ scanning or specific tumor detection. Created by the
author.

7.1.5 Targeting User Needs with Persona-Based Approach
The designed platform is intended to be used by three groups of users:

1. Al developers and data scientists, researchers, designers, and creators of ML /DL
algorithms; researchers and computer scientists working for software vendors
(i.e., GE, Siemens) or clinical centers (CCDS, Stanford AIMI). They would have
the capability to build the software infrastructure but would be willing to adopt
existing solutions since they want to elevate above the infrastructure problems
and are incentivized to focus on algorithm development.

2. Clinicians: Radiologists, general practitioners, oncologists, and surgeons — these
users might not adopt the platform from the beginning; however, they are com-
fortable dealing with medical images and using software tools. They can identify
clinical use cases for Al and build datasets. Given the right tools, they would be
willing to use the platform and experiment with existing machine learning mod-
els by training them on their own datasets. There is growing appreciation among
clinicians of the importance of medical imaging data that are generated within
their hospitals.

3. IT admins at Hospitals and Clinical Research — technicians who administer hos-
pital infrastructure. They would have the capabilities to use simplified tools to
administer model enablement and infrastructure.

The predicted consequence is that a platform that facilitates medical imaging ML /DL
will support the movement of massive amounts of storage and compute workloads
from homegrown on-prem or cloud-based solutions. A cloud-native platform will
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FIGURE 7.8: Brain visualizations for a single patient build on top of VTK
library.

create an ecosystem of technology enthusiasts that will improve access to technology
throughout the world. It will also create an opportunity to share algorithms among
researchers and medical institutions and the uncertainty of model performance. More-
over, the medical imaging platform that encompasses radiological and non-radiological
imaging (digital pathology, OCT, photo) can eventually expand beyond medical imag-
ing to facilitate integrated data analytics workflows, encompassing medical text, speech,
genomics, and meta-genomics.

7.1.6 Operationalization of ML Models

One of the biggest challenges facing the operationalization of ML models in medical
imaging is having to integrate very closely with clinical workflows. For some scenarios,
this can be done by integrating existing formats and creating various reports with data
generated by ML algorithms (e.g., Secondary Capture or Structured Report formats
defined by DICOM). However, some of the more advanced scenarios that integrate
across clinical specialties or workflow-based decision making require new user-facing
tools or updates to existing ones.

Fig. 7.9 proposes and illustrates the operationalization procedure designed and
tested. It starts with data ingestion, which extracts data from various data sources and
ingests the destination. That is implemented by repetitive and robust data pipelines
which can also perform extraction, transformation, and loading (ETL) operations. Then,
there is a data storage layer which commonly is the data lake storage, database, or
other file systems (e.g., HDFS, DBES). Then, there is a separate stage for data curation,
which is based on the researched use cases focused on data quality, validation, and data
preparation to be able to be annotated by SME using a tool integrated with a platform.
Annotation requires defining the objective of the experiment and that smoothly leads to
defining the research experiment. Once it is complete, then the third stage is a trialing
model stage — a code that performs all the traditional steps in ML, such as data pre-
processing, feature engineering, and feature scaling before training or retraining any
model. Following this, the ML model is trained while performing hyperparameter tun-
ing to fit the model to the dataset (training set). After training, there is a review of the
model results stage. Meaning the evaluation of the performance of the trained model
on a separated set of data points named test data (which were split and versioned in
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the data ingestion step). The output of this step is a report on the performance of the
trained model. The model deployment stage enables the ML models the author de-
veloped in the previous module (build). In this module, the model performance and
behavior in a production or production-like (test) environment is tested to ensure the
robustness and scalability of the ML model for production use. The models monitoring
stage captures critical information to monitor data integrity, model drift, and applica-
tion performance. Application performance can be monitored using telemetry data. It
depicts the device performance of a production system over a period of time.

The designed operationalization procedure is practical, simplifies collaboration of
research and Al developers with SME.
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FIGURE 7.9: The designed operationalization procedure.

Based on experience, the author sees the need to specify the last four elements of
Fig. 7.9, as it is more general, and the cooperation confirms that there are more stages
related to only the model that must be mentioned. The improved workflow focused
on the Al designer, Al developer, research personnel, and steps are illustrated in 7.10.
First, a model is built or instantiated by defining its architecture. The models are then
training as in the previous figure, but, once it is done, the model is packaged, serialized
pickle file (Python’s pickle module) or containerized (using Docker) to be exported to
the other environment; or serialized to an ONNX.

