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2D Liver Segmentation in Abdominal Computed Tomography Scans

RESUMO

A detecao precoce de anomalias no figado € crucial para um diagnéstico preciso e
eficaz de doengas como o cancro do figado, uma das principais causas de morte por
cancro no mundo. Modalidades de imagiologia médica, especialmente a tomografia
computorizada, tém desempenhado um papel fundamental na identificacdo e
caracterizacdo de doencas. Nos Hospitais da Universidade de Coimbra, a
segmentagao precisa do figado constitui uma técnica muito importante para o
tratamento das doengas hepaticas. No entanto, as ferramentas comerciais de
segmentagao automatica existentes apresentam um custo elevado pela segmenta¢ao
em cada tomografia realizada e as solu¢bes gratuitas carecem de uma interface para
a visualizacdo dos resultados. Assim, este projeto introduz uma abordagem
designada por Incrementalizacio de Dados Privados, avaliando a capacidade de
generalizacao dos modelos de segmentacao de imagem U-Net, ResUNet++, FCN e
BerDiff. Esta abordagem apresenta uma analise da exposicao incremental dos
modelos a varios dados clinicos do mundo real, aumentando a sua adaptabilidade e
avaliando o seu desempenho em conjuntos de dados com dimensoes e fontes
diversificadas. Através de experiéncias sistematicas, observou-se que o modelo mais
eficaz para segmentar o figado foi o modelo ResUNet++, apresentando o melhor
desempenho, com uma exatidao de 0,9972, um DSC de 0,9449 ¢ um ASSD de
0,0053 mm. Seguidamente, este modelo foi integrado numa interface grafica
desenvolvida no ambito do projeto para a segmentac¢ao automatica do figado. Esta
contribui¢io pretende otimizar o diagndstico e monitorizagao de doencas, reduzindo
os custos associados, melhorando o atendimento ao paciente e a alocacdo de
recursos em ambientes clinicos.

Palavras-chave: Inteligéncia Artificial, Redes Neuronais Artificiais, U-Net,
ResUNet++, FCN, BerDiff, Tomografia Computorizada, Segmentacio Automatica
do Figado, Incrementalizagao de Dados Privados.
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ABSTRACT

Early detection of liver anomalies is crucial for accurate and effective diagnosis of
diseases such as liver cancer, one of the leading causes of cancer death worldwide.
Medical imaging modalities, especially computed tomography, have played a
fundamental role in the identification and characterization of diseases. At the
Coimbra University Hospital, precise liver segmentation is an important technique
for the treatment of liver diseases. However, existing commercial automatic
segmentation tools have a high cost for each tomography and free tools lack an user-
triendly interface for result visualization. Therefore, this project introduces an
approach referred to as Private Data Incrementalization, evaluating the
generalization capability of the U-Net, ResUNet++, FCN and BerDiff image
segmentation models. This approach presents an analysis of the incremental
exposure of the models to various real-world clinical data, increasing their
adaptability and evaluating their performance on datasets with varying dimensions
and sources. Through systematic experiments, it was observed that the most
effective model for segmenting the liver was the ResUNet++ model, demonstrating
the best performance, with an accuracy of 0.9972; a DSC of 0.9449 and an ASSD of
0.0053 mm. This model was subsequently integrated into a tool developed within
the scope of the project for automatic liver segmentation. This contribution aims to
optimize the diagnosis and monitoring of diseases, reducing associated costs,
improving patient care and resources allocation in clinical environments.

Keywords: Artificial Intelligence, Artificial Neural Networks, U-Net, ResUNet++,
FCN, BerDiff, Computed Tomography, Automatic Liver Segmentation, Private
Data Incrementalization.
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1 INTRODUCTION

This chapter presents the context and motivation, as well as the main objectives
and contributions of the project. Additionally, an overview will be provided to
ease navigation through the dissertation.

1.1 Motivation and Problem Statement

Medical imaging has been playing a fundamental role in the diagnosis and
treatment of diseases in recent years, through the use of advanced scanners and
image reconstruction software. Physicians require tools that allow them to
localize organs and tissues with higher precision and rapidity, while identifying
and characterizing pathologies for accurate diagnosis. As one of the most
important organs in the digestive system, the liver performs critical functions
such as breaking down nutrients, producing bile and eliminating toxic
substances. However, liver-related diseases, particularly oncological diseases,
pose health risks, and liver cancer is a leading cause of cancer-related mortality
wotldwide [1]-[3]. With advances in technology, the invasive techniques used
for diagnosis are being gradually replaced by non-invasive medical imaging
techniques, such as computed tomography (CT) and magnetic resonance
imaging (MRI), with benefits for the patient. These techniques have become an
integral part of the diagnosis, treatment planning and monitoring the progress
of oncological diseases [4][5], providing detailed cross-sectional images for
accurate visualization of internal structures, including liver tumors [6][7].

With the advancement of technology and artificial intelligence (Al) in medicine,
there is a growing need to optimize the identification of oncological diseases
[8]. Medical image segmentation is emerging as a fundamental step in the
pipeline [9]-[12]. Liver segmentation in CT scans has emerged as a critical area,
requiring accurate identification and delimitation of the liver region for
treatment planning and progress monitoring, as well as for early detection of
liver lesions and metastases to other organs [13]-[15]. However, accurate liver
segmentation on CT scans is challenging due to factors such as artefacts,
varying soft tissue densities, the complexity of adjacent organ proximity and
dynamic anatomical modifications, such as tumor contraction during treatment,
there is a compelling need for reliable and fast segmentation to facilitate
adaptive radiotherapy [16]-[20]. Within this context, the development of a
method for 2D automatic liver segmentation in CT scans is intended based on
liver scans acquired at the Department of Radiotherapy of the Coimbra
University Hospitals (HUC). The results will be compared with a reference
segmentation performed by expert physicians, yielding comparative metrics
with other state of the art methods.
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1.2 Main Objectives

The main purpose of this project is to implement and compare algorithms to
perform the automatic segmentation of the liver, which is of particular
importance when carrying out treatments, either through external radiation in
the Radiotherapy Department or through the application of HOLMIO-166 or
Yttrium-90 seeds in the Nuclear Medicine Department.

An additional objetive is the implementation of a Graphical User Interface
(GU]) tool. This tool would allow healthcare professionals to avoid the costs
of using a commercial software, with each segmented scan potentially costing
about 40 euros, depending on the software. The eventual goal is to provide a
more sustainable and cost-effective solution for the liver segmentation process
in CT scans.

Through this project, it is intended to address the following questions (Q):

e Q1 — What are the challenges and limitations associated with accurate
liver segmentation in CT scans?

e Q2 — How does the choice of the method impact the accuracy and
efficiency of liver segmentation in CT scans?

e (3 — What are the evaluation metrics commonly used to assess the
performance of Al models and traditional methods for liver
segmentation in CT scans?

e (4 — What can be done to contribute to optimizing the process of
treatment planning for oncological diseases, especially for the liver?

e (5 — What are the best specifications and project conditions according
to the HUC's temporal needs and priorities?

e Q6 — Which is the most efficient automatic segmentation model for the
case study within the chosen algorithms?

e Q7 — How does the data source (CT scans) impact on the performance
of the segmentation models?

To answer the first three questions (Q1, Q2 and Q3), a literature review was
conducted [21], summarizing relevant work for this project. Additionally,
informal interviews and brainstorming sessions with some of the physicians
from the Department of Radiotherapy of HUC were held to understand the
importance and challenges of liver segmentation in CT scans and their
respective needs and requirements in order to answer the two following
questions (Q4 and Q5). The last two questions (Q6 and Q7) were addressed at
the end of the project, through a thorough comparative analysis of the
performance of the different models given the Prwate Data Incrementalization
trom different sources into the same configuration (same data preparation, pre-
processing, hyperparameters definition and post-processing), varying the model
to be trained.



2D Liver Segmentation in Abdominal Computed Tomography Scans

Private Data Incrementalization consists of an innovative approach focused on
improving the performance and adaptability of Machine Learning (ML) models
in the field of image segmentation (easily extended to other types of data, such
as tabular). This method gradually exposes models to diverse real-world medical
data, evaluating their ability to adapt and generalize to new information.

The approach emphasizes the evaluation of the performance of the models
while being trained on an increasing number of medical scans (clinical
scenarios). By systematically introducing varied datasets from different sources,
the purpose is to build more robust and versatile segmentation models.

These questions are designed to provide a better understanding of the context
and scope of the project, so it can be implemented complying with the real
needs of the hospital and understand what currently exists and its limitations.
This understanding is crucial to implementing an effective solution that
responds to both the existing challenges and the expectations of the HUC.

1.3 Main Contributions

The main contributions of the project are associated to providing the
development of an algorithm for 2D liver segmentation in abdominal CT scans
for the Department of Nuclear Medicine and the Department of Radiotherapy
of the HUC.

In particular, the main outcomes of the project are:

e Definition of a guideline to be followed for creating a Radiotherapy
Structure Set for specifics structures segmented in a CT scan (see Appendix
A).

e Creation of a script (written in Bash) for automatic scans anonymization
when exporting from the HUC Radiotherapy department's ARIA network
(from Varian Medical Systems), where the images are stored. The ARIA
network server contains all the information on the patients treated there,
particularly dose records, CT scans conducted, structures designed by the
physicians, among other relevant information (see Appendix C).

e Creation of a dataset with CT scans including ground truth (chapter 4).

e Optimization and comparison of four algorithms for automatic liver
segmentation (U-Net, ResUNet++, FCN and BerDiff) (sub-chapter 5.8).

e Generalization assessment of the segmentation algorithms with Private Data
Incrementalization (chapter 6).

e Integration of the best segmentation model trained with a GUI with easy
user interaction, designed to minimize user effort and reduce time spent on
the segmentation process, providing a free tool to be used by HUC (chapter
7).
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e Scientific contributions (almost 10 publications in different sources).

Furthermore, the following scientific contributions were achieved within the
scope of the mastet's project:

Poster presentation at Portugnese Conference on Pattern Recognition (RECPAD
2023) with the initial project proposal (Artificial Intelligence-driven
Approaches for Radiation Dose Prediction in Computed
Tomography Scans) [22] (available on Appendix D), which was modified
due to a new proposal defined in collaboration with the HUC, consisting in
the implementation of the current project.

Publication in Multidisciplinary Digital Publishing Institute (MDPI)
journals:

o Publication of a paper in advance of peer-review (Algorithms for
Liver Segmentation in Computed Tomography Scans: A
Historical Perspective) in Preprints platform supported by MDPI
[23].

o Publication of a paper (Algorithms for Liver Segmentation in
Computed Tomography Scans: A Historical Perspective) in
MDPI Sensors journal, more specifically in the Bromedical Sensing and

Bioinformatics Processing Special Issue [21], available on Appendix E.
o Publication of an entry (Algorithms for Liver Segmentation in

Computed Tomography Scans) in MDPI Encyclopedia journal [24],
available on Appendix F.
Poster presentation at the Biomedical Engineering Conference 2024 (JEB’24) held
at ISEC (Application of Artificial Intelligence in Medical Imaging)
[25], available on Appendix G.
Oral presentation at the International Conference on Mathematical Analysis and
Applications  in  Science and  Engineering (ICMASC'24)  (Performance
Evaluation Metrics for Automatic Liver Segmentation on Medical
Imaging Scans) [26], available on Appendix H.
Submission of a paper (Comparative Analysis of Quantitative
Assessment Metrics for Liver Segmentation) in Springer Proceedings
journal, available on Appendix I.

Paper submitted to the Portuguese Conference on Pattern Recognition (RECPAD
2024) (Adoption of Artificial Neural Network-based Methods for
Medical Image Segmentation), available on Appendix J.
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e Paper in progress (Private Data Incrementalization Approach to
Evaluate the Generalization of Liver Segmentation Models) to be
submitted in MDPI Sensors journal, more specifically in the Pattern Recognition
Applications in Medical Image Analysis Special Issue.

e Presentation to the second-year students of the Bachelor of Science in
Biomedical Engineering at ISEC within the scope of the Introduction to
Clinical Databases course (Acquisition, Collection and Preparation of
Medical Data for Biomedical Engineering Application in the
Hospital Environment), available on Appendix K.

1.4 Project Planning

The main tasks implemented during the development of the project are
presented below:

T1 — State of the art — literature review in the fields of medical imaging and
Al more specifically related to its application in liver segmentation in CT scans.

T2 — Analysis of existing public datasets and summary of their
characteristics — study of public datasets to better understand the structure
and characteristics they tend to present, considering the most relevant data, to
give guidance for the creation of our dataset with the HUC scans.

T3 — Creation of a dataset from scratch — elaboration of all the
documentation related to the process of submitting the proposal to the HUC
Ethics Committee to formally apply for the sharing of medical data, selection,
and filtering of adequate abdominal CT scans within the scope of the project,
process of anonymization of patients' personal data and scans exportation.

T4 — Analysis of evaluation metrics — study of the liver segmentation
evaluation metrics for the selection of the most appropriate ones for the context
of the project.

T5 — Implementation and evaluation of segmentation models — search for
existing code. Adaptation to the dataset. Performing experiments and adjusting
parameters, as well as the evaluation and comparison of the developed models
with the manual segmentation by HUC Radiotherapy Department’s
professionals.

T6 — Application development — implementation of the liver segmentation
solution.

T7 — Dissertation — dissertation writing for public exams.

T8 — Scientific community knowledge sharing — scientific publications
writing.

Table 1.1 shows the tasks implemented during the development of the project
over time.



Stephanie Alexandra Batista Nifio

Table 1.1. Project schedule.
Sep | Oct | Nov | Dec | Jan | Feb | Mar | Apr | May | Jun | Jul | Aug

Tasks

L_!! L
.

T2
T3
T4
T5
T6

.
T8 L | |

1.5 Document Structure

Besides introduction, this document is structured in 6 chapters:

Chapter 2 discusses the theoretical background and fundamental concepts
related to medical imaging, liver importance, and Al application in healthcare,
particularly for semi-automatic and fully automatic medical imaging
segmentation.

Chapter 3 details the image segmentation techniques and the most commonly
used performance evaluation metrics, the research methodology for the
literature review, as well as the main related works that were a reference for
defining the methodology of the project, providing inspiration for the
innovation approach of this work, and compares this review with other existing
summaries of the state of the art. Finally, it is presented a comparison of the
commercial automated segmentation software solutions that have been
considered by the Department of Radiotherapy of the HUC.

Chapter 4 explains the steps for creating the dataset used for the project.

Chapter 5 describes the methodology adopted in the project, covering aspects
such as the experimental setup, including the data preparation, data pre-
processing and post-processing, datasets used and the steps followed for the
implementation of the experiments with the segmentation models.

Chapter 6 presents the results achieved through the project and a thorough
analysis of them.

Chapter 7 introduces the GUI to be provided to the final users (physicians).

Finally, Chapter 8 discusses the conclusions of the project, emphasizing its
contributions for improving the quality of health services for oncological
pathologies at the HUC hospital, as well as future work directions.
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2 BACKGROUND KNOWLEDGE

This chapter describes the fundamental aspects of medical imaging, liver and
Al, particulatly the application of Deep Learning (DL) in healthcare, with the
aim of understanding the scientific area in which the work is contextualized.
The principles of these areas will be covered, providing a solid basis for
understanding the concepts and techniques used in the research and
development of the project.

2.1 Medical Imaging

A brief overview of the principal concepts associated with medical imaging can
be found below, providing some insights into what medical imaging is, its
relevance, the main modalities or types of medical scans, the main limitations,
and challenges in medical image processing.

2.1.1 Radiology

Medical imaging is an essential field for clinical practice, allowing the
visualization and quantification of anatomical structures.

Radiology, also known as radiodiagnosis, is a medical specialization whose main
purpose is to generate morphological images of the inside of the body (medical
imaging) using various physical agents, so that these images can later be used
for the diagnosis, prognosis, and treatment of pathologies [27].

2.1.2 Computed Tomography

Since CT scans will be used in this work, a brief explanation on how a CT scan
is obtained follows.

A CT scan is a radiological examination based on a computerized X-ray imaging
process, in which an X-ray beam is projected onto the patient and rotates
around the body, producing slices that are reconstructed and then processed in
a computer to obtain images of the inside of the body, which are digitally
combined to form a 3D image of the patient, facilitating the identification and
location of anatomical structures, as well as possible tumors (Figure 1) [28].
Compared with other X-ray modalities, CT involves much higher radiation
exposure due to the reconstruction of the CT scan from the combination of
numerous individual X-ray projections from different angles, but has the
advantage of providing highly detailed images of internal structures, which
enhances the reliability of diagnosis and treatment planning. This level of detail
allows for better visualization of soft tissues, blood vessels, and bones, making
CT scans particularly useful for detecting and assessing complex conditions
such as tumors, internal injuries, and vascular diseases. Additionally, the ability
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to create 3D images aids in surgical planning and intervention, contributing to
improved patient outcomes.

Figure 1. Abdominal CT scan. Source: [29].

The CT scanner works by taking images from different angles using the gantry
(Figure 2), which rotates 360° around the patient, reducing the exposure time
of the patient, which is the minimum time needed to obtain quality images

28] [30][31].

X-ray tube
Gantry

Rotation

Moving table

3rd level of the slice
2nd level of the slice
1st level of the slice

coronal

(©
sagittal MPR axial CT scan

(b)

Figure 2. CT operating principle. (a) CT scanner constitution. (b) Acquisition of slices at
various angles for image reconstruction. Source: [32].

8
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To produce X-rays, the filament of the ampoule's cathode is heated, causing the
energy of the electrons in the filament material to increase, causing them to be
released from the filament. In turn, through the potential difference between
the cathode and anode, these electrons are accelerated and directed towards the
anode target, acquiring kinetic energy in the process.

When these accelerated electrons collide with the anode target, they lose energy
through braking by the nuclei of the anode material, producing braking X-rays,
and by colliding with the orbital electrons of the anode material, causing them
to be excited to higher energy levels, generating gaps in the lower energy levels,
which are then filled by electrons of a higher energy level, producing
characteristic X-rays.

The accelerating voltage of the X-ray tube plays a fundamental role in the
production of X-rays, defining the energy spectrum of the photons produced.

For the absorption of photons by different tissues, it is important to consider
the linear attenuation coefficient (i) of the material passed through by the X-
rays. This coefficient measures the material's ability to absorb photons and
depends on the material's average atomic number and density, being inversely
proportional to the photon's energy, specifically the lower the energy, the higher
the linear attenuation coefficient. The importance of this parameter lies in its
relationship with the image since it corresponds to a map proportional to the
attenuation coefficients. In the case of materials with a low attenuation
coefficient, scattered radiation can be generated, which degrades the contrast
of the image, since the scattered photons have a different direction to the
incident photons.

To produce X-rays, it is essential to consider beam hardening, which consists
of an increase in the average energy of the spectra during their penetration into
a given material, due to greater attenuation of low-energy photons. For this
reason, a material may appear darker in the center of the image and lighter on
the periphery.