The model is then evaluated on a validation dataset not used in the training. Once
done, the model might be registered in the Azure Container Registry (or another con-
tainer registry, e.g., Docker Hub). The model can then be deployed. Once deployed, it
can be monitored for both request hitting, CPU memory, but also logs, and processing
timing.
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The model that was serialized or containerized in the previous step is registered
and stored in the model registry. A registered model is a logical collection or package
of one or more files that assemble, represent, and execute the personalized ML model.
With the final points remaining the same.
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FIGURE 7.10: The designed operationalization procedure with the focus
on researcher persona.

7.1.7 An Applicable Approach to Federated Learning

Federated learning is a type of machine learning that allows multiple parties to col-
laboratively train a model without sharing their data. Improving patient outcomes in
healthcare can be achieved by utilizing federated learning to develop models, while
still protecting patient privacy. For example, federated learning can be used to de-
velop models that can predict the risk of a patient developing a certain condition, or to
identify patterns in patient data that can be used to improve diagnosis and treatment.
Additionally, federated learning can be effective in developing models which can iden-
tify potential drug interactions or to identify potential adverse events associated with
certain medications. By using federated learning, healthcare providers would able to
develop models that improve patient care without compromising patient privacy.

The data are born at the edge, on scanners or devices/machines connected next
to scanners, e.g., PACs system. The author developed a federated learning procedure
visible in Fig. 7.11. Federated learning enables each model to be trained without cen-
tralizing data, retaining default privacy. Decentralized data remains with hospital de-
partments.
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FIGURE 7.11: Federated learning - machine learning on decentralized
data.

In practice, IT administrators at hospitals can download models from a Models
Marketplace available for them. Then the Clinicians, Researchers or Al developers
working within that environment can train the generic models on their local data. Once
done, the model can share updates with the global orchestrating server, which will
update the global version of the model. That is the manner in which the knowledge
about a single each case detected in one institution may be immediately propagated
across all medical centers.

Federated learning allows multiple hospitals to collaborate on a single machine
learning model without having to share their data. In a hospital case, federated learn-
ing could be used to develop a machine learning model that can predict patient out-
comes based on a variety of factors, such as medical history, current medications, and
lifestyle habits. Each hospital would contribute its own data to the model, but the data
would remain on the hospital’s own servers. The model would then be trained on the
combined data, and the resulting model would be shared among all the hospitals. This
would allow each hospital to benefit from the insights of the other hospitals, while still
maintaining the privacy of their own data. Fig. 7.12 presents the designed solution
diagram.
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FIGURE 7.12: Federated learning solution diagram. Created by the au-
thor.

Model broadcast — clients download the current model and training instructions
from the orchestrating server which leads to Client training — each client trains the
model on its local data and then summarizes the changes to the model as a small fo-
cused update which leads to Aggregation — only the update to the model is sent to the
orchestrating server, and it is immediately aggregated with other updates which leads
to a Model update — the server applies the aggregate to the global model to produce
the next iteration of the model
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FIGURE 7.13: Federated learning designed case. Created by the author.
In terms of data sharing, Fig. 7.13 presents aggregation server topology.

7.1.8 Cost-Effective Cloud Development Strategy

The main advantage of cloud computing utilization is the financial model - no upfront
costs needed and almost effortless configuration of graphic card drivers and runtime.
The pricing model - “Pay as you go” — means paying for the usage. Costs are associated
with data storage and processing. Each model training or running in batch or inference
mode is correlated with the costs of the compute engine. Fig. 7.14 presents the costs
in the middle of the month for the Azure Kubernetes Services cluster deployed in the
datacenter East US 2. The Kubernetes cluster in version 1.22.6 was configured on a
machine with 4 CPU cores, 28 GB memory, and 200 SSD storage.
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FIGURE 7.14: Costs analysis for an AKS cluster.

Dozens of models can be deployed and hosted in such a single cluster. The big ad-
vantage of the AKS cluster is automatically scaling the number of containers with the
demands, which is a critical point when using that platform in the hospital’s environ-
ment.

7.2 Ensuring Security in Medical Imaging

Data security issues, including data storage and transmission, are a major concern
against the use of cloud platforms for medical data processing, although the division of
responsibilities and guidelines against security systems have been defined [128]. Sys-
tems based on medical information are subject to a number of regulations and inter-
national standards of practice, such as ISO / ISO 27001, ISO / ISO 27002, ISO / ISO
22301, ISO 13606-1, ISO 13606—4 and ISO / ISO 27018. Using a public cloud to process
medical data shifts the responsibility for security and compliance with applicable laws
to the cloud provider. In the proposed architecture, the application used to transmit
medical data communicates with the cloud provider’s network through an Applica-
tion Programming Interface (API). To ensure the security of this application, it is rec-
ommended to use HTTPS and double encryption, both on the client and server side.
It is also necessary to connect the health unit network from which data is sent to the
Microsoft Azure network using site-to-site VPN tunneling.
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In the United States, HIPAA (the Health Insurance Portability and Accountability
Act) was implemented to protect citizens from having their healthcare/medical data
shared or sold for the benefit of corporations such as healthcare providers or insurance
companies. Another law enacted safeguards the privacy of your personally identifiable
information (PII). In Europe, GDPR (General Data Protection Regulation) sets rules for
individual personal data and the movement of these data.

Before data is released, the PET-CT testing entity is required to delete or overwrite
personal data from the files. Recovery of deleted metadata is not possible. For this
reason, the author provided an analysis of the available variables and their values that
can be readable from DICOM files. Some variables, such as pixel spacing, are necessary
to calculate the tumor area. Removing such variables may prevent the algorithm from
working correctly. Newhauser et al. [129] presented ways to anonymize images stored
in DICOM format. Metadata can be encrypted using masking techniques [130, 131].
Metadata decryption is only possible if the encryption key is available.

7.3 Explainability in Enhancing Transparency and Trust

Hindering the widespread adoption and deployment of Deep Learning Models across
industries is the perception of DLM being opaque black boxes. Particularly problematic
is the lack of interpretability when the model is intended to support the final decision-
making process. To counteract this, since 2016 there has been an effort in develop-
ing tools that can provide explanations for the predictions generated by DLM. These
explainable AI (XAI) techniques aim to make the decision-making process of these
models more transparent and comprehensible, thus enabling end-users to gain greater
trust and confidence in their outputs. In the context of medical image processing, XAl
techniques have the potential to improve the accuracy, reliability, and safety of DLM,
thereby enhancing their usefulness in supporting clinical decision-making. Clinicians
and radiologists can gain better insights into how the model arrived at its conclusion by
being provided explanations for the predictions generated. Assisting them in validat-
ing the accuracy of the prediction and identifying any potential errors or biases. Addi-
tionally, XAI can help to identify regions of interest within the image that contributed
most significantly to the prediction, which can also aid in clinical diagnosis and treat-
ment planning. Zhou et al. [132] described the basic technique called CAM (Class Ac-
tivation Mapping), which provides heat maps which visualize which parts of the input
image were the most significant for the deep learning model during the classification.
Technically the method uses a global average polling layer and visualizes the weighted
combination of the resulting feature maps at the pre-softmax layer. As the method re-
quires retraining a linear classifier for each class, Selvaraju et al. [133] improved the
method by adding the fusion mechanism of the class-discriminative property of CAM
with guided backpropagation and deconvolution named Grad-CAM. Grad-CAM high-
lights tine-grained details of the predicted class on the images and visualizes input
regions with high resolution details. Gradient-weighted Class Activation Mapping
(Grad-CAM), uses the gradients of any target concept, flowing into the final convo-
lutional layer to produce a coarse localization map highlighting important regions in
the image for predicting the output. Fig. 7.15 presents exemplary results.
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FIGURE 7.15: Predictions explained with Grad-CAM (LayerGradCam).
Predicted: glioma tumor (0.6499). Mask R-CNN based on architecture
ResNet50 trained on only 349 images. Created by the author.

7.4 An Ethical Framework for Medical Image Analysis

The thesis presents novel methods, algorithms, procedures, and studies that confirm
effective detection and segmentation of brain tumors and can be used to support radi-
ologists during the diagnostic stage and the treatment planning process. Thus, cloud-
native architecture was proposed with industry market review and proposal of appli-
cation deployment; discussing the ethics is necessary. With the deployment and use of
these applications, the questions of ultimate responsibility, ethical behavior, and ethical
use of the system might apply. These questions might be categorized as philosophical;
however, based on the author’s gathered experience during all stages of research, spe-
cific areas were identified on the engineering and science sides. The list below sums up
the mandatory areas to consider when creating any ML or DL-based system dedicated
to the medicine industry:

1. Bias — each application must be trained and evaluated on diverse datasets, in-
cluding diversification of patients” gender, age, and race.

2. Fairness — the application must be evaluated toward intentional or unintentional
unfair behavior, particularly when executing the classification or scoring tasks.