To correct for this artifact caused by beam hardening, the Hounsfield Units
(HU) is used, also known as the CT number, which consists of converting the
value of the linear attenuation coefficient to a dimensionless scale, based on the
density of water. The value for air is -1000 HU and the value for fat is -120 HU,
compared to the value given for water (0 HU). The CT number is defined by
Equation (1):

_ Htissue — Hwater

HU

X 1000 1)

Auwater

where:

e 1000 is the constant that defines the contrast factor
® issue represents the linear attenuation coefficient of the tissue
® e 1S the linear attenuation coefficient of water

9
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The liver typically exhibits HU values between 40 and 60 HU under normal
conditions. These values can vary depending on factors such as the presence of

tat, fibrosis, or other pathologies [33].
2.1.3 Digital Imaging and Communications in Medicine

Digital Imaging and Communications in Medicine (DICOM) is a standard that
facilitates the communication of biomedical information using digital images
and associated data, as shown in Figure 3. Developed by the DICOM Standards
Committee, which includes members from the National FElectrical
Manufacturers Association (NEMA), DICOM aims to establish and maintain
national standards in this field [34]. This standard finds applications in various
medical modalities such as radiology, cardiology, oncology, dentistry, surgery,
neurology, breast imaging, radiotherapy, ophthalmology, pathology,
pneumology, among others.

8 ®)
Figure 3. Example of a CT scan in DICOM format. (a) CT scan image/slice. (b)

Anonimized CT scan metadata.

The DICOM Standard is built upon several fundamental principles [35]. Firstly,
it emphasizes global applicability and localization, meaning that it is designed
to be a worldwide standard that can be used in any locale. Secondly, the
standard undergoes continuous maintenance in accordance with the procedures
outlined by the DICOM Standards Committee. Additionally, each instance of
information objects, such as images, is identified by a globally unique object
identifier that remains consistent throughout all exchanges, ensuring traceability
(e.g., SOP Instance UID, being one of the tags used in this project, the meaning
of which is described in the sub-chapter 5.3.2.3 (SOP Instance UID)).

10



2D Liver Segmentation in Abdominal Computed Tomography Scans

2.1.4 Picture Archiving and Communication Systems

Picture Archiving and Communication Systems (PACS) have revolutionized
the storage and retrieval of medical imaging data. With the continuous
advancement of imaging technology, PACS offers a cost-effective solution for
storing vast amounts of medical images and enables quick retrieval from various
modalities [36]. Moreover, PACS allows healthcare professionals to access these
images from multiple locations, enhancing collaboration and improving patient
care.

A PACS system comprises several components that work together seamlessly.
These components include image acquisition devices, data management
systems, image storage devices, transmission networks, display stations, and
devices for producing hard-copy images. However, for optimal performance,
PACS must also integrate with other management systems like the Hospital
Information System (HIS) and the Radiology Information System (RIS) [37].

The HIS handles administrative aspects of hospitals, while the RIS manages
medical imagery and associated data. To ensure data integrity and streamline
information flow, initiatives like Integrating the Healthcare Enterprise (IHE)
have been established. These initiatives aim to improve information sharing and
transmission among computer systems in healthcare [38].

Standards such as DICOM play a crucial role in addressing specific clinical
needs within PACS. This collaboration enhances the seamless flow of
information between PACS, HIS, RIS, and other healthcare systems, ultimately
improving patient care and outcomes.

2.1.5 Medical Imaging Segmentation

Medical imaging segmentation is the process of dividing digital images into
multiple segments to simplify and modify the representation of the image into
something that is easier to analyze. This technique is especially useful in medical
diagnostics and treatment planning. It helps in identifying boundaries and
structures within different imaging data. By segmenting specific areas or
structures, such as organs or tumors, healthcare professionals can obtain precise
measurements, assess the scope and severity of diseases, and customize
treatments for individual patients. This segmentation process makes it easier to
see complex tissues and helps in achieving a more accurate diagnosis and better
patient outcomes.

The principal constraints and challenges associated with this process are
detailed below [39]-[41]:

1. Acquisition artifacts

Some of the major constraints in segmentation arise from the artifacts inherent
in medical imaging acquisition technologies.

11
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These artifacts may involve:

e Partial volumes
The representation of an anatomical structure can be distorted due to
ovetlapping adjacent tissues in the same pixel or voxel, which complicates the
accurate identification of organ boundaries.

e Noise
Random fluctuations in the signal can cause a grainy appearance in the image,
making it difficult to distinguish fine or low-contrast structures.

e Low sharpness
The limited resolution of some medical imaging equipments may result in
blurred edges, where the transition between different tissues is not very clear.

2. Low contrast

Segmentation becomes challenged by the low contrast inherent in some medical
scans. In certain instances, the intensity difference between adjacent tissues may
be small, making it extremely difficult to discern the exact boundaries between
distinct anatomical structures. This situation is especially problematic in organs
areas where multiple structures overlap or are in close proximity.

3. Anatomical complexity and variability

Human anatomy presents complexity and variability, which implies that there
are not two exactly equal organs among different individuals. This anatomical
diversity introduces an additional level of complexity.

4. Time and resources involved

Manual segmentation is a time-consuming process that requires meticulous
attention to detail. This process can require hours of work by highly skilled
specialists, which limits the amount of analysis that can be performed in a given
period. Such an investment of time and human resources could be more
efficiently employed in diagnostic tasks and clinical decision making if
automated or semi-automated segmentation tools were available.

5. Divergences in segmentation assessment

In the medical field, it is common for different professionals to have divergent
opinions on the exact delineation of structures on images:

e Subjectivity in interpretation
Medical scans interpretation involves a degree of subjectivity, which can lead to
discrepancies in the identification and delineation of anatomic structures.

e Experience and education
Differences in training, experience, and specialization can influence how
clinicians approach the segmentation assignment, resulting in variations in the
tinal results. These differences in interpretation can affect the consistency and
reproducibility of segmentation results.
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6. Inaccuracy and human error

Accuracy in manual segmentation of medical scans is inherently limited by
susceptibility to human error. Despite the high skill and experience of
healthcare professionals, factors such as fatigue, workload, and variability in
approach can introduce inaccuracies:

e Absence of consistency
Fatigue and stress can affect consistency in manual segmentation, especially in
prolonged sessions or with a high volume of images to be analyzed.

e Precision and accuracy
Human ability to discern and handle fine detail has limits, which can lead to the
omission or misrepresentation of small structures or subtle features.

2.2 Liver

As this project focuses on its segmentation, this sub-chapter provides relevant
information to better understand its main functions and relevance for study.

2.2.1 Definition

The liver is a vital organ located in the upper right quadrant of the abdomen,
beneath the diaphragm (Figure 4). It is the largest internal organ and gland in
the human body, weighing approximately 1.5 kilograms in an average adult.
Structurally, the liver is divided into two main lobes: the right lobe, which is
larger, and the left lobe. This organ is composed of specialized cells called
hepatocytes, which perform a myriad of essential functions that are crucial for
maintaining homeostasis and overall health [42].

—_ Small_ ‘
P intestine |

Figure 4. Anatomy of the liver. Source: [43].
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2.2.2 Importance

The liver plays a critical role in several processes, making it essential for human
survival. One of its primary functions is detoxification. The liver processes
toxins and drugs, rendering them harmless or facilitating their excretion from
the body. Additionally, it is responsible for the production of bile, which is
crucial for the digestion and absorption of fats and fat-soluble vitamins in the
small intestine [43][44].

The liver also performs an important function in metabolism. It regulates blood
sugar levels by storing and releasing glucose as needed and is involved in the
metabolism of proteins and lipids. Furthermore, the liver synthesizes essential
proteins such as albumin and clotting factors, which are vital for maintaining
blood volume and proper clotting function. The organ also stores vitamins and
minerals, including iron and vitamin A, and converts ammonia, a toxic
byproduct of protein metabolism, into urea for excretion.

2.2.3 Importance of Liver Studies

Studying the liver in detail is extremely important due to its critical functions
and the crucial impact of liver diseases. Liver diseases, including cirrhosis,
hepatitis, and liver cancer, are among the leading causes of death worldwide,
being estimated that about 2500 people die each year due to liver diseases
[45][40].

As Portugal is considered to be the 10th country in the world with the highest
alcohol consumption and alcohol is one of the main causes of liver diseases, the
Portuguese Society of Gastroenterology estimates a five-year mortality rate of
95% for people with liver diseases in Portugal, and liver cancer is the 5th leading
cause of death in Portugal according to the Directorate General of Health
(DGS) [47], mostly associated with men, approximately 75% [48].

These diseases not only affect millions of individuals, but also represent a
substantial burden on health systems.

Understanding the complex physiology and pathology of the liver is essential
for developing effective treatments and preventive measures. Advances in liver
research have the potential to improve diagnostic techniques, therapeutic
strategies, and patient outcomes. Additionally, studying the liver can provide
insights into related conditions, such as metabolic disorders, cardiovascular
diseases, and obesity, given the organ's integral role in metabolism and
detoxification.

2.2.4 Relevance of Liver Segmentation

At HUC, liver segmentation in medical imaging is paramount due to its critical
role in oncological treatment planning and progress monitoring [43][49][50].
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The complex vascular structure and vital functions of the liver necessitate
precise imaging to accurately localize and characterize tumors. This precision
enables tailored radiotherapy and surgical planning, ensuring effective treatment
while preserving healthy liver tissue. Furthermore, ongoing segmentation allows
for meticulous monitoring of treatment response and early detection of disease
progression, facilitating timely adjustments to therapeutic strategies. These
capabilities are essential for improving patient outcomes and advancing liver
cancer treatment. Despite its importance, liver segmentation in CT scans

remains a challenging task [51]-[55].
2.3 Artificial Intelligence in Healthcare

This sub-chapter provides a concise overview of how Al is transforming
healthcare by enhancing diagnostic and treatment methods. Through the
integration of Al into medical imaging, Al can analyze large volumes of medical
data to detect patterns and anomalies with greater accuracy than traditional
methods.

2.3.1 Definition

Al consists of a domain of science intended to provide computers with the
ability to perform functions such as logic, reasoning, organization, learning and
conceptualization [1]. It comprises methodologies such as ML, DL, and
computer vision (CV), which relationship is presented Figure 5.

- a ~

= y

Figure 5. Relationship between AI, ML, DL and CV.

Al methodologies include:

e ML: branch of Al focused on creating algorithms that improve
performance on tasks by learning from data patterns, without being
explicitly programmed.

e DL: subset of ML using Artificial Neural Networks (ANNs) with

multiple layers to automatically learn features from raw data.

e CV: branch of Al aimed at enabling computers to interpret and analyse
visual data from images or videos.
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These methodologies allow machines to perform tasks which usually require
human intelligence, involving the ability to reason, discover meaning,
generalize, or learn from previous experiences. In the context of healthcare, Al
concerns the use of these advanced algorithms and software to emulate human
cognition in the analysis, interpretation and understanding of complex medical

data [2].

Applying Al in healthcare involves many fronts, redefining the paradigms of
patient care through more accurate diagnosis, optimized treatment guidelines
and better patient management in various domains. On a specific front, Al
technologies are increasingly integrated into medical imaging, where they
interpret large sets of health data, identifying patterns and predicting health
outcomes with a level of precision and speed. This application not only aids in
the detection and characterization of diseases, but also in monitoring
progression and response to treatment, thus optimizing patient outcomes.

Other relevant concepts which might provide a broader understanding of the
scope of the project are automation and computational costs:

e Automation

Refers to applying technology to perform tasks with minimal (semi-automation)
or no (fully automation) human intervention. In the healthcare sector,
automation can simplify processes, reduce manual errors and increase the
efficiency of clinical workflows. In this regard, automated systems can manage
patient records, schedule appointments and even help optimize the diagnostic
procedure, allowing healthcare professionals focus on providing care to their
patients.

e Computational costs

Involve the resources needed to process and analyze the data, including time,
memory and power consumption. In the context of Al in healthcare,
computational costs can be high given the complex algorithms and large
datasets to be processed. The efficient management of these costs is essential
for guaranteeing that Al applications are effective and sustainable in clinical
contexts.

2.3.2 Convolutional Neural Networks

This sub-chapter introduces Convolutional Neural Networks (CNNs) and how
them can be used in applications such as image classification, object detection,
and segmentation.

2.3.2.1 Definition
CNNs are a subset of ANNs optimized for analyzing visual imagery. CNNs

consist of multiple layers, including the input layer, convolutional layer(s),
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pooling layer(s), and fully connected layer(s), each playing a crucial role in
feature extraction and transformation [50].

2.3.2.2 Architecture

An illustrative representation of the architecture is shown in Figure 6 [57]-[59].

Input image Convolution Pooling Convolution Pooling

+ +

Non-linearity Non-linearity Flatten Fully

K / connected
\/ . <

Feature learning Classification

\

Figure 6. Illustration of the general architecture of CNNs. Source: [56].

The main layers used to build CNNSs are:
1. Input layer

The input layer holds the raw input image data, with dimensions corresponding
to the width, height, and depth (number of color channels) of the image.

2. Convolutional layer(s)

This layer applies filters to the input images, extracting features and creating

feature maps. The filters are small matrices, and their sliding over the input

image computes the dot product between the filter weights and the image patch.
3. Pooling layer(s)

Pooling layer(s) reduce the size of the feature maps, making computations more
efficient and helping to prevent overfitting. Max pooling and average pooling
are common techniques used to achieve this.

4. Flattening

After the convolution and pooling layer(s), the feature maps are flattened into
a one-dimensional vector to be passed into fully connected layers for
classification or regression tasks.

5. Fully connected layer(s)

Fully connected layer(s) take the flattened input and perform the final
classification or regression tasks. Each neuron in this layer is connected to every
neuron in the previous layer.
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2.3.2.3 Training and Weight Optimization Processes

After the forward pass through the CNN's layers, the network employs
backpropagation to optimize its weights, calculating the gradient of the loss
function with respect to each weight using the chain rule, iterating backwards
trom the output layer to the input layer. The gradients are then used in gradient
descent algorithms, such as Adam (Adaptive Moment Estimation) or RMSprop
(Root Mean Square Propagation), to update the weights and minimize the loss
function.

The entire dataset is passed through the network multiple times, with each
complete pass called an epoch, allowing for iterative weight adjustments. The
learning rate, a crucial hyperparameter, determines the size of these weight
updates. Additionally, regulatization techniques like I.1/L.2 regularization or
dropout are often employed to prevent overfitting and improve the
generalization capabilities of the model. Through this iterative process of
forward passes, error calculation, backpropagation, and weight updates across
multiple epochs, the CNN gradually refines its weights to minimize the loss
function and enhance its performance on the given task.

2.3.2.4 Main Strengths and Weaknesses

Although CNNs have been increasingly used, they present both advantages and
limitations [60]. Table 2.1 summarizes the main advantages and disadvantages
of using CNNs, providing a balanced view of their capabilities and challenges.

Table 2.1. Advantages and disadvantages of using CNNs.

Advantages Disadvantages
e Good capability of detecting patterns | ® Training CNNs can be computationally
and features in images, videos, and | expensive and memory intensive.
audio signals. e Prone to overfitting if not enough data or
e Capable of end-to-end training, | proper regularization techniques are used.
eliminating the need for manual | @ Requires large amounts of labeled data for
feature extraction. effective training,
e Efficiently handles large amounts of | e Limited interpretability, making it challenging to
data and achieves high accuracy. understand what the network has learned.

2.3.3 Ground Truth

Ground truth in Al refers to the actual reality that a model aims to replicate or
predict. It is essentially the target for training or validating models using labeled
datasets. During the model inference phase, predictions are compared to the
ground truth to evaluate the performance of the model. Creating ground truth
datasets involves tasks like data labeling, model design, and training/testing.
These datasets are usually annotated manually by experts, ensuring the data is
accurate and reliable. This accurate data annotation is critical, particularly in
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medical imaging, where precise labeling directly impacts the effectiveness of
ML algorithms in diagnosing and understanding health conditions [61]-[63].

In medical imaging, ground truth datasets are invaluable. They consist of
various types of medical scans, which are annotated to provide a reference for
training models. High-quality ground truth datasets in medical imaging are
essential because they enable ML and DL models to learn and recognize
patterns within medical images, thereby aiding in the diagnosis and treatment
of diseases. The process of creating these datasets is complex due to the need
tfor diverse and high-resolution images that come with extensive metadata and
clinical reports.

The application of ground truth in medical imaging involves using these well-
annotated datasets to train Al models. These models are then employed to assist
medical professionals in making more accurate diagnoses by recognizing
patterns and anomalies in medical images that might be difficult to detect
manually. High-quality datasets, which include images from various sources and
devices, enhance the ability of the model to generalize and perform well in real-
wortld scenarios. This reduces the risk of biases and errors, leading to better
patient outcomes. Consequently, the effort put into creating and validating
ground truth datasets is critical, as it forms the foundation for developing
reliable and effective medical imaging models.

2.3.4 Application in Medical Image Segmentation

The number of publications using Al techniques to analyze static medical
images has risen from hundreds to thousands in recent years. This growth is
driven by the pattern-recognition demands of diagnostic tasks and the
availability of organized images. Key applications in medical imaging include
denoising, dose reduction, automatic segmentation, case triage, and image
restoration [58][61]-[64].

The application of medical image segmentation spans various medical fields,
impacting areas such as radiology, gastroenterology, histology, ultrasound
imaging, and cancer detection. For instance, in radiology, Al-based
segmentation helps in processing vast amounts of images from X-rays, CT
scans, and MRIs, enabling more accurate and scalable diagnostic capabilities.
Similarly, in gastroenterology, segmentation techniques can improve the
detection of conditions like cancerous polyps and ulcers, often identifying
issues that might be overlooked by human specialists. Histology benefits from
segmentation by accurately applying staining protocols, thus aiding in the
detailed analysis of tissue samples [65].

Additionally, the need for large, accurately labeled datasets necessitates
extensive manual annotation, which is both time-consuming and expensive.
Ensuring data quality and managing the vast amounts of data involved in
training and validating these models further complicates the process.

19



Stephanie Alexandra Batista Nifio

Addressing these challenges is crucial for the successful integration of Al in
medical image segmentation, ultimately enhancing diagnostic accuracy and
improving patient outcomes.
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3 REVIEW OF IMAGE SEGMENTATION TECHNIQUES AND
EVALUATION METHODS

The present chapter contains the methodology adopted in order to carry out
the analysis of studies and works related to liver segmentation in CT scans, the
description of the medical imaging segmentation techniques considered for the
literature review, the selected studies that were considered for the review of the
state of the art, the commercialized software that was used by HUC during a
trial period and, finally, a comparison of some public DICOM viewers.

3.1 Image Segmentation Techniques

The evolution of image processing technologies has given rise to a spectrum of
segmentation categories. Inspired by existing segmentation techniques, authors
in [66] noted that these methods can be systematically classified. While common
types like instance and semantic segmentation stand alone, other techniques
often involve ANNSs, thresholding, clustering, or other region/edge-based
approaches. Table 3.1 presents a brief description of each segmentation
category, emphasizing their main advantages, and disadvantages, and presents
some application details [23].