3. Transparency — the application’s results must be auditable and explicable.

4. Responsibility — the application must ensure data security, and its behavior must
be lawful and factual.

5. Interpretability — the application’s results must be repeatable.

6. Simplicity — the application deployment and usage must be understandable for
both Hospitals” IT specialists and end-users (Radiologists, Oncologists, Medical
Professionals).

7. Control and maintenance — the operation of the application must be able to be
controlled and straightforward to stop.

It can be observed that both science and engineering are striving to formulate ethical
regulations that ensure ethically sufficient and responsible Al Indeed, the market for
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medical devices needs stricter and more precise regulations. Gundersen T. and Baeroe
K. [134] examined the ways of collaboration between medical service providers, Al
developers, and other stakeholders to apply Al and ML to shared decision-making in
healthcare. The author strenuously underscores the insufficiency of publications and
regulations on Al and accentuates the outright need to create principles that will shape
both the development and the use of Al The author claims that with Al, the clinical
outcome can improve, but at the same time, patients can be deprived of their opinions,
values, judgments, and treatment options if Al becomes fixed in a narrow case without
human reason, consideration and capacity of care.

The thesis author stands up for defining proper evaluation of models, applications,
and any new medical technology when it is deployed, as it is required for successful
technology adaptation. It should be noted that the thesis and the research were in-
tended to support medical professionals and providers, provide enhanced tools and
make medical decision making more efficient, accurate, and evidence based. Collabo-
rating with different healthcare workers and including them in the design of methods,
algorithms, and procedures was essential to create valuable results that assist them but
should never replace them.

The platform has been presented to medical doctor Maciej Geremek, Ph.D. from the
Institute of Mother and Child, Warsaw Poland, who specialize in genetics and clinical
vision. Geremek concluded the solution as: “This is the future, this kind of system.
This is the way. That should be part of the entire hospital system”.
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Chapter 8

Conclusions

8.1 List of Novelties

The conducted research and experiments, introduced innovations and developed meth-
ods presented as results of the research aim to prove the primary objective of the thesis:
The methods based on a multi-stage deep learning pipeline that combine multiple
neural networks of various architectures are capable of performing meaningful de-
tection and segmentation of brain tumors and are able to be utilized in order to sup-
port radiologists during both the diagnostic stage and treatment planning process.
The authorial and proprietary contribution to the application of deep learning meth-
ods in the context of medical images processing is both systematic and substantial. The
research and resulted novelties presented in this thesis are summarized as follows:

* Set the standard for the medical data processing solutions development by intro-
ducing the universal six-stage MeDAPR framework as described in chapter 4.

¢ (ritical assessment of state-of-the-art CNNs models including evaluation of Mask
R-CNN architecture for patient-specific dose distributions for Volumetric Modu-
lated Arc Therapy (VMAT), as presented in chapter 4.2.3.

¢ Designed and implemented a method for removing bone tissues from CT-correlated
PET scans as described in chapter 5.1.

* Designed and implemented Phantom-based Verification and Calibration Method
(PVCM) to validate and evaluate the accuracy of algorithms and assistance in
setting the correct thresholds as described in chapter 5.2. Implemented classical
active contour-based algorithm to compute tumor volume based on Edge and
Chan-Vese algorithms. Test on the phantom resulted in achieving the relative
error value only as 0.46%.

¢ Designed and implemented a method combining U-Net and Morphological Geodesic
Active Contour algorithm, as described in chapter 6.1 with achieving the best U-
Net model accuracy as 97.39% and 7.76% loss. The author conducted research
to improve the method as described in 6.1.1 resulting in the conclusion that ero-
sion and dilation to help better define the borders of the tumor and remove any
surrounding artifacts or noise. The author evaluated results and compared them
with previous methods, as presented in chapter 6.1.2.
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Implemented the algorithm to fuse CT with correlated PET scans, based on the
Convolutional Neural Network model named VGG19 and VGG19 BN, as elabo-
rated in chapter 6.2.1.

To fuse multi-modal images such as CT, PET and MR produced by various di-
agnostic devices, the author introduced the CNN based method, as described in
chapter 6.2.2.

To generate additional training data, consistent with the original one, the author
designed and implemented Mask-Aware Class-based Medical Data Augmenta-
tor, as presented in chapter 6.3.1, and Medical Annotations Transformer (MAT)
as presented in chapter 6.3.2, to unify labels provided in COCO, VOC format
with Azure ML Data Assets.

Designed and implemented Tumor Area Cropper with U-Net architecture gener-
ator as introduced in chapter 6.4, based on the authorial novel equation (6.7) that
allows to calculate the U-Net architecture depth, based on the image input size.