3.2 Performance Evaluation Metrics

There are two main types of evaluation metrics of segmentation performance,
region-based and contour-based metrics. Examples of illustration of the
original image and its respective ground truth and automatic segmentation is
presented in Figure 7, with True Positives (TP) in green, True negatives (TN)
in blue, False negatives (FN) in red, False positives (FP) in orange. Specific
information related to the evaluation metrics can be found in Appendix H and
Appendix I related to the presentation given at the ICMASC conference.

a a
(b) (c) (d)

Figure 7. Illustration of image segmentation results. (a) Original image. (b) Ground truth
segmentation. (c) Automatic segmentation. (d) Classification outcomes.

For 2D scans, these metrics are calculated based on the value of the pixels
(picture elements). In the case of 3D scans, the metrics consider voxels (volume
pixels). Voxels are analogous to pixels in 2D scans. Each voxel contains a value
that represents some property (such as color, density, or intensity) in the 3D
space.
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Table 3.1. Comparison of segmentation categories.

Category Description Main advantages Main limitations Applicability
Threshold | Segments based on | Simple, fast, easy to | Sensitivity to threshold | Commonly used in cases where clear
intensity thresholds implement selection, suffers from noise | intensity differences between the
and artifacts Region of Interest (ROI) and other
regions exist
Cluster | Segments based on | Efficient grouping and | Sensitivity to initialization and | Useful for identifying patterns and
similar data patterns | identification of similar | noise, limited to specific data | groups within the data, but may
or clusters data patterns distributions struggle with irregular shapes
Edge Segments based on | Accurate delineation of | Sensitive to noise, difficulties | Suitable for images with clear organ
intensity  transitions | organ boundaries and | with  capturing  complex | boundaries and well-defined edges, but
between regions structures structures may struggle with low-contrast areas
Region | Segments based on | Simple implementation, | Sensitive to initialization Often used in  cases where
homogeneous regions | intuitive methodology interpretability is a concern, but may
within an image struggle with fine details
Semantic | Segments based on | Pixel-level segmentation, | Complexity in implementation, | Suitable for segmenting anatomical
semantic meaning of | fine-grained  structural | resource-intensive, and | structures with distinct features
pixels detail computationally demanding
Neural Learns models to | High accuracy, efficient | Requires large training datasets, | Suitable for various types of data due to
Network | segment images based | learning from data computationally intensive its flexibility and adaptability

on learned features
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Research on liver segmentation in medical imaging demonstrates promise, yet
the lack of consistent evaluation metrics is often overlooked. The upcoming
analysis will prioritize examining these metrics, focusing on those commonly
used in automatic segmentation studies. The selected studies for the analysis of
the evaluation metrics most commonly used, dated between 2014 and 2024,
employ fully automatic liver segmentation techniques and metrics aligned with
those in related works (Table 3.2). The research was sourced from Google
Scholar, Scopus, and Association for Computing Machinery Digital
Library (ACM Digital Library), using keywords like “Liver Segmentation” and
“Segmentation Technigues” to identify relevant studies.

Table 3.2. Summary of segmentation methods and main performance metrics used in the
selected studies.

Author Year | Main metrics used
Platero et al. [67] 2014 | DSC
Mostafa et al. [6§] 2015 | Accuracy
Dou et al. [69] 2016 | ASSD; VOE
Chartrand et al. [70] 2017 | DSC
Christ et al. [15] 2017 | DSC
Zhang et al. [71] 2017 | DSC
Rafiei et al. [72] 2018 | DSC
Hiraman [73] 2018 | ASSD;MSSD;VOE
Ahmad et al. [74] 2019 | DSC
Wang et al. [75] 2019 | DSC
Lebre et al. [76] 2019 | DSC
Almotairi et al. [77] 2020 | Accuracy
Ayalew et al. [78§] 2021 | DSC
Pettit et al. [79] 2022 | Accuracy
Sabir et al. [80] 2022 | Accuracy; DSC; Precision
Scicluna [81] 2022 | ASSD; DSC; MSSD
Olivares et al. [82] 2023 | Accuracy; DSC
Ezzat et al. [83] 2023 | Accuracy
Shao et al. [84] 2024 | ASSD; DSC; Precision

ASSD: Average Symmetric Surface Distance DSC: Dice Similarity Coefficient
MSSD: Maxium Symmetric Surface Distance ~ VOE: Volumetric Overlap Error

As a result, the most commonly used metrics in these studies were the ones
shown in Figure 8, which have been selected for analysis in this sub-chapter.
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Studies that used a certain evaluation metric (%)

Accuracy
ASSD
Dsc 68.42
MSSD

Precision

VOE

0 10 20 30 40 50 60 70
Figure 8. Distribution of the metrics used in the selected studies.
3.2.1 Region-based Metrics

As previously mentioned, region-based metrics assess the correctness of the
area covered by segmentation, regardless of contour precision (Figure 9).

Figure 9. Region-based illustration.

These include Accuracy, Precision, Dice Similarity Coefficient (DSC), and
Volume Overlap Error (VOE).
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3.2.1.1 Accuracy

The accuracy is calculated as the ratio of the number of correctly identified
pixels/voxels (both liver and non-liver) to the total number of pixels/voxels in
the image or volume of interest. In mathematical terms, accuracy can be defined

as presented in Equation (2) [85][86]:

. TP + TN )
Y = TP Y FP + TN + FN @

where:

e TP (True Positives) are the pixels/voxels correctly identified as liver
tissue by both the algorithm and the ground truth.

e TN (True Negatives) are the pixels/voxels correctly identified as non-
liver tissue by both the algorithm and the ground truth.

e FP (False Positives) are the pixels/voxels incorrectly identified as liver
tissue by the algorithm but not by the ground truth.

e FN (False Negatives) are the pixels/voxels incorrectly identified as
non-liver tissue by the algorithm but identified as liver tissue by the
ground truth.

Figure 10 illustrates the calculation of the accuracy metric in order to translate
the mathematical equation into a visual explanation.

w

W

Figure 10. Ilustration of the calculation of accuracy, with TP in green, TN in blue, FN in
red, and FP in orange.

Accuracy provides a general overview of the segmentation performance,
combining both the true positive rate (sensitivity) and the true negative rate
(specificity) into a single measure. A high accuracy value, close to 1 (or 100%
when expressed as a percentage), indicates a high level of agreement between
the segmentation of the algorithm and the ground truth, implying an effective
segmentation performance. Conversely, a lower accuracy value suggests
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discrepancies between the output of the algorithm and the ground truth,
highlighting potential areas for improvement in the segmentation process.

3.2.1.2 Precision

Precision is focused on the quality of the positive predictions made by the
segmentation algorithm, meaning it assesses the proportion of pixels/voxels
correctly identified as liver tissue out of all the pixels/voxels classified as liver
by the algorithm [86]. Mathematically, the precision metric is defined as
presented in Equation (3):

TP

Precision = ————— (3
recision = 5——0

Figure 11 illustrates the calculation of the precision metric in order to translate
the mathematical equation into a visual explanation.

Figure 11. Illustration of the calculation of precision, with TP in green, and FP in orange.

A high precision indicates that a large majority of the pixels/voxels labeled by
the segmentation algorithm as part of the liver are indeed liver tissue according
to the ground truth. This implies that the algorithm is effective in avoiding over-
segmentation, where non-liver tissues are mistakenly included within the
segmented region of the liver.

3.2.1.3 Dice Similarity Coefficient

The DSC metric for assessing the performance of liver segmentation algorithms
in CT scans, also known as the Serensen-Dice coefficient/index or Dice
coefficient, is a widely used evaluation metric in the field of medical imaging
[86][87]. The DSC equation is presented in Equation (4):

_ 2%|SNG|

DSC = )
S|+ 1G|

whetre:

26



2D Liver Segmentation in Abdominal Computed Tomography Scans

e |S NG| tepresents the intersection, or the common pixels/voxels,
between the segmented liver region S and the ground truth G. This
intersection quantifies the number of pixels/voxels accurately identified
as liver tissue by the segmentation algorithm.

e |S| and |G| denote the total number of pixels/voxels within the
segmented liver region and the ground truth, respectively.

Figure 12 illustrates the calculation of the DSC metric in order to translate the
mathematical equation into a visual explanation.

2x'
Q-0

Figure 12. Illustration of the calculation of DSC, with TP in green, FN in red, and FP in
orange.

The DSC ranges from 0 to 1, where O indicates no overlap between the
segmented liver and the ground truth (indicating poor segmentation
performance), and 1 represents perfect alignment or overlap (indicating ideal
segmentation accuracy).

3.2.1.4 Volumetric Overlap Error

VOE is expressed as a percentage, representing the proportion of the total
volume that does not overlap between the segmentation of the algorithm and
the ground truth [88]. In 2D images, this is often referred to as the Area Overlap
Error (AOE) or simply the overlap error, and it works on the same principle of
comparing areas instead of volumes. It is calculated using the Equation (5):

1SNG|

VOE = (1 ~ 150G

)*100% 5)
where:

e |S NG| denotes the intersection between the segmented liver region S
and the ground truth G, as above.

e |S UG| signifies the union of S and G, encompassing all the
area/volume identified as liver tissue by either the segmentation
algorithm or the ground truth.
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Figure 13 illustrates the calculation of the VOE metric in order to translate the
mathematical equation into a visual explanation.

o

Figure 13. Hlustration of the calculation of VOE, with TP in green, TN in blue, FN in red,
and FP in orange.

A lower VOE indicates a higher degree of overlap between the segmented liver
and the ground truth, reflecting a more accurate segmentation. Conversely, a
higher VOE points to a greater discrepancy between the segmented region and
the ground truth, signaling potential inaccuracies in the segmentation algorithm.

3.2.2 Contour-based Metrics

Also, as previously mentioned, contour-based metrics measure the correctness
of boundary delineations (Figure 14).

Figure 14. Contour-based illustration.

These include Average Symmetric Surface Distance (ASSD) and Mean
Symmetric Surface Distance (MSSD).
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3.2.2.1 Average Symmetric Surface Distance

ASSD is calculated by measuring the average distance from the surface points
of the segmented liver to ground truth [87][88]. To ensure symmetry and a
comprehensive evaluation, this process is often performed in both directions:
from the segmented liver to the ground truth and vice versa. This bidirectional
approach ensures that the metric accounts for all discrepancies, not just the
most favorable ones. The ASSD equation is as presented in (6):

1 ( N .,d(S;,6) N YL, d(G;, 5)> ©

ASSD = =
D=5 N M

where:
e S denotes a point on the segmented liver surface.
e G;jdenotes a point on the ground truth liver surface.

e d(S;, G) is the shortest distance from the point S; on the segmented
surface to any point on the ground truth surface G.

e d(G;j, S) is the shortest distance from the point G; on the ground truth
surface to any point on the segmented surface S.

e N is the total number of points on the segmented liver surface.

e M is the total number of points on the ground truth liver surface.

Figure 15 illustrates the calculation of the ASSD metric in order to translate the
mathematical equation into a visual explanation.

N° of points

Figure 15. Ilustration of the calculation of ASSD, with TP in green, TN in blue, FN in red,
and FP in orange.

The ASSD value provides a numerical representation of the segmentation
performance, with lower values indicating a better alignhment between the
segmented liver and the ground truth.
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3.2.2.2 Maximum Symmetric Surface Distance

Maximum Symmetric Surface Distance (MSSD), also known as the Symmetric
Hausdotrff Distance, measures the maximum distance between the surfaces of
the segmented liver region and the ground truth. MSSD focuses on the worst-
case scenario by identifying the largest single discrepancy between the two
surfaces [87]([88].

The computation of MSSD involves calculating the maximum distance from
any point on the segmented liver surface to the closest point on the ground
truth surface and vice versa. This ensures that the metric captures the most
impactful errors in segmentation, regardless of their direction. The MSSD is
mathematically defined as follows in Equation (7):

max min d(s;,G;), max min 4(G,s; 7
MSSD = max(ES]EG( )EG ES(l )) ()
where:

e S represents a point on the surface of the segmented liver region.

e G; represents a point on the surface of the ground truth liver region.

e d(S;, Gj) denotes the Euclidean distance between a point S; on the
segmented surface and a point Gj on the ground truth surface.

e d(G;, S denotes the Euclidean distance between a point Gj on the
ground truth surface to a point S; on the segmented surface.

Figure 16 illustrates the calculation of the MSSD metric in order to translate the
mathematical equation into a visual explanation.

W

Figure 16. Ilustration of the calculation of MSSD, with TP in green, TN in blue, FN in red,
and FP in orange.

MSSD is expressed in physical units, such as millimeters, reflecting the spatial
resolution of the CT scans. A lower MSSD value indicates a closer match
between the segmented liver and the ground truth, signifying higher
segmentation accuracy. Conversely, a higher MSSD wvalue points to
discrepancies between the segmented and ground truth surfaces, highlighting
areas where the segmentation algorithm may need improvement.
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3.2.3 Findings

Table 3.3 presents an overview of the metrics, along with their main advantages
and shortcomings. Despite some studies validating the effectiveness of these
metrics in tackling common challenges such as under-segmentation (Figure 17
(a)) and over-segmentation (Figure 17 (b)), which often appears when the HU
of liver is close to the HU of other tissues or background, there remains an
evident need for the adoption of standardized metrics in the field.

e Under-segmentation

Represents when the regions within an image have not been sufficiently
segmented, leading to the merging of regions that should be separate.

e Over-segmentation

Occurs when the regions within an image are divided into too many segments,
creating unnecessary and small regions that should be combined.

--
--

Figure 17. Common segmentation challenges. (a) Under-segmentation.
(b) Over-segmentation.

It is considered ideal to use at least one metric within each type of evaluation
metric (region and contour). The introduction of such standards would greatly
advance segmentation studies by highlighting key aspects, allowing for direct
comparisons across various methods, and improving the reliability and
effectiveness of automated liver segmentation in medical imaging.
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Table 3.3. Summary of the main evaluation metrics used by automatic liver segmentation studies.

Category | Definition Main advantages Main disadvantages

Accuracy | Measures the proportion of correctly identified voxels ®Provides a comprehensive overview of ® May be misleading in datasets with a large
(both liver and non-liver) to the total number of voxels, the segmentation performance. imbalance between liver and non-liver
encompassing true positives and true negatives. ®Easy to calculate and interpret. voxels.

® Does not specifically focus on liver tissue
accuracy.

ASSD Calculates the average distance between corresponding | ®Offers  a  detailed  assessment  of ® More complex to compute and interpret
points on the surfaces of the segmented liver region and boundary accuracy. compared to overlap-based metrics.
the ground truth, in both directions. e Highlights discrepancies in the surface | ® Can be influenced by outliers or extreme

alignment of the segmentation. values.

DSC Measures the overlap between the segmented liver ®Provides a clear, straightforward eMight not  fully capture small
region and the ground truth, calculated as the size of the measure of segmentation accuracy. discrepancies in boundaty delineation.
intersection divided by the average size of the two | @Fasy to interpret and widely used in | ® Can be overly optimistic in cases of large
regions. medical imaging. overlap but poor boundary alignment.

MSSD Determines the maximum distance between any point | ®Identifies the worst-case scenario in | ® Focused on the maximum error,
on the segmented liver surface and the nearest point on segmentation discrepancies. potentially overlooking overall
the ground truth surface, and vice versa. ®Uscful for assessing the reliability of segmentation quality. N

segmentation in critical areas. eCan be overly punitive fo'f generally
accurate segmentations with —minor
outliers.

Precision | Assesses the proportion of voxels correctly identified as ® Highlights the ability of the algorithm to ® Does not account for missed liver tissue
liver tissue out of all voxels classified as liver by the avoid over-segmentation. (false negatives).
algorithm. e Crucial for applications where precision | ® Can be mlslead'lng if the algorithm is

is more important than recall. overly conservative.

VOE Quantifies the volumetric discrepancy between the ®Directly related to clinical relevance, ® Can be sensitive to the size of the liver,

segmented liver region and the ground truth, expressed
as a percentage of the non-overlapping volume to the
union volume.

reflecting the actual volume error.

® ntuitive and easy to understand.

with larger livers potentially showing
higher absolute errors.
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3.3 Literature Review

The literature review is organized into four main sections. It begins with a
description of the research methodology in sub-chapter 3.3.1, followed by a
brief overview and comparison of the public datasets used in the selected
studies in sub-chapter 3.3.2. Sub-chapter 3.3.3 provides a historical perspective
on the evolution of liver segmentation methods in medical imaging. Finally,
sub-chapter 3.3.4 presents an analysis of the findings from the literature review
in, analysing the main insights and gaps identified throughout the research
process.

3.3.1 Research Methodology

This sub-chapter outlines the approach taken in conducting a systematic review
of the literature. Details such as data sources, search queries, and inclusion and
exclusion criteria can be found in Appendix E.

Once inclusion and exclusion criteria were applied to the data source tool, it
was ensured that the studies selected were relevant to the research questions
and met the needs of the project.

The oldest paper dates back to 1990 and the most recent to 2024. A
representative paper was chosen for each year, with a potential total of 35
studies selected (the most relevant per year between 1990 and 2024, based on
their content and results). A distribution of the total number of studies retrieved
per year is given in Figure 18. As can be seen, some years do not have any
studies, and thus a total of 30 documents were finally included in the historical
review. It is also clear that interest in the topic has increased over the years.

125
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Figure 18. Distribution of the retrieved studies over the years.
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A Word Cloud constructed from the titles of the selected studies is shown on
the left side of Figure 19. On the right side is a pie chart showing the number
of journals, conference proceedings and reports.
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Figure 19. Characterization of the selected studies.

Figure 20 shows the selected studies categorized by image segmentation
techniques according to the taxonomy of Sakshi and Kukreja (2023) [606].

il

Number of studies

Neural Network-based Region-based Edge-based Threshald Segmentation  Semantic Segmentation Cluster-based Several
Segmentation Segmentation Segmentation Segmentation

Figure 20. Selected studies distribution according to the categories of image segmentation
techniques.

3.3.2 Public Datasets

The most common public datasets used for liver segmentation on CT scans
include 3D-IRCADDBO1, LiTS17, MICCAI-SLiver07 and Combined Healthy
Abdominal Organ Segmentation (CHAOS). Based on the comparison of the
most used public datasets provided by Al-Saeed et al. [90], adding the CHAOS
dataset (shown in Table 3.4), it is possible to identify several key differences
that may have implications for data processing and analysis, such as different
formats and differences in resolution between datasets which may require
different approaches to processing and interpretation.
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Table 3.4. Essential information of each public dataset used by the studies analyzed.

Number of Number of slices )
Dataset Format Resolution
scans per scan

3D-IRCADbBO1
[91] DICOM 20 74 to 260 slices 512x512
CHAOS [92] DICOM 40 77 to 105 slices 512x512
MICCAI-

2 11 12x512
Sliver07 [93] RAW 30 74 to 260 slices 512x5
LiTS17 [94] RAW 200 42 t0 1024 slices | ¥ ALY through

subjects

3.3.3 Historical Overview

As mentioned in sub-chapter 3.3.1, one study per year between the years 1990
and 2024 was selected, summing to a total of 35 documents. For five years the
search retrieved no results (see Figure 18) resulting in 30 documents.
Unfortunately, the full text of two works was not available. The remaining 28
documents can be found in Appendix E, as well as the analysis of other studies
review.

3.3.4 Findings

The most recent of the review studies found dates from 2022. One of the
contributions of this work is to present a more up-to-date view of the works
published since then. In addition, none of the other works presents a historical
perspective on the subject, starting from 1990, as is the case with the present
review.

A summary of the studies reviewed in sub-chapter 3.3.3 is given in Table 3.5.
The columns of the table contain the following information: identification of
each study (column _Awthors); publication year (column Year); general category
or approach used in the segmentation method as defined in [66] (column
Segmentation Category); the specific segmentation technique or algorithm (column
Method); whether the method is fully automatic or semi-automatic (column
Auntomation Level); whether the segmentation is performed in 2D or 3D (column
Dimensionality); the dataset used for evaluation (column Dataset); and the key
results of the best segmentation method in each paper (column Results).
Graphical depictions of the metrics used in one or more studies are shown in

Figure 21.
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Figure 21. Summary of the quantitative results presented in the reviewed documents.
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Itis clear from Table 3.5 that prior to 2016 there was no predominant category.
Region-based  Segmentation, Edge-based  Segmentation,  Threshold
Segmentation, Semantic Segmentation, Cluster-based Segmentation and even
combinations of several methods were tried. However, since 2016, Neuronal
network-based techniques have dominated the field. Remembering the huge
impact that AlexNet [117] had in winning the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC) in 2012 [118], it is clear that liver
segmentation in CT scans took a few years to catch up with the state of the-art
research. This is probably due to the arrival of U-Net [119], which was proposed
in 2015, and is specifically designed for biomedical image segmentation.

In terms of automation, both fully automated and semi-automated techniques
have been explored (Figure 22). While it is nice to have fully automatic, accurate
and fast techniques, the final decision should always belong to the specialist.
Thus, the development of fully automatic methods for contour initialization is
advocated, together with the development of intuitive tools that allow
specialists to modify the fully automatically generated contour, if they feel the
need to do so. This point of view is in line with current clinical practice, where
the specialist follows contouring guidelines from respected entities such as the
European Society for Radiotherapy and Oncology, the American Society for
Radiation Oncology, or the Global Harmonization Group [120], while being
allowed to use built-in auto-delineation and interpolation tools [121]. Therefore,
it is agreed with Sarria et al. [121] in that, while Al can improve the accuracy
and consistency of contouring, it cannot replace the knowledge and clinical
judgement of radiation oncologists, physicists, or radiation therapists. Al should
be used as a tool to support and optimize clinical decision-making and not as a
substitute for human expertise.

Semi- 18%
automatic
Fully— 799,
autamatic
Both 3%
0% 20% 40% B0% 80%

Figure 22. Percentage of studies according to their level of automation (semi-automatic,
fully automatic or both).
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Table 3.5. Summary of reviewed studies.

Segmentation

Level of

Author Year Method . Dimensionality Dataset Main results
category automation
Bae etal. [95] 1993 | Threshold Gray-level Semi- 2D Private 0.985 DSC with mean percent
Thresholding automatic error within 10%.
Gao et al. [96] 1996 Edge Parametrically Fully 3D Private 13.2% of the results required
deformable contour | automatic user modifications
model
Soler et al. [97] 1997 Region Deformable models Fully 3D Private Claimed to be comparable to
automatic manual segmentations
Yoo et al. [98] 2000 | Threshold Threshold Fully 2D Private 3.41% error
automatic
Pan and 2001 Edge Level sets Fully Both Private [0.874,0.963] average similarities
Dawant [99] automatic
Saitoh et al. [100] | 2002 | Threshold Threshold Fully 3D Private ~20 minutes computation time
automatic
Masumoto et al. | 2003 Region Differences between Fully 3D Private Volume ratio of 67% on average
[101] time-phase images automatic and 32% in the worst cases
Lim et al. [102] 2004 Region Watershed Fully 2D Private Only qualitative
automatic
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Segmentation

Level of

Author Year Method . Dimensionality Dataset Main results

category automation

Liu et al. [103] 2005 Edge GVF snake Semi- 2D Private 5.3% median value of the
automatic difference ratios
Lim et al. [104] 2006 Semantic Labeling-based Fully 2D Private 96% average correctness; 3%
search automatic average error rate
Beichel et al. 2007 Region Graph cuts Semi- 3D Private 5.2% AOE
[105] automatic
Massoptier and | 2008 Edge Active contour Fully 3D Private 94.2% mean DSC
Casciaro [100] automatic
Heimann et al. 2009 Several Majority Voting Both Both Private 5% Overlap error; -0.7 Volume
[53] difference; 0.8 ASSD; 1.7 RMS
distance; 19.1 MSSD
Akram et al. 2010 | Threshold Global Threshold Fully 3D Private 0.96 average accuracy; 0.0017
[107] automatic std; 96% accurately segmented;
4% poorly segmented
Oliveira et al. 2011 Edge Level sets Semi- 2D SLiver(7 82.05 overall score
[108] automatic
Linguraru etal. | 2012 Region Graph cuts Fully 3D Private; 2.2VOE
[109] automatic MICCAI-
SLiver(7
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Author Year Segmentation Method Level (?f Dimensionality Dataset Main results

category automation

Li et al. [110] 2013 Edge Fuzzy clustering and Fully 2D Private 0.9986 average accuracy; 0.9989

level set automatic average specificity
Platero et al. [67] | 2014 Region Graph cuts Semi- 3D MICCAI- 76.3 maximum score; 0.973
automatic SLiver(07 DSC

Mostafa et al. 2015 Cluster ABC optimization Fully 2D Private 93.73%  accuracy;  84.82%

[68] automatic average SI

Dou et al. [69] 2016 Neural 3D DSN Fully 3D MICCAI- | 5.42% VOE; 0.79mm ASSD
Network automatic SLiver(07

Christ et al. [15] | 2017 Neural CFCN Fully 2D 3D-IRCADDb- | 94.3% mean DSC
Network automatic 01

Hiraman [73] 2018 Neural CNN Fully 2D MICCAI- 12.07% average VOE; -1.96%
Network automatic SLiver07 RVD; 2.25mm ASSD; 2.60mm

RMSD; 43.01mm MSSD

Wang et al. [75] | 2019 Neural CNN Fully 3D Private 0.94 £ 0.06 DSC
Network automatic

Almotairi et al. 2020 Neural SegNet Fully 3D 3D-IRCADDb- | 94.57% overall accuracy

[77] Network automatic 01

Ayalew et al. 2021 Neural U-Net Fully 2D 3D-IRCADb- | 0.9612 DSC

[78] Network automatic 01; LiTS
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Author Year Segmentation Method Level (?f Dimensionality Dataset Main results
category automation
Scicluna [81] 2022 Neural U-Net and Fully 2D CHAOS 85.84 mean score; 97.85 DSC;
Network VGG16UNetC automatic 80.33 RAVD; 94.80 ASSD;
70.38 MSSD
Ezzat et al. [83] | 2023 Neural CNN Fully 2D Private 98.80% accuracy
Network automatic
Shao et al. [84] 2024 Neural AC-Net Fully 3D Private; LiTS | 0.90 DSC; 0.82 JC; 0.92 recall;
Network automatic 0.89 precision; 11.96 HD; 4.59
ASSD

ABC: Artificial Bee Colony

AC-Net: Attention Connect Network
ASSD: Average Symmetric Surface
Distance

CFCN: Cascaded fully CNN

CNN: Convolutional Neuronal Network
DSC: Dice Similarity Coefficient

DSN: Deeply Supervised Network

GVF: Gradient Vector Flow
HD: Hausdorff Distance
JC: Jaccard Coefficient
MSSD: Maximum Symmetric Surface Distance
NN: Neuronal Network
r: Correlation Coefficient
RAVD: Relative Absolute Volume Difference
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Both 2D and 3D methods have been developed — see Figure 23. The 3D liver
segmentation methods present two main advantages. On the one hand, fully
3D methods would make use of more contextual information and thus
potentially provide better segmentations. On the other hand, the development
of fully 3D techniques would avoid the need of the slice-based methods to
ageregate all of the segmentations into a coherent volume. This aggregation
could not only lead to errors and anatomically incorrect structures but would
also increase computational time. Although the advantages of 3D methods are
recognized, their disadvantages are also recognized, such as notably increased
complexity of implementation, the need for more computational resources and
possibly lower efficiency, increased data requirements, and difficulties in
visualization. The choice must be an informed one and made on a case-by-case
basis.

Figure 23. Percentage of studies according to their dimensionality of the image (2D versus
3D).

Data availability is a major concern, as most methods use private datasets
(Figure 24). This inhibits reproducibility of the results. In addition, researchers
who do not have access to hospitals or other facilities with CT scanners, cannot
develop new techniques for this particular problem. It is advocated to make the
data available, while respecting all the ethical considerations that are important
when dealing with medical data and properly anonymizing any sensitive
information. Some notable exceptions to publicly available datasets were
previously listed in the sub-chapter 3.3.2.

Both

10,0%

Fublic

Private

Figure 24. Percentage of dataset types.
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The most common public datasets used in studies of liver segmentation on CT
scans include 3D-IRCADbO1, LiTS17, MICCAI-SLiver07 and CHAOS (Figure
25).

Number of studies

CHACS

3D-IRCADb-01 MICCAI-SLiver07

Figure 25. Number of studies using each public dataset.
3.4 Commercial Automated Segmentation Software Solutions

This sub-chapter seeks to evaluate and compare the three commercial
automatic segmentation software solutions considered by the Department of
Radiotherapy of the HUC: Annotate, Contour+ and Limbus Contour. Each of
these platforms provides functionalities designed to improve processing times
and the reliability of segmentation in abdominal CT scans, a common
procedure in radiotherapy planning. The information presented in this sub-
chapter is based on research carried out during the course of this project by me
via the companies official websites, public pre-market notification information
from the FDA.

3.4.1 Annotate by Therapanacea

Provides a labeling tool designed to enhance the precision of radiation therapy
planning. The software is engineered to automatically segment anatomical
structures and pathological areas from CT scans, allowing the user to edit
manually and semi-automatically the contours for the ROIs. It is a web platform
that can be launched from Google Chrome or Mozilla Firefox [122][123].

3.4.2 Contour+ by MVision Al

Contour+ is a software system for image analysis algorithms to be used in
radiation therapy treatment planning workflows. The system includes
processing tools for automatic contouring of CT scans. The produced
segmentation templates for ROIs must be transferred to appropriate image
visualization systems as an initial template for a medical professional to
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visualize, review, modify and approve prior to further use in clinical workflows.
This software is not intended for use with real-time adaptive planning
workflows, and it is operated either by the manufacturer in the cloud of the
manufacturer or by a healthcare provider in the healthcare I'T network of the

provider [124][125].
3.4.3 Limbus Contour by Limbus Al

Limbus Contour is an application for automatic contouring (segmentation) of
CT/MRI DICOM images intended to be used by trained medical professionals
to derive contours for input to radiation treatment planning. Limbus Contour
does not display or store DICOM images and relies on existing radiotherapy
treatment planning systems and DICOM image viewers for display and
modification of generated segmentations. It is a stand-alone package which
operates on Microsoft Windows operating system [126][127].

3.4.4 Comparison

Based on the detailed comparison table for the automated segmentation
software present in Table 3.6, it is possible to observe that each of the software
considered by the HUC has its particular advantages, they collectively
underscore the role of Al-driven tools in improving the efficiency and accuracy
of medical imaging segmentation.

Table 3.6. Comparison between the different commercial software solutions considered by
HUC.

Aspect to Compare Annotate Contour+ Limbus Contour

Segmentation precision | High precision with

robust contour

High precision High precision

adaptation
Processing Speed =~ 3 minutes per scan in real-world scenarios
Pricing ~ 40 euros per scan
Scalability Well-suited for large | Ideal for medium to | Adaptable to
hospital networks large-scale settings various hospital
sizes
User needs Designed for Best for routine and | Suited for
complex cases repetitive tasks; customizable
needs minimal workflows in
interaction research-oriented
settings
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Aspect to Compare

Annotate

Contour+

Limbus Contour

Clinical outcomes
impact

Enhances accuracy
treatment planning

Focus on reducing
planning time

Promotes
consistent
treatment planning

Advantages Advanced Streamlined High
algorithms for high | workflow customization;
adaptability; integration; low supports a wide
excellent for operational training | range of imaging
complex anatomical | required modalities
variations
Disadvantages Higher cost might May not handle rare | Requires initial
limit accessibility for | anatomical cases setup
smaller institutions effectively customization
which can be time-
intensive

3.5 Public DICOM Viewers

For the scope of this project, an assessment of the best approach for presenting
the segmentation results has also been conducted, whether through a public
DICOM viewer or through a self-developed application. A comparison initially
made by [128] in 2016 but updated during the year 2024 within the
implementation of this project between the different viewers is presented in
Table 3.7, making it easier to choose which of them could be the best viewer to
be used. The choice depended on the needs raised, as presented in sub-chapter
7.1 under requirements. Another factor is the usability assessment, considering
the aspects previously assessed by [128] (Table 3.8).

OHIF, MITK, and 3DimViewer were selected for their essential features, such
as cross-platform compatibility (Windows, macOS, and Linux), and their high
usability scores. However, these publicly available tools had installation and
troubleshooting challenges, especially for MITK and 3DimViewer due to
limited documentation. Despite OHIF's larger community and resources,
troubleshooting was still insufficient. Additionally, compatibility issues were
identified with certain imaging equipment scans, including an inability to import
and view images due to unrecognized DICOM Transfer Syntax UID tags.

45



Stephanie Alexandra Batista Nifio

Table 3.7. Comparison between public DICOM viewers. Source for the comparison structure: [128].

Aspect to Compare 3D Slicer 3DimViewer MITK Agnosco Amide MedINRIA OHIF Onis

Operatine Svstem Windows, Windows, Windows, Wind Windows, Windows, Windows, Wind
perafing Syste macOS, Linux | macOS, Linux | macOS, Linux ows macOS, Linux macOS, Linux | macOS, Linux Ows

Image . Yes No Yes Yes Yes Yes Yes Yes

Transformation

Export to DICOM Yes Yes Yes No No Yes Yes Yes

files

Fxport to non- Yes Yes Yes Yes No Yes Yes Yes

DICOM files

Anonymization Yes Yes Yes No Yes Yes Yes Yes

HU scale Yes Yes Yes No Yes Yes Yes Yes

Mgre than a single Yes Yes Yes Yes No Yes Yes Yes

series

Plugin integration Yes Yes Yes No No Yes Yes Yes

Table 3.8. Usability assessment comparison provided by [128].

Aspect to Compare 3D Slicer 3DimViewer MITK Agnosco Amide MedINRIA OHIF Onis
Instalation 4 4 4 4 4 4 4 4
Import DICOM data 1 4 3 2 2 3 4 4
Working speed 1 1 1 2 4 4 4 4
Interface 2 3 3 2 3 4 4
Easy for use 1 1 3 2 2 4 4
Final assessment 9 14 12 14 14 12 20 20
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3.6 Findings

In the field of liver segmentation, various techniques have been explored, each
with its own strengths and limitations. While some methods have shown
promise as previously presented, there are still several challenges that need to
be addressed, along with opportunities for future research.

3.6.1 Adoption of Artificial Neural Network-based Methods

The growth of ANNs-based approaches has led to remarkable progress in liver
segmentation, particularly with respect to CT scans. These models have led to
a new era of accuracy and efficiency, outperforming traditional methods
[117][119]. This improved accuracy has become critical in the field of medical
imaging, where the correct interpretation of CT scans can directly affect the
diagnosis and treatment plans of patients. Furthermore, the efficiency of these
ANN models translates into faster processing times, allowing for more agile
decision making in clinical settings.

Another positive aspect of ANNSs in liver segmentation is their ability to cope
with the complexity of liver anatomy. ANNSs, with their systematic and complex
pattern recognition capabilities, are able to navigate these anatomical variations.
As a result, they are better able to deal with the variety of appearances that liver
tissue can have on CT scans. This ability to handle complex datasets ensures
that ANNs can provide consistent and accurate segmentation in a wide range
of cases.

3.6.2 Dimensionality Impact for Liver Segmentation

In medical imaging, and in particular liver segmentation, the choice between
slice-based 2D and volume-based 3D segmentation methods is crucial. Table
3.9 presents a comparison between both approaches, always considering that
the choice between these two methods should be guided by the specific clinical
requirements, and the available resources for implementing the technology
[15]169][73][75][97].

Table 3.9. Comparison between 2D and 3D dimensionality.

Dimensionality Advantages Disadvantages

2D segmentation | Computationally easier and faster | Individual slices might not
due to the less complex data | align perfectly, and it has an
structure associated to deal with | inability to account for the
individual 2D images rather than | spatial relationships between
volumetric data, easier to integrate | different image slices, which
into clinical workflows. can lead to less accurate
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Dimensionality Advantages Disadvantages
reconstructions of 3D
structures.

3D segmentation | Processes the entire volume | Requires more computational
allowing for a more | resources and time, especially

comprehensive analysis, maintains
spatial relationships, preserves the
spatial relationships within the
data, and provides a continuous
and more accurate representation

as the volume of data increases
and demands motre advanced
hardware and software,
potentially increasing the cost
and time of processing and

of structures. development.
3.6.3 Main Limitations
The reliance on semi-automatic techniques that necessitate manual

segmentation has been a persistent challenge in the field of liver segmentation.
This approach not only consumes time but also introduces the potential for
human error, impacting the overall efficiency and accuracy of the segmentation
process. Addressing this limitation is crucial for streamlining the segmentation
workflow and minimizing the risk of inaccuracies in medical imaging analysis.

The limitations imposed by smaller datasets have hindered the generalization of
algorithms for broader applications. This constraint poses a barrier to the
prevalent adoption of liver segmentation techniques, emphasizing the need for
strategies to overcome dataset limitations and ensure the applicability of these
methods across diverse clinical settings.

Additionally, the prevalence of issues such as over and under segmentation, and
low accuracy, underscores the necessity for the development of more robust
techniques.

Even commercially available software often has flaws when it comes to
segmentation, and a very common complaint is the inclusion of the gall bladder
in the segmentation of the liver, due to the proximity of both structures and the
size of the vesicle, as can be seen in Figure 26, provided by [129].

The inconsistent evaluation metrics across studies hinders the comparison of
the performance of the different methods. Additionally, the scarcity of user-
friendly interfaces for physicians to edit segmentations limits the practical
application in hospitals.

Overcoming these challenges is essential for enhancing the reliability and
precision of liver segmentation, ultimately improving the quality of medical
diagnoses and treatment planning.
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Figure 26. Hlustration of the position of the gall bladder and liver. Source: [129].
3.6.4 Research Questions

It may be relevant to reflect on the answers to some of the research questions
presented in chapter 1 (Introduction).