Created a series of research experiments with the usage of U-Net model, to eval-
uate the accuracy of the segmentation based on the fused CT and PET scans, as
described in chapter 6.5. The differences in results between different experi-
ments when training models on single or multiple tumors, as well as with data
augmentation and without, are minuscule especially when considering the time
needed to train a model on 3x larger dataset. With an augmented dataset, the
results achieved the highest accuracy; however, simultaneously, the number of
false negative cases was higher, such as when the network indicated pixels as a
background and by the radiologist as a tumor, is higher, and that value should be
minimized and before deploying the model into an operational state, that value
should be minimized.

Evaluated pipeline with two stages combining YOLO v4 and U-Net to detect
prostate and achieved the best model achieved the value of 0.9685 of Serensen-Dice
coefficient, as presented in 6.6.1.

Designed and implemented pipeline with two stages combining Mask R-CNN
and U-Net for brain tumor segmentation achieving an accuracy of nearly 97% on
the validation dataset, as described in chapter 6.6.2.

Elaborated on hyperparameters tuning of Mask R-CNN in chapter 6.6.3. Exe-
cuted 108 separate training experiments to set the most optimal parameters for
the models, including verification of backbones Mask R-CNN ResNet18+FPN,
Mask R-CNN ResNet50+FPN, Mask R-CNN ResNet152+FPN, optimisers: SGD,
Adam, AdamW, and different number of epochs on previously pre-trained mod-
els. The results proved that the configuration based on Mask R-CNN with the
backbone ResNet152+FPN trained during 50 epochs with the optimizer SGD gives
the highest F1-score of 0.8649. Therefore, an additional training configuration has
been created with two changes: training during 300 epochs and learning rate set
as 0.00529. As a result, obtained Precision was 0.9375, Recall was 0.88235 and the
Fl-score equal to 0.9091. mAP for that experiment was 0.93772.
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¢ Provided the extensive research about the healthcare industry and proposed a
novel architecture for a decision support system for radiologists, general prac-
titioners, oncologists and surgeons as described in 7.1 which won the Microsoft
Global Hackathon 2022 Executive Challenge - Hack for Healthcare Industry - 1st
Place. The universal automated cloud architecture developed, which allows for
training and also for running models in batch mode, can be implemented in both
medical and research units working on medical data. Additionally, this solution
can be implemented in any industry using CT.

¢ Proposed methods for parallel processing in chapter 7.1.3. Author also elaborated
on An Applicable Approach to Federated Learning based on the collaboration
with three institutions from the United States, Poland, and Germany, as described
in7.1.7.

The author also provided the fundamental assessment of state-of-the-art methods,
introduced algorithms, and showed awareness of the subject area by expressing critical
appraisal of used methods. Moreover, the dissertation leads discourse regarding the
potential impact of the thesis contributions for the field of computer science and its
applications in healthcare and beyond.

8.2 Summary

The primary objective of the work contained in this dissertation was to develop meth-
ods based on a proposed multi-stage deep learning pipeline that combine multiple
neural networks of various architectures capable of performing meaningful detection
and segmentation of brain tumors and are able to be utilized in order to support radiol-
ogists during both the diagnostic stage and treatment planning process. The methods
developed are aimed at improving the accuracy and efficiency of medical image anal-
ysis.

In surveying the author’s research steps, the focus shifts to the initial methods based
on traditional active contour techniques, such as Edge and Chan-Vese, which were
developed based on the first data received from the Nuclear Medicine Department of
the Medical University of Warsaw, at the Central Clinical Hospital (Banach Hospital).
This data consisted of CT images and correlated PET images. Based on selected and
developed pre-processing methods, the tumor volume was determined based on PET
and CT images, where the PET image was key, as from a domain perspective, it already
represented only the tumor, or tumors and their metastases, reflecting their metabolic
activity. The main task was to develop effective algorithms that would perform the
segmentation of the examination results. The CT image, which depicts detailed body
structures (anatomical structures), was crucial to refute the places where the tumor
could not be, i.e., in the bones. Measuring the volume of tumors from only the PET
scans may result in an error. Therefore, whenever a PET scan is performed, either CT
or MRI is performed. The developed methods for this original case turned out to be
exceptionally effective and were employed in cooperation with the mentioned medical
institution.