* Q1 — What are the challenges and limitations associated with accurate
liver segmentation in CT scans?

Challenges and limitations associated with accurate liver segmentation in CT
scans include under-segmentation, over-segmentation, low contrast, poor
boundary detection and background segmentation due to noise. In addition,
liver segmentation in CT scans is further challenged by the presence of artefacts,
such as partial volumes, noise, and low sharpness and contrast between organs,
making it difficult to identify the boundaries between different tissues.

* Q2 — How does the choice of the method impact the accuracy and
efficiency of liver segmentation in CT scans?

The choice of the method has an important impact on the accuracy and
efficiency of liver segmentation in CT scans. Traditional techniques such as
image processing and region-growing approaches have shown varying degrees
of sensitivity and specificity, with some challenges in dealing with large injuries.
In contrast, newer methods such as FCN (Fully Convolutional Network) and
techniques like ResU-Net and SegNet showed higher accuracy, with some
reaching up the highest accuracy levels. Notably, the use of Graphics Processing
Unit (GPU) has reduced processing times thus contributing towards more
efficient and accurate liver segmentation methods.
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* Q3 — What are the evaluation metrics commonly used to assess the
performance of AI models and traditional methods for liver segmentation
in CT scans?

Some of the key metrics used to measure the outcome of segmentation
techniques include accuracy, precision, sensitivity, DSC, AOE/VOE, ASSD
and MSSD. There is not much consistency in the metrics presented by the
various studies except for DSC.
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4 PRIVATE DATASET CREATION

This chapter describes the process of creating a dataset from scratch, step by
step, based on the abdominal CT scans and their respective manual
segmentation provided by the HUC Radiotherapy Department. All scans are
anonymized, and the slices/images have been reviewed to preclude the
presence of personal information.

4.1 Submission to the Hospital’s Ethics Committee

In order to be granted access to the HUC's data/images, the project was
submitted to a formal approval process at the hospital's Ethics Committee. This
process is composed by a set of documents which allow an assessment of
compliance with several criteria, notably:

e Objectives and relevance of the scope

e Methodology

e Curriculum vitae of the researchers involved

e Compliance with the European Union's General Data Protection
Regulation (GDPR)

e Contribution to the HUC

e Scientific commitment and impact
4.2 Overview

Figure 27 shows a flowchart that broadly represents the process of selecting the
scans, collecting them, and creating the final dataset.

Select TOP

fre
m { o The CourselD value includes

MSSQL DB :
patterns like:

F|I1erby « esto * pan « fig
« live = hep « bili
« esof e rim « pulm
Is liver visible?
Type of step:
@ Automatic ] Manual

Yes

Visualize
new scan

>

Copy structure to \|_ [ Create new ‘
|_registered image | | 3D image )

L4

Export image H Anonymization ]

No Is this the last scan? Yes

Figure 27. Flowchart of the operating sequence for the dataset creation.
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4.3 ARIA Oncology Information System

The HUC Radiotherapy Department uses ARIA, an oncology information
system developed by Varian Medical Systems, which supports the clinical needs
of patients and the workflow requirements of treatment teams. ARIA integrates
all information related to patients who have been and are being treated,
including images acquired on the CT scanner for treatment purposes. The
system enables the visualization of images associated with each CT scan for
each patient through one of the applications on the ARIA network.
Additionally, ARIA allows for the storage, viewing, and management of
radiological images and data. An important feature of ARIA is its integration
with an application for manual segmentation of structures, which aids in precise
treatment planning [130].

4.4 Labeling Protocol

All the scans included in the dataset were manually labeled by a radioncologist,
who meticulously labeled each scan slice by slice using a specific
module/application from the ARIA network of HUC’s Radiotherapy
department. Any region of the scan without an associated label was designated

as part of the “Body”.
4.5 Structured Query Language Statement

The first step for creating the dataset involved defining the Structured Query
Language (SQL) query for ARIA's MSSQL database presented in Appendix B.

This SQL query is executed on the ARIA database to fetch the first 1000
records from the ‘Course’ and ‘Patient’ tables within the “‘VARIAN’ schema,
specifically selecting patient IDs, course IDs, and course start times. It performs
an inner join on these tables using the ‘PatientSer’ column to associate each
course with its respective patient. The query filters courses based on the
‘CourselD’ containing certain patterns, such as variations of ‘esto’, ‘pan’, ‘fig’,
‘live’, ‘hep’, bil’, ‘esof’, ‘rim’, and ‘pulm’, irrespective of case sensitivity. The
results are then ordered in descending order by the patient serial number,
ensuring the most recent or highest patient serials are listed first.

This operation aims to identify and list specific types of treatment courses along
with associated patient information, adhering to certain naming conventions
within the course IDs, considering key words or characters related to the liver
or nearby organs (stomach, pancreas, liver, hepatic, bile, esophagus, kidney,
lung), in English and Portuguese.
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4.6 Initial Scans Visualization

Based

on the results of the previous SQL query, the scans obtained were

structured in a table that allowed an introduction to all the most recent scans in

which

the liver could possibly be found, as shown in Table 4.1.

Table 4.1 Structure of the table created for the initial visualization of all the images.

Is liver Segmented Anonimization Patient Course StartDate Year
completely Tiver? D D D Time Gender of

visible? ) birth
Yes/No Yes/No ok VYYy- Female | yyyy

mm-d /Male

hh:mm:ss

where:

Confirmation of whether or not the scan shows the liver in its totality
and whether there has been segmentation of the liver previously
carried out by a radioncologist.

The Anonymization ID is auto generated when the CT scan is exported
from ARIA to the folder used to collect all the CT scans, which is
described in sub-chapter 4.9.

The Patient ID is only available to the HUC, with no external access to
this column when sharing the complete table for reasons of in-depth
analysis of the database, but it is preserved on the HUC's side in case of
need for specific analysis of a particular scan.

The Course ID consists of a concise statement of the location of the
treatment, e.g. "/ver'".

The StartDate Time is the date in the format shown in the table, which
is the date when the patient started receiving treatment for that course
(localization) and therefore near to when the scan was acquired, giving
an idea of the date from the most recent to the oldest, not the precise
date when the scan was acquired.

The patient's Gender and Year of birth are the only personal
information of the patients to which it was decided to have access, in
order to justify, if necessary, any aspect associated with the
morphological constitution of the patient that may be relevant to the
study, given that these are attributes that are also available for analysis
and comparison with public datasets.
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4.7 Outcome of the Initial Scans Visualization

As a partial result of this visualization of the images, the following broad
overview was achieved, shown in Table 4.2.

Table 4.2. Result of the scans visualization.

. Total number
Starting number . Total number of Total number of
of scans with ) )
of CT scans : . segmented scans segmented slices/images
viewable liver

1000 821 246 11175

From the 1000 scans originally analyzed, only 24.6% could be used, which
corresponds to the number of scans containing segmentation of the liver
previously carried out by a radioncologist, where each scan has a minimum of

20 and a maximum of 132 slices with liver segmentation, achieving a total of
11175 slices (images).

4.8 Exporting Abdominal Scans and Ground Truth

Based on the results of the previous SQL query (subchapter 4.5), the scans
obtained were structured in a table that allowed an introduction to all the most
recent scans in which the liver could possibly be found, as shown in Table 4.2.
Subsequently, various techniques for exporting scans that had manual liver
segmentation were considered.

As these images had segmentation of more organs and structures than just the
liver, the possibility of developing an automatic script that would filter each
scan and export only the images and the segmented liver structure, instead of
all the present structures, was considered. The problem was that the scans
segmentation at HUC has been done by different professionals and not even
the same professional defined the same ID for a given structure. For example,
it was possible to find the word “/ver” with different abbreviations, with
numbers, in conjunction with other words, and in English or Portuguese,
making it difficult to opt for developing a script, because basically each scan
presented a different ID for the segmentation of the same structure.

Once it was decided that creating a script would be counterproductive to the
time that had been defined for the process (considering all the time already
invested in the database creation process, mainly for documentation for the
hospital’s Ethics Committee), the possible alternatives for manual export were
analyzed. The chosen strategy for the export process is presented in Appendix
A, resulting in the least time-consuming alternative, being a process of
approximately 8-10 minutes per scan/patient.
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4.9 Scans Anonymization Process

DICOM standards stipulate stringent guidelines for the anonymization of input
DICOM data to safeguard against the inadvertent disclosure of Individually
Identifiable Information (III) concerning patients or affiliated individuals or
entities, complying with General Data Protection Regulation (GDPR). These
guidelines, outlined in Chapter E of the DICOM standard documentation [35],
meticulously detail procedures for the removal and substitution of Attributes
within a DICOM Dataset that possess the potential to disclose such sensitive
information. By adhering to these protocols, healthcare providers and
organizations can ensure the protection of patient privacy and confidentiality
while facilitating the secure exchange and utilization of medical imaging data
for therapeutic purposes. Based on this documentation, the anonymizing script

can be found in Appendix C.

This script modifies and deletes all the pertinent DICOM tags for all the images
of the same scan (each in its own DICOM file) and for the DICOM file
containing the Radiotherapy Structure Set (RSST), saving each CT scan and its
respective structure in the same folder named after the Anonymization ID of
the corresponding patient, which is a random id generated to replace the
patient's ID provided by the HUC radiotherapy department.

The “-m” command in the script represents the modification of the respective
DICOM tag, while “-ma” modifies the same tag for all those found in the
DICOM headet. On the other hand, the “-ea” command removes all DICOM
tags that exist in the DICOM image header.

In sub-chapter 5.3.1.1 (Private Dataset Analysis), a final characterization of the
dataset is presented.
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5 METHODOLOGY

This chapter provides a description of the methodology adopted to carry out
the project, including stages such as preparing the data, creating the
segmentation model for its respective training and evaluation.

5.1 Overview

Based on the Q4 initially formulated in sub-chapter 1.2:

e Q4 — What can be done to contribute to optimizing the process of
treatment planning for oncological diseases, especially for the liver?

Interviews and brainstorming sessions were carried out with physicians from
the HUC Radiotherapy Department with the aim of better understanding the
needs and challenges these physicians face when it comes to planning
treatments, with the liver being the organ requested by the HUC to be
automatically segmented. This led to the creation of the workflow diagrams
shown in Figure 28, illustrating the process from a clinical perspective (clinical
workflow) and from a technical perspective (Al workflow), which were
presented to the HUC to validate whether this solution could help to optimize
their processes.

— () T

-9 & -

Patient CT scanner PACS server Physician L+ver
| —
Clinical Workflow Seg:ﬁifr‘ted
IV
Artificial Intelligence Workflow
Training
dataset
' ‘ SR
: = Vahdahon 3‘@ v N
./(,‘-) A dataset e .I.I
- : *— Segmentation Evaluation
Scans Pre-processing model
collection | Q Testing J
dataset

Figure 28. Methodology for the proposed solution.
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5.1.1 Clinical Workflow

The clinical workflow is composed of the following elements:

Patient: the process starts with a patient who needs an abdominal CT
scan.

CT scanner: the patient undergoes a CT scan to obtain detailed images
of the abdominal area.

ARIA server: the CT scan scan is stored on the ARIA server.

Physician: a physician accesses the CT scan images from the ARIA
server.

Upload CT scan: the physician uploads the abdominal CT scan for liver
identification and segmentation.

Liver segmentation: the L+ver solution automatically segments the
liver from the CT images for further analysis or treatment planning.

Evaluation and decision: the segmented liver images are evaluated by
the physician to make a treatment decision.

5.1.2 Artificial Intelligence Workflow

The Al workflow is composed of the following steps:

Scans collection: the workflow begins with the collection of abdominal
CT scans.

Pre-processing: the collected scans are pre-processed to ensure they are
suitable for training an Al model.

Training and validation dataset: the pre-processed scans are divided
into a training and a validation dataset. The training dataset is used for
the model to learn patterns, relationships, and features. The validation
dataset is used to fine-tune the model, helping to prevent overfitting and
ensuring it generalizes well to unseen data.

Segmentation model: the Al segmentation model is trained using the
augmented training dataset.

Testing dataset: a separate testing dataset is used to validate the
effectiveness of the model.

Final evaluation: the performance of the Al model is thoroughly
evaluated to ensure it meets the required standards for clinical use.

An additional step implemented was post-processing, which aimed to optimize
the outcome (see sub-chapter 5.6).
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5.2 Experimental Setup

All experimental models were implemented using a NVIDIA® T4 Tensor Core
GPU and a NVIDIA® A100 GPU, with Kaggle and Google Colab Pro+

serving as the programming environments, respectively.
5.3 Data Preparation

In this sub-chapter an analysis of the data that constitutes the CT scan datasets
for the experiments will be presented, as well as some relevant concepts and
important processes for data preparation, which creation process was
previously described in chapter 4.

5.3.1 Datasets

To carry out the project, three datasets were used, whose comparison can be
found in Table 5.1, highlighting the extensive volume of the datasets and their
main characteristics.

e Private dataset created with HUC CT scans.
e 3D-IRCADbDO1 [91].
e CHAOS [92].

Table 5.1. Comparison between the datasets used.

Number Number Total
Dataset Format umbe of slices number Resolution
of scans }
per scan of slices
Private dataset DICOM 246 20 to 132 11175 512x512
?9?]_ IRCADB01 DICOM 20 74 to 260 2843 512x512
CHAOS [92] DICOM 40 77 to 105 2915 512x512

Several combinations of these datasets were used in the experimental part of
this project. Table 5.2 present the distribution and structure of each dataset used
to train, validate and test the models.

Table 5.2. Datasets structure based on number of CT scans.

D Training and validation datasets Testing dataset
(CT scans) (CT scans)
D1 Private (200)
D2 3D-IRCADbDO1 (20) CHAOS (20)
D3 Private (50) Private (46)
D4 | 3D-IRCADbO1 (20) | CHAOS (20) Private (100)
D5 | Private (200)
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Given that the number of slices in each image differs according to the CT scan,
Table 5.3 shows the distribution and structure of each dataset based on the total
number of slices used to train, validate and test the models.

From the initial 5758 slices (images) that were included in the public datasets,
only 4414 of these could be used, since the rest represented images in which
the liver was not present, so the mask was blank. Therefore, the distribution of
slices for the public datasets is also presented in Table 5.3.

Table 5.3. Datasets structure based on number of CT scans.

Training and validation datasets Testing dataset
1D . :
(slices) (slices)

D1 Private (9261)

D2 3D-IRCADbDO1 (2073) CHAOS (2341)

D3 Private (2445) Private (1914)

3D-IRCADbO1 CHAOS .
D4 (2073) (2341) Private (4623)
D5 Private (9261)

5.3.1.1 Private Dataset Analysis

To analyze the private dataset, the tables below offer a detailed overview of the
main characteristics of the dataset, emphasizing the scope of segmented scans,
as well as the demographic profile of the patients. Table 5.4 presents descriptive
statistics for the ages of the participants. These tables collectively provide a
comprehensive snapshot of the breadth of the dataset and the age distribution
of the patients.

Table 5.4. Demographic profile of the patients from the created dataset.

Mean age  Standard deviation ~Minimum age Median age Maximum age
(years) (years) (years) (years) (years)
71.67 11.91 11 73 99

The histogram in Figure 29 shows a similar concentration of ages around the
late 60s to early 80s, with a few outliers, which aligns with the typical
demographic for abdominal CT scans, as these procedures are more commonly
performed on older individuals due to higher prevalence of related health
conditions in this age group.
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Figure 29. Age distribution of the created dataset.

The gender distribution presented in Figure 30 indicates a higher count of male
patients compared to female patients.

Gender Distribution

m Male

m Female

Figure 30. Gender distribution of the created dataset.

The bar chart for scan year in Figure 31 shows the frequency of scans conducted
on different years.

o
w20

Scan Year Distribution

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Year

Figure 31. Scan year distribution of the created dataset.
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5.3.1.2 3D-IRCADbO1 Dataset

To analyze the 3D-IRCADbO1 public dataset, an overview of the main
characteristics of the dataset are presented below [91]. This dataset is composed
of the 3D CT-scans of 20 patients with hepatic tumors in 75% of cases, as can
be seen in the sample of the dataset shown in Figure 32.

(b)

Figure 32. Example of a CT scan from the 3D-IRCADDO1 dataset. (a) CT scan
image/slice. (b) Liver segmentation ground truth.

The histogram in Figure 33 shows a balance between the proportion of patients
aged between 37 and 95 years old, but due to the reduced dimension of the
dataset, there were no notable variations, with the most frequent age being 54
years old.
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Figure 33. Age distribution of the 3D-IRCADbO1 public dataset.

The gender distribution presented in Figure 34 indicates a balance between the
number of male patients and female patients.

62



2D Liver Segmentation in Abdominal Computed Tomography Scans

Gender Distribution

m Male

M Female

Figure 34. Gender distribution of the 3D-IRCADbO1 public dataset.

5.3.1.3 CHAQOS Dataset

CHAOS challenge aimed the segmentation of abdominal organs (liver, kidneys
and spleen) from CT and MRI scans. CHAOS was held in the IEEE
International Symposium on Biomedical Imaging (ISBI) on April 11, 2019,
Venice, Italy. For this challenge, a public dataset was presented [92]. This
dataset contains 80 medical imaging scans, but only 40 of them are CT scans
from healthy abdomen organs without any pathological abnormalities, the 40
remainder consisted of MRI scans. From the 40 CT scans, only 20 were
intended by the challenge to be used for training and the remaining 20 for
testing, with no ground truth for the latter. Given the methodology defined for
implementing this project, it was decided to discard the 20 test CT scans. A
sample of a CT scan from the dataset is shown in Figure 35.

(b)

Figure 35. Example of a CT scan from the CHAOS dataset. (a) CT scan image/slice.
(b) Liver segmentation ground truth.
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Masks in this dataset are in PNG format, unlike the created dataset with the CT
scans from HUC, which are in DICOM format, as is also the case with the
scans contained in the 3D dataset. As such, these scans have been converted to
provide consistency in the format of all the scans.

Regarding age distribution, no detailed information was found, except an
indication of the participation of patients with ages between 18 and 63 with an
average of around 45 years old.

The gender distribution presented in Figure 36 indicates a balance between the
number of male patients and female patients, there was a slight predominance
of males, comprising 22 men and 18 women.

Gender Distribution

m Male

B Female

Figure 36. Gender distribution of the CHAOS public dataset.
5.3.2 Relevant Concepts

In order to perform the analysis and preparation of the private dataset, it was
important to understand essential terms such as Radiotherapy Structure Set
(RTTS), Instance Number and SOP Instance UID.

5.3.2.1 Radiotherapy Structure Set

The RTSS is a specialized type of DICOM object that contains information
about the anatomical and clinical structures of a patient, typically derived from
CT scans. These structures are essential for planning and delivering precise
radiotherapy treatments by providing a comprehensive and detailed map of the
anatomy of the patient, which is used to plan the delivery of radiation doses to
target tumors while minimizing exposure to surrounding healthy tissues. RTSS
includes the definition of various anatomical structures, such as organs at risk,
target volumes, and other critical structures.
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5.3.2.2 Instance Number

The Instance Number (IS) (0020, 0013) tag in DICOM metadata represents a
unique identifier for a specific slice/image within a series. Each slice in a CT
scan series is assigned an instance number to maintain its order and
identification within the series.

The IS is assigned during the image acquisition stage. It is meant to indicate the
sequential order of each slice relative to the others in the same scan. Ideally, the
IS starts at 1 for the first slice and increments by one for each subsequent slice.

5.3.2.3 SOP Instance UID

The SOP Instance UID (0008, 0018) tag is a unique identifier for a specific
instance of a DICOM object. SOP (Service-Object Pair) Instance UID (Unique
Identifier) ensures that each DICOM object (such as a slice, a report, or an
RTSS) can be uniquely identified and retrieved across different systems and
databases.

5.3.3 Sort Slices

During a CT scan, multiple cross-sectional slices of the body of the patient are
captured. Each slice is stored as a separate DICOM file, which contains
metadata along with the image data. The metadata includes various attributes
that describe the image. One such attribute is the IS, which is intended to
uniquely identify each image within a series, as previously mentioned.

At the beginning, the slices of the CT scans from the private dataset were sorted
by the name of the slices, however, after visualization, it was noted that the
order of the slices was not appropriate. To optimize the presentation of the
slices, the sorting process begins by reading the IS from the DICOM metadata
of each slice.

The slices are then arranged in ascending order based on their IS wvalue,
guaranteeing that the slices are in the correct anatomical sequence from one
end of the scanned region to the other.

5.3.4 Masks Creation

The process of creating precise masks based on RTSS contours for each CT
scan slice is essential for the segmentation of structures for the private dataset.
This is possible by using its corresponding RTSS contour begins with the
collection and pairing of DICOM files, including both the CT scan slices and
the RTSS file. The CT slices capture the anatomical details, while the RTSS
contains contours that delineate the ROI, as previously explained. Each CT
slice is identified by a unique SOP Instance UID and each RTSS contour is
linked to a specific slice via the Referenced SOP Instance UID, ensuring each
contour accurately corresponds to the correct slice. This matching is critical for
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maintaining the anatomical accuracy of the overlays. A concise representation
of this process is shown in Figure 37.

4 N
Pairing a slice with Conversion of the ; Saving as a
LR sice's Contour i ey DICOM fie with
Structure Set) > Data into pixel with v:%ite ROI corresponding
contour coordinates mask data
based on SOP Instance
UID (0008,0018) tag

Figure 37. Masks creation process.

Once the contours are accurately associated with their corresponding CT slices,
the next step involves converting the contour data of the slice into pixel
coordinates suitable for the creation of binary masks. This involves translating
the contour coordinates, which are typically specified in the coordinate system
of the image, into the corresponding pixel indices on the CT slice.

This conversion is relevant for precise overlay as it maps the abstract contour
data directly onto the tangible pixel grid of the CT scan. After conversion, these
coordinates are used to create binary masks, where pixels inside the contour are
set to 1 (indicating the ROI), and pixels outside are set to 0, with an example of
the outcome in Figure 38.

(@) (b)

Figure 38. Example of mask creation. (a) Original image before pre-processing techniques.
(b) Ground truth mask created.

5.4 Pre-processing

Pre-processing in medical imaging is a crucial step to prepare images for further
analysis. This phase involved various techniques to enhance the quality and
usability of the images. In this chapter, the pre-processing techniques employed
will be explored: application of a Hounstield window, histogram equalization
and data normalization. Figure 39 represents the steps for the pre-processing
stage.
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5.4.1 Hounsfield Windowing

Hounsfield windowing, also known as window-leveling or contrast stretching,
is a technique used in CT imaging to enhance the visibility of specific tissues or
structures. By focusing on a particular range of HU values, clinicians can better
visualize ROIs [131][132].

To apply Hounsfield windowing, it was first defined the window parameters,
the window center, which was the midpoint of the range, and the window
width, which determined the span of HU values displayed. Pixels within this
range were shown with varying intensities, while those outside the range were
rendered fully black or white. Specifically, using a window range of -100 to 400
HU was effective for visualizing soft tissues and some bony structures. This
interval was proposed by Sabir, et. al. [80] for their liver segmentation proposal,
with the aim of optimizing the correct visualization not only of the liver but
also of other structures. This range included most organs, muscles, fat, and
blood, enhanced lung details at the lower end (-100 HU), and captured less
dense bones at the upper end (400 HU) (Figure 40).

(@) ©)

Figure 40. Hounsfield window application. (a) Original image. (b) Image with Hounsfield
windowing application.

5.4.2 Histogram Equalization

Histogram equalization is a technique to improve image contrast by spreading
out the most frequent intensity values. This process makes hidden features
more visible, enhancing the quality of images [133]-[134].
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To apply histogram equalization, it was necessary to redistribute pixel values so
the histogram of the output image became approximately flat, thereby
enhancing contrast by improving areas with lower contrast without notably
altering high-contrast areas. This technique proved particularly useful for
images with poor contrast, often dominated by bright or dark regions, and in
medical imaging, it helped to make important structures within tissues or organs
more visible, as shown in Figure 41.

(@)

Figure 41. Hounsfield windowing and histogram equalization application. (a) Original
image. (b) Outcome of applying the Hounsfield window followed by histogram
equalization.

5.4.3 Data Normalization

Data normalization involves scaling the numerical data features to a uniform
range. This process ensures that all features have similar scales, facilitating the
ability of the segmentation algorithms to process the data effectively and
produce accurate segmentation results. By transforming each feature so they
fall within a common range, such as 0 to 1, normalization prevents any single
feature from dominating the learning process due to its larger scale.

This uniformity is crucial for the ANNSs to treat all features equally, leading to
improved performance and more precise liver segmentation in the CT scans.

5.5 Segmentation Models

This sub-chapter describes the algorithms used for the project development, as
shown in Figure 42.

4 H
. . : Pre- Segmentation Post-

Figure 42. Segmentation flowchart.
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The chosen models for the implementation of the present project are U-Net,
ResUNet++, FCN and BerDiff. The selection of these models has been
supported based on an analysis of the latest and most impactfull advances in
medical image segmentation.

The FCN model was one of the first models to demonstrate the viability of
using DL for dense prediction tasks like segmentation, being introduced in
2015. Despite being an older architecture, FCN remains relevant due to its
simplicity and effectiveness, particularly as a benchmark in segmentation tasks.

The U-Net model, also introduced in 2015, marked a breakthrough in the field
of medical imaging. This approach has been shown to be effective for
segmentation tasks, providing better outcomes compared to previous methods.

The ResUNet++ model, introduced in 2019, presented the ability to capture
and process detailed spatial and contextual information, which design ensures
that it can handle the complex and varying structures found in medical imaging.

Most recently, in 2023, the BerDiff model emerged as an innovative adaptation
of U-Net, presenting promising results. BerDiff incorporates recent advances
in DL architectures, optimizing segmentation effectiveness and performance.

5.5.1 U-Net

U-Net is structured in a U-shape to efficiently use computing resources while
balancing the depth of the network. The architecture consists of a contracting
path, also known as the encoder, to capture the context of the image, and a
symmetric expanding path, known as the decoder, for precise localization. The
encoder path includes convolutional layers with ReLLU activation and max-
pooling layers to downsample the input image, capturing the context in lower
resolutions. The decoder path, on the other hand, consists of up-convolution
layers to upsample the features, restoring the spatial resolution and enabling the
delineation of the liver boundaries [119].

Figure 43 presents a diagram of the U-Net architecture designed for medical
image segmentation. This visual representation illustrates the U-shaped
structure of the network, showcasing the contracting and expanding paths with
respective components such as convolutions, max pooling, ReLU activations,
up-convolutions, and skip connections, which can be used for a clearer
understanding of the layout and function of the model.
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Figure 43. U-Net model architecture. Source: [119].
5.5.2 ResUNet++

ResUNet++ is a CNN which architecture builds on the U-Net and ResUNet
models, incorporating residual blocks, squeeze and excitation blocks, an Atrous
Spatial Pyramid Pooling (ASPP) bridge, which collectively enhance the ability
of the model to capture and process detailed spatial and contextual information,
and attention mechanisms to enhance the accuracy of pixel-wise segmentation

[136].

The architecture of ResUNet++ consists of three main parts (Figure 44):
Encoding, Bridge, and Decoding. In the Encoding phase, the model processes
the input through a series of Conv2D layers (3x3 filters), batch normalization,
and ReLU activations. Residual connections and squeeze-and-excite blocks
enhance feature representation and channel-wise feature recalibration. The
Bridge section employs an ASPP layer to capture multi-scale contextual
information. The Decoding phase involves a sequence of Conv2D layers, batch
normalization, ReLLU activations, and attention mechanisms. Upsampling layers
are used to restore the spatial resolution, and concatenation merges features
from corresponding encoding stages. The final output is obtained through a
sigmoid activation, indicating the segmentation map.
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Figure 44. ResUNet++ model architecture. Source: [130].

5.5.3 FCN

FCN is a CNN model designed for semantic segmentation, commonly used in
computer vision to perform pixel-wise prediction tasks (classify each pixel of
an image into a specific category). Unlike traditional CNNs that use fully
connected layers for classification, FCN replace these with convolutional layers,
allowing the model to process input images of any size and produce output
maps of corresponding dimensions. This architecture allows FCN to make
predictions for every pixel in the input image, transforming the network from
a classifier to a semantic segmentation model [137].

The architecture of FCN, as illustrated in Figure 45, consists of a series of
convolutional and pooling layers that progressively reduce the spatial
dimensions of the feature maps while increasing their depth. In the network's
decoder, deconvolutional layers (also known as transposed convolutions) are
used to upsample the coarse, semantically rich features back to the original
image resolution. To recover fine-grained details lost during downsampling,
FCN introduce skip connections that combine deep, coarse feature maps with
shallow, fine feature maps.

This skip architecture, depicted as FCN-8s in the diagram, combines
predictions from multiple layers (pool3, pool4, and conv7) at different strides,
allowing the network to make accurate and detailed segmentations by leveraging
both high-level semantic information and low-level appearance information.
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Figure 45. FCN model architecture. Source: [137].
5.5.4 BerDiff

BerDiff is a conditional Bernoulli diffusion model developed for medical image
segmentation, addressing challenges such as inherent ambiguity and high
uncertainty in medical images. Unlike traditional diffusion models that use
Gaussian noise, BerDiff employs Bernoulli noise as the diffusion kernel,
enhancing the ability of the model to produce accurate binary segmentation
masks. The architecture of BerDiff includes a forward diffusion process, where
Bernoulli noise is progressively added, and a reverse process that iteratively
refines the segmentation masks. This approach allows BerDiff to generate
multiple diverse segmentation masks from the same input image, providing
valuable references for radioncologists. Additionally, BerDiff incorporates
efficient sampling techniques, inspired by denoising diffusion probabilistic
model and denoising diffusion implicit models, to speed up the segmentation
process [138].

Figure 46 illustrates the architecture of BerDiff, beginning with the input
images, from which Bernoulli noise is sampled and progressively added in the
forward process to generate latent variables. These latent variables are then fed
into a U-Net for Bernoulli noise estimation. The reverse process iterates
through these latent variables, applying a calibration function to refine the noise
and produce diverse segmentation masks. Finally, these masks are combined to
create a saliency segmentation mask that highlights the most consistent regions,
providing valuable references for medical practitioners.

BerDiff: Conditional Bernoulli Diffusion Model for Medical Image Segmentation
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images x -
L 4
Diverse segmentation Saliency
mask set segmentation
_______________ mask
, ~
i i
| I
- =34 | |00o()| || [HedHo— -
1 1 [}
~B(yrz -1 &
yroBlyri-b) N h Bernoulli noise : / Kiers
Qe cstimation Unnet -’

[ ‘T(}’tb’:—i): By, (1 - ﬁz)yz;i_“’ Bi/2) -

— o -

[— == ==p Bernoulli forward process @Timestep Calibration @ Concatenation ]
[

e DiVErse reverse process @ Latent variable function ==p Mean operation

Figure 46. BerDiff model architecture. Source: [138].
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5.6 Post-processing

In medical imaging, post-processing techniques are helpful procedures for
analyzing model-generated images in order to enhance accuracy and overcome
limitations. These techniques are crucial for objetives as improving image
quality, reducing noise, increasing contrast, registering images and extracting
teatures. Figure 47 represents the steps for the post-processing stage.

post-processing steps

A"NEEEEEEEEEEEED

Median

g filtering = | Thresholding || =

Model
outcome

EEEEEEEE
QasEEEEEE®

Figure 47. Post-processing flowchart.

Figure 48 presents an example of the results obtained after applying the post-
processing steps defined to improve the segmentation prediction.

(@) (b) ©
Figure 48. Post-processing comparison for two images. (a) Ground truth mask.
(b) Predicted segmentation. (c) Post-processed segmentation.

5.6.1 Median Filtering

Median filtering is used to reduce noise in the images. It replaces the value of
each pixel with the median value of the neighboring pixels. This technique is
effective for removing salt-and-pepper noise while preserving edges. For this
purpose, it was applied using cv2.medianBlur() with a kernel size of 5.

5.6.2 Thresholding

Thresholding converts a grayscale image to a binary image. Pixels with intensity
above a certain threshold are set to the maximum value (white), and pixels
below are set to the minimum value (black). This was implemented using
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cv2.threshold(). The threshold value defined was 0.5, which determines the cut-
off point for binarizing the grayscale image. This means any pixel value greater
than 0.5 will be set to 1 (white), and any pixel value less than or equal to 0.5 will
be set to 0 (black), as shown in Equation (8).

1 if x € segmented liver
S(x) = 8
) {0 otherwise ®

5.7 Experimental Specifications

As mentioned at the beginning of the dissertation, new objectives were added
to the project based on real-world challenges in medical imaging, where the
capacity for adaptability of the models is evaluated using varied data sources
and conditions, defining this experimental setup as Private Data Incrementalization.
These experiments aim to simulate the gradual exposure of models to new,
diverse data, a scenario common in clinical settings, providing advantages such
as enhancement of the adaptability of the models, improvement of the training
efficiency and assessesment of the generalization capabilities.

The methodology for the experiments involves systematically introducing
private data to a dataset with two public datasets (previously described in sub-
chapter 5.3.1) into the training and validation processes, carefully monitoring
changes in model performance across new data insertion. The experiments seek
to evaluate and enhance the robustness and versatility of the segmentation
models mentioned in sub-chapter 5.5.

Initially, all the experiments were intended to preserve the resolution at which
the images were originally exported from the ARIA database, 512x512 pixels,
however, for computational performance considerations, the images were
resized to 256x256 pixels.

Table 5.5 shows the model and respective dataset used in each experiment.

Table 5.5. Configuration of the performed experiments.

Experiment Model Dataset
E1 D1
E2 D2
E3 U-Net D3
E4 D4
E5 D5
E6 D1
ResUNet++
E7 D2
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Experiment Model Dataset
ES8 D3
E9 D4
E10 D5
E11 D1
E12 D2
E13 FCN D3

E14 D4
E15 D5
E16 D1
E17 D2
E18 BerDiff D3
E19 D4
E20 D5

5.8 Models Configuration and Hyperparameters

For all experiments, the configuration included training the models for a
maximum of 100 epochs, with a learning rate set to le-4. The training process
was monitored using an eatly stopping mechanism based on the validation loss
to prevent overfitting. Farly stopping was triggered if there was no
improvement in the validation loss for 5 consecutive epochs. The batch size for
training was set to 8, balancing computational efficiency and model
performance.

5.8.1 U-Net

The U-Net architecture, with a total of 1,940,817 parameters, consists of a total
of 9 Conv2D layers, 4 MaxPooling2D layers, 4 Conv2ZDTranspose layers, and
4 Dropout layers distributed across both the contracting and expansive paths.
In the contracting path, features are extracted through sequential convolution
operations followed by max-pooling for downsampling, while in the expansive
path, transpose convolutions are used for upsampling and concatenation layers
to merge information from the contracting path, preserving spatial context. The
tinal layer uses a Conv2D operation with a sigmoid activation for binary
segmentation.
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5.8.2 ResUNet++

The ResUNet++ model, with a total of 4,062,673 parameters, used includes a
Stem Block for initial feature extraction, followed by 4 ResNet-based blocks for
deep feature learning and downsampling. At the bottleneck, an ASPP layer was
incorporated. This ASPP layer uses multiple parallel dilated convolutions with
different rates to capture features at various scales, enhancing the ability of the
model to handle objects of different sizes. The decoding path consists of 3
attention-based Decoder Blocks, which refine the upsampled features using
attention mechanisms and skip connections from earlier layers. The model
concludes with an additional ASPP layer and a final convolutional layer for
generating the segmentation output.

5.8.3 FCN

The FCN architecture employed, with a total of 134,264,538 parameters, is
based on a VGG-like encoder-decoder structure. The encoder consists of 5
convolutional blocks, each followed by a MaxPooling2D layer, progressively
reducing the spatial dimensions of the input while increasing the depth of
teature maps. The final layers of the encoder are fully convolutional, with two
Conv2D layers using large filters (4096 units) to capture more abstract features.
In the decoder, upsampling is performed through Conv2DTranspose layers,
gradually restoring the original image size. Skip connections from the encoder’s
corresponding layers are added at each upsampling stage to retain fine spatial
details.

5.8.4 BerDiff

When training the BerDiff original model, with a total of 1,869,489 parameters,
a RuntimeError: CUDA out of memory (as shown in Figure 49) was obtained,
indicating that the GPU lacked sufficient memory for the task. In DL, where
models and datasets are very large, efficient memory management is crucial.

RuntimeError: CUDA out of memory. Tried to allocate 576.00 MiB

(GPU 0; 39.42 GiB total capacity; 20.89 GiB already allocated;

403.69 MiB free; 20.90 GiB reserved 1in total by PyTorch)

If reserved memory 1is >> allocated memory try setting max_split_size_mb
to avoid fragmentation. See documentation for Memory Management and
PYTORCH_CUDA_ALLOC_CONF

Figure 49. RuntimeError: CUDA out of memory description.

PyTorch and CUDA facilitate accelerated training and inference but require
effective memory management to avoid out-of-memory  errors.

PYTORCH_CUDA_ALLOC_CONTF, a configuration in PyTorch, optimizes

GPU memory allocation, enhancing performance by allowing fine-tuning of
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caching algorithms and memory pool strategies. This tool supports dynamic
memory allocation and recycling, preventing unnecessary memory waste and
maximizing GPU resource efficiency. Using

PYTORCH_CUDA_ALLOC_CONF can reduce memory allocation issues
and improve overall training and inference performance.

Despite using PYTORCH_CUDA_ALLOC_CONF to optimize memory
allocation and having subscribed to Google Colab Pro+ to access better
computing resources with the objective of solving the error for the BerDiff
model, it continued to occur. As a result, it was necessary to adapt and simplify
the BerDiff model to work within the available GPU memory constraints.