Despite solving the problem posed by the hospital, namely calculating the volume,
and developing a diagnostic aid tool, the author of the thesis set a more ambitious goal
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for the work. Namely - is the calculation of the surface area/volume of gliomas, brain
tumors, or other tumors, based only on a CT examination possible. The central consid-
eration was the significant impact any developed method would have on the treatment
process for people with brain tumors for whom a PET scan was performed. On a global
scale, CT, MRI, and ultrasound scans remain the most common. For this reason, the au-
thor was dedicated to cultivating various methods of fusing CT-PET examinations to
develop segmentation methods that effectively work on images with a significant level
of detail and visible structures. On each occasion, upon achieving satisfactory results
of the created method, an evaluation was performed, mainly based on the segmenta-
tion result. The author contends that the evaluation of methods based on segmentation
alone is sufficient. To support this contention, firstly, the methods segment the tumor
on each slice, in a series. Once the methods have the segmented tumor on all slides
coming from the same patient, the tumor’s volume can be calculated by summing all
the segmented areas (squares) and multiplying that by the volume of a single voxel,
which is stored in the metadata of the DICOM files. Therefore, merely possessing the
segmented tumor, the tumor volume is easily calculated.

Subsequently, delving into the domain of the problem, another goal was set before
the author of the thesis. In this case, the segmentation of the glioma and calculation of
the volume from the results of CT-PET examinations were insufficient because of a new
method being verified on patients - MRI-PET. Medical imaging utilizing CT is harmful
especially when performed frequently because it is based on ionizing radiation, which
is the reality of people undergoing assessments of tumor progression. Additionally,
MRI is a method that provides more advanced and more detailed results, especially for
soft tissues. The author, in cooperation with the hospital, set another goal, which was
to develop methods for fusing these three modalities. It was an additional extension,
as the fusion of only MRI-PET was initially required, but that method was simple. The
fusion of MRI and CT was complicated due to the details. One cannot allow for the loss
of information even with different resolutions, contrasts, and brightness normalization.
Then there is the issue related to being properly matched (patient movement). In the
ensuing research and experimentation, it became possible to develop these methods.
Which led the author to develop further methods that, based on any type of exami-
nation, CT, CT-PET, MRI, CT-PET-MRI, segmentation would be able to be effectively
performed thus providing the correct volume.

Importantly, the SME (radiologist) provided the volume based on best knowledge
and was measured on a specific day. However, the masks, or labels, were not created
using the same tool, at the same time. This indicates that the volume results in cm3 vs.
the masks on which the models were taught may differ. It is not possible to evaluate
the percentage of this error at this time but given a few percent would be the correct
approach.

In the case of verifying the methods based on examinations from the Lower Silesian
Oncology Center in Wroclaw, the cooperation concerned the detection or segmentation
of the prostate organ, so that in the subsequent step, within the prostate itself, the seg-
mentation of the primary prostate tumor could be performed. Here, the effectiveness of
the developed methods is the completely segmented area of the prostate, as no volume
information was provided by the hospital.

The final methods which fulfil the thesis, methods based on a multi-stage deep
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learning pipeline that combine multiple neural networks of various architectures capa-
ble of performing meaningful detection and segmentation of brain tumors and can be
utilized to support radiologists during both the diagnostic stage and treatment plan-
ning process, were developed using the Mask R-CNN model based on various studies.
The effectiveness of the U-Net was astonishing, but in the broader context of imple-
menting the developed methods, namely in the context of ceasing the use of a CT ex-
amination for tracking tumor progression, locating tumors and their metastases turned
out to be crucial. For these reasons, the author spent a significant amount of time on ex-
periments aimed at developing effective methods, understood as methods that return
the highest segmentation accuracy on different types of examinations.

Al technology is radically transforming medical imaging. Publications in the aca-
demic and private sectors continue to reveal scientific advancement in this field. Promi-
nent professionals are advocating for the development and adoption of machine learn-
ing algorithms for medical imaging. As a generation, we are on the cusp of a new era,
ultimately, the billions of medical images acquired annually will be processed by algo-
rithms that will have the ability to extract much more measurable clinical value than
is possible by human analysis alone. These images will be reused repeatedly, together
with data from other diagnostic modalities, to improve ability to understand the pro-
cesses within living organisms. The author’s developed methods have the potential to
significantly improve the diagnosis of diseases and ultimately contribute to improving
patient outcomes. The modern research trend of attempting to use medical data in a
healthcare environment application and transformation requires appropriate standards
and frameworks in order to achieve applicable outcomes.