The strategies applied to reduce the memory usage and complexity of the
BerDiff model were:

e Reduction of the number of down/up sampling layers from 3 to 2.
e Reduction of the number of channels from 64 to 32.
e Use of fewer layers.

e Implementation of gradient checkpointing, which trades computation
for memory by recomputing intermediate activations during the
backward pass.

Addition of a mixed precision training, which uses lower precision (float16)
where possible, reducing memory usage and potentially speeding up training.

The BerDiff modified model, with a total of 577,667 parameters, consists of a
downsampling path with convolutional and batch normalization layers for
feature extraction, followed by an intermediate section for deeper processing.
In the upsampling path, ConvTranspose2D layers restore the spatial
dimensions, and the final output is generated through a 1x1 convolutional layer.
The binomial diffusion process is employed to refine the model's predictions
over a series of timesteps, using a linear beta schedule to control the noise added
at each step. The diffusion model is configured with epsilon prediction and a
binary cross-entropy (BCE) loss function.

5.9 Evaluation

The evaluation metrics used to assess the performance of the models include
loss, accuracy, precision, DSC, AOE, ASSD, and MSSD. Each of these metrics
provides insights into the performance of the models. However, in a clinical
application for liver segmentation in CT scans the emphasis should be placed
on the latter four metrics. DSC evaluates the overall overlap accuracy, while
AOQOE assesses precision in boundary delineation. On the other hand, ASSD and
MSSD provide detailed insights into surface accuracy and the worst-case errors,
respectively.

77



Stephanie Alexandra Batista Nifio

For the context of this project, these metrics were prioritized when evaluating
model performance against accuracy and precision due to the fact that accuracy
is highly influenced by class imbalance and can be misleading in scenarios where
the liver constitutes a small part of the CT scan, leading to an overestimation
of the performance. Consequently, although these two metrics are important,
they must be combined with other performance measures to ensure a thorough
evaluation, addressing both average performance and critical edge cases, which
is essential for effective and meaningful segmentation of the liver in clinical
practice.

78



2D Liver Segmentation in Abdominal Computed Tomography Scans

6 RESULTS AND DISCUSSION

After the algorithms selected for this project had been executed following the
proposed methodology, the results obtained by the chosen evaluation metrics
were collected. In this sense, this chapter presents the results obtained by the
U-Net, ResUNet++, FCN and BerDiff models for the different experiments

made.
6.1 Quantitative Results

This sub-chapter presents the quantitative results obtained by the segmentation
models for the different experiments.

6.1.1 Models

This sub-chapter compares the results obtained for the experiments for the U-
Net, ResUNet++, FCN and BerDiff models on unseen data. The results for
the training and validation datasets are available on Appendix M.

6.1.1.1 U-Net

The evaluation results of the five experiments with Private Data Incrementalization
(E1-E5) using the U-Net model on unseen data are displayed in Table 6.1.

Table 6.1. Performance of the U-Net experiments on unseen data.

Experiment Loss Accuracy | Precision DSC AOE ASSD MSSD
(mm) | (mm)

E1 0.0729 0.9969 0.9228 0.9182 0.1069 0.0113 4.4714

E2 0.1689 0.9932 0.8310 0.7915 0.2262 0.0150 4.4720

E3 0.0918 0.9962 0.9084 0.8946 0.1315 0.0126 4.4719

E4 0.0841 0.9965 0.9234 0.9015 0.1219 0.0119 4.4716

E5 0.0780 0.9967 0.9151 0.9118 0.1135 0.0118 4.4711
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6.1.1.2 ResUNet++

The evaluation results of the five experiments with Private Data Incrementalization
(E6-E10) using the ResUNet++ model on unseen data are displayed in Table
0.2.

Table 6.2. Performance of the ResUNet++ experiments on unseen data.

Experiment Loss Accuracy | Precision DSC AOE ASSD MSSD
(mm) (mm)

E6 0.0799 0.9972 0.9477 0.9179 0.1029 0.0053 4.4721

E7 0.1790 0.9935 0.8737 0.7374 0.2345 0.0060 4.4721

E8 0.0866 0.9967 0.9368 0.8932 0.1185 0.0054 4.4721

E9 0.0772 0.9970 0.9452 0.9000 0.1102 0.0053 4.4721

E10 0.0691 0.9972 0.9218 0.9449 0.0990 0.0053 4.4721

6.1.1.3 FCN

The evaluation results of the five experiments with Private Data Incrementalization

(E11-E15) using the FCN model on unseen data are displayed in Table 6.3.

Table 6.3. Performance of the FCN experiments on unseen data.

Experiment Loss Accuracy | Precision DSC AOE ASSD MSSD
(mm) | (mm)

El1 0.1197 0.9954 0.9379 0.8666 0.1647 0.0147 4.4721
E12 0.3155 0.9888 0.8386 0.6933 0.3875 0.0220 4.4721
E13 0.1912 0.9920 0.8415 0.7948 0.2540 0.0195 4.4721
E14 0.1117 0.9956 0.8921 0.8716 0.1529 0.0147 4.4721
E15 0.0920 0.9964 0.9204 0.8956 0.1271 0.0127 4.4721

6.1.1.4 BerDiff

The evaluation results of the five experiments with Private Data Incrementalization
(E16-E20) using the BerDiff model on unseen data are displayed in Table 6.4.
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Table 6.4. Performance of the BerDiff experiments on unseen data.

Experiment Loss Accuracy | Precision DSC AOE ASSD MSSD
(mm) | (mm)

E16 0.3446 0.9830 0.6443 0.6149 0.4250 0.0195 4.4721
E17 0.8135 0.9761 0.5739 0.2243 0.8465 0.0100 4.4721
E18 0.3743 0.9833 0.6486 0.6174 0.4565 0.0165 4.4721
E19 0.3890 0.9838 0.6833 0.6073 0.4689 0.0159 4.4721
E20 0.3696 0.9854 0.7184 0.6058 0.4469 0.0144 4.4721

6.1.2 Datasets

This sub-chapter compares the results obtained for the experiments for each
dataset (1 to 5) training the U-Net, ResUNet++, FCN and BerDiff models. The
results for the training and validation datasets are available on Appendix M.

6.1.2.1 Dataset 1

Table 6.5 presents the results of experiments with dataset 1 with unseen data.

Table 6.5. Comparison of the performance from each model on unseen data from the

dataset 1.
Model Experiment | Loss | Accuracy | Precision | DSC AOE ASSD | MSSD
(mm) | (mm)
U-Net E1 0.0729 | 0.9969 0.9228 | 0.9182 | 0.1069 | 0.0113 | 4.4714
ResUNet++ Eo6 0.0799 | 0.9972 0.9477 | 0.9179 | 0.1029 | 0.0053 | 4.4721
FCN E11 0.1197 | 0.9954 0.9379 | 0.8666 | 0.1647 | 0.0147 | 4.4721
BerDiff E16 0.3446 | 0.9830 0.6443 | 0.6149 | 0.4250 | 0.0195 | 4.4721

6.1.2.2 Dataset 2

Table 6.6 presents the results of experiments with dataset 2 with unseen data.
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Table 6.6. Comparison of the performance from each model on unseen data from the

dataset 2.
Model Experiment | Loss | Accuracy | Precision | DSC AOE ASSD | MSSD
(mm) | (mm)
U-Net E2 0.1689 | 0.9932 0.8310 | 0.7915 | 0.2262 | 0.0150 | 4.4720
ResUNet++ E7 0.1790 | 0.9935 0.8737 | 0.7374 | 0.2345 | 0.0060 | 4.4721
FCN E12 0.3155 | 0.9888 0.8386 | 0.6933 | 0.3875 | 0.0220 | 4.4721
BerDiff E17 0.8135 | 0.9761 0.5739 | 0.2243 | 0.8465 | 0.0100 | 4.4721

6.1.2.3 Dataset 3

Table 6.7 shows the results of experiments with dataset 3 with unseen data.

Table 6.7. Comparison of the performance from each model on unseen data from the

dataset 3.
Model Experiment | Loss | Accuracy | Precision | DSC AOE | ASSD | MSSD
(mm) | (mm)
U-Net E3 0.0918 | 0.9962 0.9084 | 0.8946 | 0.1315 | 0.0126 | 4.4719
ResUNet++ ES8 0.0866 | 0.9967 0.9368 | 0.8932 | 0.1185 | 0.0054 | 4.4721
FCN E13 0.1912 | 0.9920 0.8415 | 0.7948 | 0.2540 | 0.0195 | 4.4721
BerDiff E18 0.3743 | 0.9833 0.6486 | 0.6174 | 0.4565 | 0.0165 | 4.4721

6.1.2.4 Dataset 4

Table 6.8 presents the results of experiments with dataset 4 with unseen data.

Table 6.8. Comparison of the performance from each model on unseen data from the

dataset 4.
Model Experiment Loss Accuracy | Precision DSC AOE ASSD | MSSD
(mm) (mm)
U-Net E4 0.0841 0.9965 0.9234 0.9015 | 0.1219 | 0.0119 | 4.4716
ResUNet++ E9 0.0772 | 0.9970 0.9452 0.9000 | 0.1102 | 0.0053 | 4.4721
FCN E14 0.1117 0.9956 0.8921 0.8716 | 0.1529 | 0.0147 | 4.4721
BerDiff E19 0.3890 0.9838 0.6833 0.6073 | 0.4689 | 0.0159 | 4.4721
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6.1.2.5 Dataset 5

Table 6.9 presents the results of experiments with dataset 5 with unseen data.

Table 6.9. Comparison of the performance from each model on unseen data from the

dataset 5.
Model Experiment | Loss | Accuracy | Precision | DSC AOE ASSD | MSSD
(mm) | (mm)
U-Net E5 0.0780 | 0.9967 0.9151 | 0.9118 | 0.1135 | 0.0118 | 4.4711
ResUNet++ E10 0.0691 | 0.9972 0.9218 | 0.9449 | 0.0990 | 0.0053 | 4.4721
FCN E15 0.0920 | 0.9964 0.9204 | 0.8956 | 0.1271 | 0.0127 | 4.4721
BerDiff E20 0.3696 | 0.9854 0.7184 | 0.6058 | 0.4469 | 0.0144 | 4.4721

6.2 Qualitative Results

This sub-chapter presents the qualitative results from the segmentation models
for the various experiments.

6.2.1 Models

This sub-chapter presents a comparative analysis of the results obtained in the
training experiments for the U-Net, ResUNet++, FCN and BerDiff models,
exploring the impact of Private Data Incrementalization. Figure 50 to Figure 53
illustrate, respectively, the inferences on unseen data for the series of
experiments E1-E5 (U-Net), E6-E10 (ResUNet++), E11-E15 (FCN) and E16-
E20 (BerDiff), providing a comprehensive view of the performance of each
model with datasets from different sources and varying dataset size.
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Figure 50. Performance of the U-Net experiments on unseen data. (a) Original image. (b) Ground truth. (c) Segmentation outcome with E1. (d)
Segmentation outcome with E2. (e) Segmentation outcome with E3. (f) Segmentation outcome with E4. (g) Segmentation outcome with E5.
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(b) ©

Figure 52. Performance of the FCN experiments on unseen data. (a) Original image. (b) Ground truth. (c) Segmentation outcome with E11. (d)
Segmentation outcome with E12. (e) Segmentation outcome with E13. (f) Segmentation outcome with E14. (g) Segmentation outcome with E15.
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(b) d

Figure 53. Performance of the BerDiff experiments on unseen data. (a) Original image. (b) Ground truth. (c) Segmentation outcome with E16. (d)
Segmentation outcome with E17. (e) Segmentation outcome with E18. (f) Segmentation outcome with E19. (g) Segmentation outcome with E20.
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6.2.2 Datasets

This sub-chapter presents a comparison of the results obtained for the experiments for
each dataset (1 to 5) training the U-Net, ResUNet++, FCN and BerDiff models. A
general overview of the values for each metric during the validation of each model across
all datasets on unseen data can be seen from Figure 54 to Figure 60.

Loss across Datasets
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Figure 54. Loss values for each model across all datasets on unseen data.
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Figure 55. Accuracy values for each model across all datasets on unseen data.

Precision across Datasets

0.85

o
®»
3

—e— BerDiff
—a— FCN

—8— ResUNet++
—e— U-Net

Precision
o
ot
P

0.70

Dataset1 Dataset2 Dataset3 Datasetd Dataset5

Figure 56. Precision values for each model across all datasets on unseen data.
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DSC across Datasets
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Figure 57. DSC values for each model across all datasets on unseen data.

AOE across Datasets

08
07
06
—&— BerDiff
o 05 —e— FCN
2 —8— ResUNet++
—a— U-Net
04
03
02
01

Datasetl Dataset2 Dataset3 Datasetd Datasets

Figure 58. AOE values for each model across all datasets on unseen data.
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Figure 59. ASSD values for each model across all datasets on unseen data.
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Figure 60. MSSD wvalues for each model across all datasets on unseen data.

Figure 61 to Figure 65 illustrate, respectively, the results obtained in the experiments using
datasets 1, 2, 3, 4 and 5, comparing the results from the inferences made on unseen data
for the experiments conducted with the five different datasets. Each figure provides an
overview of the performance achieved by the models, offering a direct comparison
between the different approaches highlighting the influence of each dataset on the
behavior and effectiveness of the tested models, demonstrating the robustness and
adaptability of the models across different datasets.
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(b)

Figure 61. Comparison of the performance from each model for the dataset 1 on unseen data. (a) Original image. (b) Ground truth. (c) U-Net
outcome. (d) ResUNet++ outcome. (¢) FCN outcome. (f) BerDiff outcome.
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(b) (®)

Figure 62. Comparison of the performance from each model for the dataset 2 on unseen data. (a) Original image. (b) Ground
truth. (c) U-Net outcome. (d) ResUNet++ outcome. (¢) FCN outcome. (f) BerDiff outcome.
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Figure 63. Comparison of the performance from each model for the dataset 3 on unseen data. (a) Original image. (b) Ground
truth. (c) U-Net outcome. (d) ResUNet++ outcome. (¢) FCN outcome. (f) BerDiff outcome.
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Figure 64. Comparison of the performance from each model for the dataset 4 on unseen data. (a) Original image. (b) Ground
truth. (c) U-Net outcome. (d) ResUNet++ outcome. (¢) FCN outcome. (f) BerDiff outcome.
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Figure 65. Comparison of the performance from each model for the dataset 5 on unseen data. (a) Original image. (b) Ground
truth. (c) U-Net outcome. (d) ResUNet++ outcome. (¢) FCN outcome. (f) BerDiff outcome.
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6.3 Discussion

This project presented an approach to compare the capability of different segmentation
models to perform liver segmentation, as well as to evaluate the generalization skills of
each of the models.

This sub-chapter analyzes the performance of the four segmentation models used (U-
Net, ResUNet++, FCN, and BerDiff) across the five different dataset combinations,
representing a generalization test through Private Data Incrementalization, reminding the
datasets experiments were as follows:

e Created dataset only (E1, E6, E11, E10)

e Public datasets only (E2, E7, E12, E17)

e 50 scans from the created dataset + public datasets (E3, E8, E13, E18)

e 100 scans from the created dataset + public datasets (E4, E9, E14, E19)
e 200 scans from the created dataset + public datasets (E5, E10, E15, E20)

S
6.3.1 Models Training Time

Table 6.10 shows the training and validation times for each experiment.

ResUNet++ presented the best model performance, achieving the best results despite
having the longest per-epoch training time (31-33 minutes). Its total training times
ranged from 3h:50m to 9h:20m, which is considerable but justified by its superior
performance. The ability of the model to converge in fewer epochs (7-17) demonstrates
its efficiency in learning from the data.

U-Net, the second-best performer, showed consistent speed performance with each
epoch taking only 5-6 minutes. Its total training times fell between 3h:00m and 4h:05m,
making it the most time-efficient among the models with the best segmentation studied
within the context of this project.

FCN, while presenting lower results than ResUNet++ and U-Net, still offered
reasonable results. Its training times varied considerably, from 4h:37m to 13h:18m, with
each epoch lasting 15-17 minutes.

BerDiff, implemented with simplifications to the model, showed the lowest
performance among the four. However, it also demonstrated the quickest training times,
ranging from 2h:14m to 4h:28m, with each epoch taking about 10-12 minutes.

Based on the results presented, the impact of early stopping can be visible across all
models, leading to variable total training times. This variability underscores the
importance of considering both the potential for early convergence and the per-epoch
training time when selecting a model for a given task.
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While some models might have shorter per-epoch times or fewer total epochs, this does
not necessarily translate to improved performance. The efficiency of a model should be
judged not just on its training time, but also on its final performance metrics and ability
to generalize to unseen data, which is analysed in sub-chapter 6.3.2.

Table 6.10. Training and validation time for each experiment.

Experiment Model Number of epochs Training and validation time
E1l 36 3h:30m
E2 42 4h:05m
E3 U-Net 31 3h:00m
E4 36 3h:30m
E5 40 3h:53m
E6 10 5h:29m
E7 16 8h:47m
E8 ResUNet++ 10 5h:29m
E9 17 9h:20m

E10 7 3h:50m
E1l1 37 10h:03m
E12 49 13h:18m
E13 FCN 28 7h:36m
E14 22 5h:58m
E15 17 4h:37m
E16 17 3h:09m
E17 21 3h:54m
E18 BerDiff 24 4h:28m
E19 14 2h:36m
E20 12 2h:14m
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6.3.2 Models Segmentation Performance

This sub-chapter presents an analysis of the results presented by the various models,
tfocusing on the ability of the models to adapt and generalize.

6.3.2.1 U-Net

The U-Net model presented versatility and robustness across all the datasets. Its
consistently high DSC scores, even when applied to public datasets (maintaining
DSC > 0.79), underscore its strong generalization capacity. This model exhibited a good
ability to adapt and improve with the Private Data Incrementalization, as evidenced by steady
enhancements in both DSC and AOE metrics. Perhaps most notably, U-Net's boundary
delineation capabilities proved exceptionally precise and stable, maintaining a remarkably
ASSD ranging from 0.0113 to 0.0150 mm across all experiments. This consistent
performance in boundary precision, as well as its strong overall segmentation accuracy
and adaptability, makes U-Net as a highly reliable and efficient choice for the objectives
of the project.

6.3.2.2 ResUNet++

The ResUNet++ model showed the best performance in the comparative study,
showcasing superior capabilities across all key performance indicators. This model
demonstrated the most robust generalization capacity among all the models evaluated.
A relevant aspect of ResUNet++'s performance was its unparalleled precision in
boundary delineation, consistently maintaining the lowest ASSD throughout all
experiments. This exceptional boundary accuracy, combined with its ability to achieve
the highest DSC of 0.9449 and the lowest AOE of 0.0990 in the final experiment (E10),

underscores its superior segmentation quality and precise liver localization capabilities.