8.2.1 Broader Impact

The newly introduced methods and results obtained in the research as presented in this
thesis have a high potential for implementation in industrial and commercial practice.
This research may lead to the development of new products and services, further al-
gorithms, or tools in the field of medical imaging, and development of new methods
in the field of computer vision image analysis with robotics or autonomous machines
where precise object detection based on grayscale images is required. Although this
thesis’ research focus was on medical data processing, at the same time, the core do-
main could be considered Computer Science. As a quote often misattributed to Albert
Einstein states “Computers are incredibly fast, accurate, and stupid. Human beings are
incredibly slow, inaccurate, and brilliant. Together they are powerful beyond imagi-
nation” [135]. The author’s deep belief and intention was to develop methods, algo-
rithms, and procedures for the fully automated detection and segmentation of specific
objects — mainly brain tumors, and the prostate — while integrating the necessary work
of medical health professionals along with best practices for patients.

Fusion Methods Impact

During MRI and CT examination, patients are asked to remain completely immo-
bile. The examination process requires immobility from a few minutes up to several
minutes. This “perfectly still” position is nearly impossible for patients with Move-
ment Disorders or Epilepsy, along with patients experiencing anxiety or mental health
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episodes, etc. Additionally, MRI and CT scans are performed in veterinary medicine.
Sedation is the only option when attempting medical imaging examinations in these
cases. The chief reason for the need to stay still is due to image quality, which is de-
graded by even a slight movement (blurring or distortion). The consequence of move-
ment during the examination is the repetition of the exam, which is problematic for the
patient and the provider. In the case of CT, it means double the radiation exposure with
additional cost and time increases. The algorithm developed for fusion can be adjusted
and applied to the post-processing of the images which were affected by patient move-
ment during the initial exams, thus eliminating the need for repeat scans and increased
patient distress.

Author’s Disclosure and Transparency

The conducted research was carried out within the framework of several projects,
including:

® Research funding through the Centre for Priority Research Area Artificial Intel-
ligence and Robotics of Warsaw University of Technology within the Excellence
Initiative: Research University (Inicjatywa Doskonatosci Uczelnia Badawcza, IDUB)
programme.

¢ “Design and development of algorithms for automatic identification, volume mea-
surement and visualization of brain tumors and prostate cancer using deep learn-
ing methods” project supported by Warsaw University of Technology by the
grant 504/04560/1042/43.040001 from 8 of July 2020 led by Krzysztof Siwek.

¢ “Development of methods for searching for the optimal dose distribution in ra-
diotherapy planning using deep learning techniques” project supported by the
Warsaw University of Technology under grant 504/04560/1042/43.040002 from
8th of July 2020 led by Zuzanna Krawczyk-Borysiak.

In the spirit of full disclosure, when the research contained in this dissertation com-
menced, the author was in the latter stages of achieving a master’s degree while simul-
taneously employed by Intel. As is the case with all IT career paths, this employment
was replaced with Sony, CitiBank, Proctor and Gamble and most recently Microsoft, in
that order. These fluctuations in employment were to expose the author to skill devel-
opment in order to grow in knowledge and pursuit of excellence. The author wishes
to unequivocally state that there was no bias influencing the research or recommenda-
tions toward or for a single corporate entity, regardless of the relationship between the
author and any/all corporations.

8.3 Future Directions

In this section, the author proposes several ideas to continue the work of redefining
the application of new technologies in healthcare, particularly in the context of medical
imaging. Continuing this research is crucial to ensure the accuracy and reliability of the
results. This involves reviewing the data collected, analyzing the results, and drawing
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conclusions from the findings. It is also important to identify any potential limitations
of the research and areas that require further exploration. The dissemination of research
results to relevant stakeholders and the wider public is also crucial.

In future research, the author plans to extend their collaboration with the medical
community dealing with prostate and breast tissue tumors. The author intends to ex-
pand research in these areas, exploring new approaches to improve the accuracy and
efficiency of tumor detection and segmentation. One possible way to bridge the gap
between technological advancements and the medical community is to establish a col-
laborative platform for knowledge sharing and dissemination. However, a significant
challenge with this approach is managing large amounts of medical data and ensuring
the privacy and security of patient information. The author plans to explore novel so-
lutions for addressing these challenges and to develop new methods for the efficient
and secure processing of medical data.

The detailed plan includes the following points:

¢ The development of an anonymization algorithm that addresses the lack of data
bottleneck in DICOM sensitive slices, such as those related to the face, breast,
and reproductive organs. This algorithm aims to protect patient privacy in com-
pliance to HIPAA regulations by removing or obscuring any identifying infor-
mation from the DICOM slices, such as patient name, date of birth, and other
personal information. The algorithm ensures that the data is used only for its in-
tended medical purpose, while also reducing the risk of data breaches by making
the data unidentifiable.

* The extension of existing methods to support 3D based deep neural networks
(DNNSs) image processing to capture spatial and temporal relationships. 3D
DNNs are particularly important in medical imaging as they can capture the
spatial relationships between different parts of the image, allowing for a more
detailed and accurate diagnosis of diseases. Additionally, 3D DNNs can track
changes in the image over time, which is important for monitoring disease pro-
gression and treatment response. The context of the image is also important for
understanding the overall structure of the image, while capturing the fine details
can help in accurately diagnosing and treating diseases.

¢ The application and adjustment of currently developed methods on different
types of tumors, such as breast, adrenal glands, lung, colon, liver, and rectal.
This approach can lead to improved accuracy in the diagnosis and treatment of
various types of tumors, as well as provide valuable insights into the underly-
ing biology of the disease. Furthermore, this can facilitate the identification of
new biomarkers that can be used to enhance predictions of disease progression
in order to develop more effective treatments.

¢ Extending current methods to work on data from ultrasound (USG) scans, specif-
ically converting USG video to slices. This expansion can facilitate the identifi-
cation of new patterns and trends in the data that may not have been previously
identified. By detecting abnormalities in organs, tissues, and blood vessels, this
approach can help diagnose and treat a wide range of medical conditions. Ad-
ditionally, ultrasound scans can be used to monitor the progress of a pregnancy,
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detect fetal abnormalities, and assess the health of the placenta. The technique
can also be used to diagnose and treat certain types of cancer. By analyzing the
data obtained through USG scans, doctors can make more informed decisions
about a patient’s care.

¢ Developing methods for data compression to optimize the storage and transmis-
sion of medical data. This can have significant benefits for organizations, includ-
ing reduced storage costs and improved network performance. By compressing
medical data, organizations can reduce the amount of storage space required,
which can lead to cost savings. Additionally, compressed data can be transmitted
more quickly over a network, leading to improved network performance. This is
particularly important in healthcare, where large amounts of data are generated
and transmitted on a regular basis.

¢ Transferring the current solution to work with Industrial CT Scans. Industrial CT
scans, also known as computed tomography or CT scans, are an imaging technol-
ogy that produces three-dimensional images of objects. This process uses X-rays
to take multiple two-dimensional images of an object from different angles and
then combines them to create a three-dimensional representation of the object.
The use of Industrial CT scans is widespread in manufacturing, where it is used
to inspect internal structures of objects and detect flaws or defects that may not
be visible to the naked eye. The technology can also be used to measure the di-
mensions of objects and analyze their material composition.

¢ Developing a procedure for 4D medical image analysis procedure. 4D medical
image analysis is a process of analyzing 3D medical images over time, using spe-
cialized software to analyze the changes in the 3D images. The proposed proce-
dure aims to detect and diagnose diseases, track the progression of a disease, and
monitor the effectiveness of treatments. This procedure can be used to analyze
various types of medical images, including CT scans, MRI scans, PET scans, and
ultrasound images. Additionally, it can be used to analyze images from other
medical imaging modalities, such as X-ray and nuclear medicine. The analysis
of 4D medical images can provide valuable information about the structure and
function of the body, allowing doctors to make more informed decisions about
diagnosis and treatment.

¢ Developing a medical ROI-based image search system, which allows efficient
and accurate retrieval of images with similar regions from a database given a
query of multimodal medical images from the brain, prostate, or breast with a
tumor (ROI) region. The system will use advanced deep learning algorithms to
analyze the image characteristics and extract features for similarity analysis. This
image search system will demonstrate the ability to classify pathological charac-
teristics for patients and allow for a more effective diagnosis and treatment. The
system will also adapt semantic information from radiology reports for a more
efficient and accurate search for image characteristics. Additionally, the image
search algorithm will be extended to 3D and different imaging modalities, allow-
ing for more comprehensive and accurate search results.



Chapter 8. Conclusions 127

¢ Developing innovative cross-validation techniques designed to consider the
spatial presence of tumors within given medical images. Conventional cross-
validation methods indiscriminately shuffle data and divide them into k folds.
This randomization neglects spatial characteristics, such as the distribution of
tumors between image slices. Data used in that research on average contained
tumors between the 70th and 120th slices out of total 148 scan series. Using slices
without tumor for the model evaluation may result in a skewed assessment.

¢ Working with a patent attorney to navigate legal requirements and procedures
for patents.
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