6.3.2.3 FCN

The FCN model demonstrated moderate generalization capacity, showing strong
capabilities when applied to the created dataset, but presented more pronounced
performance degradation when transitioning to public datasets, especially in comparison
to the more robust U-Net and ResUNet++ models. This suggests a higher sensitivity to
variations in data sources and characteristics. However, FCN showed a commendable
capacity for improvement with the Private Data Incrementalization, indicating its potential
for enhanced performance given sufficiently varied input. A consistent observation
across experiments was FCN's higher ASSD compared to U-Net and ResUNet++,
pointing to less precise boundary delineation capabilities. This suggests that while FCN
can produce good overall segmentations, it may struggle with the fine details of organ
boundaries.

6.3.2.4 BerDiff

The BerDiff model consistently underperformed relative to the other models, presenting
challenges across all experiments. Its performance was particularly problematic when

generalizing to public datasets, evidenced by a decline in DSC from 0.6149 to 0.2243.
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This substantial drop highlights the modified BerDiff's limited ability to adapt to varied
data sources and characteristics. Interestingly, despite its overall poor performance,
BerDiff demonstrated the highest relative improvement with Private Data
Incrementalization. This observation suggests that the model may require substantially
more extensive and diverse training data to achieve competitive performance levels.
However, even with these improvements, BerDiff's performance remained below that
of the other models in the study.

Although the only evidence of the original BerDiff model's performance can be found
in the authors' original paper [138], it is possible to verify that, possibly due to the
simplification of the model described in sub-chapter 5.8.4, it performed poorer than the
other models. In any case, for contexts such as this project (without sufficient conditions
and computational resources to train the model with the original architecture) the use of
such complex and heavy models is not advantageous, since there are models that seem
to have a simpler architecture, but that remain very powerful for their intended purpose.

6.3.2.5 Models Generalization Capacity

ResUNet++ demonstrated the best generalization capacity, showing the most consistent
performance across different datasets and the most improvements Prwate Data
Incrementalization. U-Net also showed strong generalization capabilities, maintaining high
DSC scores across experiments and showing steady improvements with more data. FCN
presented moderate generalization capacity, with more pronounced performance drops
on public datasets but good improvements with Private Data Incrementalization. However,
the simplified BerDiff model demonstrated poor generalization capacity, struggling with
public datasets and showing limited improvement even with additional data.

6.3.2.6 Summary

Based on the results from all the experiments, it is possible to answer the question:

e Q6 — Which is the most efficient automatic segmentation model for the
case study within the chosen algorithms?

The most efficient automatic segmentation models for this case study are U-Net and
ResUNet++. However, ResUNet++ slightly edges out U-Net as the most efficient
model overall. While both models performed exceptionally well, ResUNet++ showed
slightly better generalization and more consistent improvements across Private Data
Incrementalization. Also, ResUNet++ presented a balance between segmentation
performance and relatively efficient training time, despite longer per-epoch duration. Its
superior performance in boundary precision (as indicated by the lowest ASSD) and
overall segmentation quality (highest DSC in the final experiment) makes it the most
efficient model for this case study.

The choice between ResUNet++ and U-Net might depend on specific use case
requirements. If computational resources are a constraint, U-Net might be preferable as
it is generally less complex than ResUNet++. However, if the highest possible accuracy
and generalization are the primary concerns, ResUNet++ would be the top choice.
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6.3.3 Datasets Analysis

This sub-chapter presents an analysis of the results based on the dataset’s selection and
impact, focusing on the datasets’ influence on models’ performance.

6.3.3.1 Dataset 1

The created dataset (experiments E1, E6, E11, E16) on the U-Net and ResUNet++
models showed an excellent performance, both of them with accuracy above 0.99 and
DSC scores above 0.91 for both training and unseen data, with high DSC indicating
good overlap between predictions and ground truth, as well as a low ASSD, that suggests
precise boundary delineation, as can be seen in the respective qualitative results. It is also
worth mentioning that the MSSD value did not show variation for the different models,
with a variation after several decimal digits. FCN performed well but slightly below U-
Net and ResUNet++, with a DSC score of 0.8666 on unseen data. BerDiff struggled
with this dataset, achieving a DSC score of only 0.6149 on unseen data. It is also visually
evident that the performance of the other models differs from that of BerDiff through
the qualitative results.

6.3.3.2 Dataset 2

For the public datasets (experiments E2, E7, E12, E17), all models showed a slight
decrease in performance, indicating some challenges in generalization. U-Net and
ResUNet++ maintained relatively high performance, with DSC scores above 0.73 on
unseen data. FCN's performance dropped more, with a DSC score of 0.6933 on unseen
data. BerDiff showed a pronounced decrease in performance, with a DSC score of only
0.2243 on unseen data, making it notable for its lower performance on metrics such as
loss, which was higher than the rest of the models.

6.3.3.3 Datasets 3,4 and 5

For the Private Data Incrementalization mixed datasets (experiments E3-E5, E8-E10, E13-
E15, E18-E20), the U-Net and ResUNet++ models showed improved performance as
more data was added, with the best results typically seen in the experiments with the
datasets 4 and 5. ResUNet++ showed slightly better generalization, with more
consistent improvements across Private Data Incrementalization, presenting the DSC value
increasing from 0.8932 to 0.9449 and AOE decreasing from 0.1185 to 0.0990, and
maintained the lowest ASSD throughout (0.0053-0.0054 mm), suggesting superior
boundary delineation. FCN model showed improvements with Private Data
Incrementalization, but the gains were less pronounced compared to U-Net and
ResUNet++, which is consistent with the behavior of the preceding datasets and the
previous experiences. The model's performance stabilized in later experiments,
suggesting it might benefit from even more data. BerDiff model also presented some
improvements with Prwate Data Incrementalization, but its performance remained below
the other models. The BerDiff model's DSC scores on unseen data improved from
0.2243 in E17 to 0.6058 in E20, showing that it benefits from more diverse data.
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Despite having initially considered performing data augmentation (whose techniques
thought to be used can be found in Appendix N) during the data preparation phase, the
process of generalization tests through Private Data Incrementalization turned out to be a
process of increasing the number of input data, the difference being that it brings more
benefits than a usual data augmentation process in which the variations may not be as
visible as, for example, different images.

6.3.3.4 Pre-processing and Post-processing Impact

All models underwent the same pre-processing and post-processing stages, allowing for
a fair comparison of their intrinsic generalization capabilities. The consistent MSSD
values (approximately 4.4721 mm) across all models and experiments indicate that the
post-processing stage effectively standardized the maximum boundary distances,
suggesting that while different CT scan sources affect overall performance, they do not
notably impact the maximum error in boundary delineation. This consistency in MSSD
highlights the importance of post-processing in ensuring comparable results across
different models and datasets.

The pre-processing stage likely contributed to the models' ability to handle diverse
datasets, as evidenced by the improvements seen with Private Data Incrementalization.
However, the varying degrees of performance drop when moving from the created
dataset to public datasets indicate that the models have different inherent capabilities in
leveraging the pre-processed data for generalization.

6.3.3.5 Private Data Incrementalization

The generalization tests through Private Data Incrementalization revealed that U-Net and
ResUNet++ are the most promising models for the given segmentation tasks. They
showed the best performance across different dataset combinations and demonstrated
good generalization capabilities. FCN, while performing well, consistently lagged behind
U-Net and ResUNet++, suggesting that it might benefit from architectural
improvements or more extensive training. BerDiff's poor performance across all
experiments indicates that it may not be suitable for these specific segmentation tasks
without substantial modifications, which will probably correspond to the architecture of
the original model.

All models showed variations in performance when moving from the created dataset to
public datasets, indicating that the source and nature of CT scans influences model
performance. For example, U-Net's DSC dropped from 0.9182 on the created dataset
to 0.7915 on public datasets, showing that the characteristics of different CT scan
sources can greatly affect segmentation performance.

The models generally performed better on the created dataset compared to public
datasets, suggesting that CT scans from different sources (e.g., different machines,
protocols, or patient populations) present generalization challenges, highlighting the
importance of diverse training data that represents various CT scan sources to improve
model robustness.
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As more diverse CT scan data was added (combining created and public datasets), all
models showed improvements in performance. An example of this behavior is the
ResUNet++ model, which DSC value increased from 0.7374 on public datasets alone
to 0.9449 when combining created and public datasets, indicating that a mix of CT scan
sources enhances model performance.

The ASSD metric, which is sensitive to boundary precision, showed variations across
different dataset combinations. This suggests that ditferent CT scan sources may affect
the models' ability to precisely delineate organ boundaries, possibly due to variations in
image quality, contrast, or resolution.

Different models showed varying levels of sensitivity to CT scan sources. ResUNet++
and U-Net demonstrated better adaptability to diverse CT scan sources compared to
FCN and BerDiff. This suggests that model architecture plays a role in how effectively
a model can handle variations in CT scan characteristics.

6.3.3.6 Summary

Based on the results and the analysis presented above, it is possible to answer the
question:

¢ Q7 — How does the data source (CT scans) impact on the performance of
the segmentation models?

CT scan data source impacts segmentation model performance, affecting accuracy,
generalization, and boundary precision. Models perform best when trained on diverse
CT scan sources that represent the variability expected in real-world applications. This
underscores the importance of creating comprehensive and diverse datasets for training
robust segmentation models in medical imaging applications.

To mitigate the impact of data source variability and improve model performance it is
suggested to incorporate diverse CT scan sources in training data, continuing to
implement pre-processing techniques to standardize input data. Another relevant aspect
can be consider domain adaptation techniques to better handle CT scans from new,
unseen sources. Last but not least, regularly update and refine models with new CT scan
data to maintain performance across evolving imaging technologies and protocols.
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7 L+VER: SEGMENTATION APPLICATION

This chapter describes the development of a GUI, from the specification of
requirements for the solution to the interface itself and its main features.

7.1 Requirements Specification

For the specification of the requirements that must be met for the development of the
project, interviews and brainstorming sessions were held with physicians from HUC's
Radiotherapy Department with the aim of understanding their needs and expectations,
so as to answer the question Q5 initially formulated in sub-chapter 1.2:

e Q5 — What are the best specifications and project conditions according to
the HUC's temporal needs and priorities?

To be able to develop the liver segmentation tool, a list of functional and non-functional
requirements is presented below.

7.1.1 Functional Requirements

Table 7.1 outlines the functional requirements for a liver segmentation software
designed for use with CT scans. The requirements ensure that the software presents a
useful tool considering the HUC physician’s needs and expectations.

Table 7.1. Functional requirements.

Requirement ID Description Acceptance criteria

FREQ-01 The system shall allow users to
upload CT in DICOM

format.

Users can successfully upload
DICOM  format files. Non-
DICOM files are not accepted.

scans

FREQ-02 The  system  visualizes  the|Users can view the liver

segmentation of the liver and
overlays it on the original image.

segmentation and its overlay on the
original image.

FREQ-03

The system shall allow visually
adapting the Hounsfield scale of the
image.

Users can adjust the Hounsfield
scale and see the changes reflected
in real-time on the image.

FREQ-04

The system shall allow zooming in
and out of the original image and
overlay segmentation.

Users can zoom in and out of all
image views (original, mask,
overlay) smoothly.

FREQ-05

The system shall clear the image to
allow viewing a new one.

Users can clear the current image
and show a new one without etrrors.
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Requirement 1D Description Acceptance criteria

FREQ-06 The system shall export the|lUsers can export the current
segmentation result in different|segmentation result in different
image formats, such as: image formats defined.

e Image file (PNG, TIF, JPG)
e Scalable Vector Graphics (SVG)
e CSV from plot data

FREQ-07  |The system shall change its|The software’s background theme
background color (screen theme)|changes based on the wuser’s
according to the user’s settings|preferences (dark or light theme).

preferences.

7.1.2 Non-functional Requirements

Table 7.2 presents the non-functional requirements to ensure that the software meets
user needs effectively while maintaining high standards of performance, security, and
usability.

Table 7.2. Non-functional requirements.

Requirement 1D Description Acceptance criteria

NFREQ-01 |The system shall be wuser-|{Users can perform tasks
friendly and intuitive. without extensive training.

NFREQ-02 | The system shall be compatible| The software installs and runs
with  Microsoft  Windows,|without issues on Microsoft
MacOS and Linux. Windows, MacOS and Linux
operating systems.

7.2 Development

The development of the application involved a detailed configuration process to ensure
a robust and efficient system. The technologies and tools employed throughout the
process of developing the application are detailed below, with emphasis on the options
chosen for both the backend and frontend development. Figure 66 shows a graphical
representation of the use made of the tools chosen to develop the application.
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Application Architecture

. *— Open app and import CT scan —* e PyQI6
" ) ) «— connects — ?
«+— Display and export segmentation —s

Physician PyQt6 GUI Images  Build process Visualize and
processing (Pylnstaller) export results

Al model segmentation

Figure 66. Application architecture diagram.
7.2.1 Environment

The GUI of the application was developed using PyQt0, a set of Python bindings for
the Qt application framework. Python 3.9.19 was chosen for its compatibility with
PyQt6 and its extensive libraries, facilitating the creation of a responsive and user-
triendly interface.

7.2.2 Application Build Process

Pylnstaller was employed to build the application. This tool converts Python
applications into standalone executables, ensuring that the end-users can run the
application without needing a Python interpreter. It bundles the application code,
libraries, and other dependencies into a single package.

7.2.3 Automation and Requirements

A custom script was developed to automate the build process. This script handles tasks
such as compiling the code, packaging the application, and running tests, ensuring a
streamlined and repeatable build process.

A virtual environment was used to create the conditions and comply with the
requirements for the backend and frontend in a consistent and isolated environment.
Table 7.3 presents the main components of the application.

Table 7.3. Components within the application.

Frontend Backend Al segmentation model

Handles user interactions| Handles requests from the frontend,| Al best segmentation model
and communicates with the|processes DICOM images, and|(ResUNet++), dependencies,
backend. PySide6 GUI packaged|interacts with the database and Al|and the necessary Python
with Pylnstaller. segmentation model. scripts to run the model.

In order to be able to run the application, the libraries and packages in Appendix L. must
be installed.
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7.3 Main Features

This sub-chapter provides a detailed overview of the main features within the application
(Figure 67), undetlining their functionality and importance while referencing their visual
representations.

Files Export Zoom Segmentation Transformations Light Theme

Figure 67. Menu bar of the application main functionalities.
7.3.1 Menu Files

The Files menu of the application allows the user to upload individual files or entire
tolders (CT series). This sub-chapter describes the main options available in this menu.

7.3.1.1 Upload Single File(s)

The import “single file” feature enables users to upload single images (files) from CT
scans into the application for further processing. It supports DICOM file format and
ensures that the uploaded images are correctly formatted and displayed. The system
includes validation checks to prevent corrupted or incompatible files from being
imported, ensuring data integrity. This feature is shown in Figure 68.

Lover

Figure 68. Single CT scan image (file) uploaded.

7.3.1.2 Upload Folder (CT Series)

The import “CT series” feature enables users to upload a set (folder) of CT scan images
(files) into the application for further processing. As before, it supports DICOM file and
ensures that the uploaded images are correctly formatted and displayed. The system
includes validation checks to prevent corrupted or incompatible files from being
imported, ensuring data integrity. This feature is shown in Figure 69.
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Figure 69. CT scan folder uploaded.

Whenever the application is opened, a new session is created. During the session, the
application checks if a folder (CT seties) has already been uploaded to prevent duplicate
uploads. If the same folder is re-uploaded within the same session, the user is notified
to ensure efficient folder management. However, if the folder is removed from the series
list or the session ends (e.g., by closing the application), it can be uploaded again. This
validation only applies locally within the current session.

7.3.1.3 Upload Multiple Folders (Series)

The app allows users to upload multiple folders for analysis, displaying essential
information about each folder in the "Series" frame, as shown in Figure 70. This includes
the number of images in each folder, the number of series, the patient's name (usually
anonymized), the series instance UID (a DICOM tag commonly used for studying
patients), and the series description. All this information is extracted by reading the
metadata of the DICOM images within the folders.

Figure 70. Multiple CT scan series visualization.

7.3.1.4 Remove Image from Visualization Frame

The app includes a feature for managing the image visualization frame ("DICOM
View"), allowing users to display the original DICOM images and providing the option
to remove images from the view, helping to keep the workspace organized and focused

(Figure 71).
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@) (b)
Figure 71. DICOM View frame: (a) Original image visualization. (b) Image removed from DICOM
View frame.

7.3.2 Menu Export

The app offers various export options for segmentation results, allowing users to save
images in different ways, copying it to the clipboard and also export it as multiple
formats, including PNG, TIF, and JPG (Figure 72). Additionally, it supports exporting
in Scalable Vector Graphics (SVG), CSV format for plot data, and Graphic Interchange
formats, providing flexibility for different use cases and ensuring compatibility with
various tools and platforms.

Figure 72. Export image options.

7.3.3 Menu Zoom

The app includes an option to adjust the zoom level, enabling users to zoom in and
zoom out on the images for a more detailed or broader view (Figure 73), depending on
their needs, always allowing them to reset to the original.

Figure 73. Zoom feature: (a) 100% zoom. (b) 200% zoom.
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7.3.4 Menu Segmentation

The application features a liver segmentation tool using the ResUNet++ model, which
was the best performing of the four tested models (see chapter 6), enabling users to
perform liver segmentation on the current CT series or the selected file, enhancing its
utility for medical image analysis (Figure 74).

DICOM View

Figure 74. Segmentation feature: (a) Original image visualization. (b) Liver segmentation visualization.

7.3.5 Menu Transformations

The app provides transformation options, including applying a negative (inverse) effect
to the image, rotating it, and performing reflections, giving users flexibility in how they
manipulate and analyze the images (Figure 75).
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Figure 75. DICOM image transformation: (a) Negative operation. (b) Flip horizontal. (c) 90 CCW
rotation. (d) Flip vertical. (e) 90 CW rotation.

7.3.6 Menu Light Theme

The app offers both light and dark themes (Figure 76), allowing users to switch between
them based on their preferences for a more comfortable viewing expetience.
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Lever

DICOM View DICOM Metadata Tags

DICOM View

Figure 76. Examples of light screen theme.

7.3.7 Additional Features

This sub-chapter describes additional features related to layout configuration, DICOM
metadata visualization, HU scale modification and ROI visualization.

7.3.7.1 Layout Configuration

The app provides the option to customize the layout according to the user's preferences,
allowing for different configurations and views, as shown in the Figure 77. This flexibility
enhances the user experience by enabling them to arrange the interface in a way that
suits their workflow. This customization only applies locally within the current session.
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Figure 77. Some of the application layout options.

7.3.7.2 DICOM Metadata Visualization

The app provides a dedicated frame for accessing DICOM metadata tags, enabling users
to search/filter for specific values or tags. This functionality allows for easy verification
of important information within the DICOM files (Figure 78).

DICOM View

Figure 78. DICOM metadata.

7.3.7.3 Hounsfield Units

The app enables users to adjust the HU range of the images to be visualized, allowing
tfor enhanced visualization of different structures and tissues within the CT scan images,
being possible to see how the application of HU can impact the image quality (Figure
79).
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© d

Figure 79. HU modifications: (a) Original image. (b) Lower values of HU. (c) Higher values of HU.
(d) Smaller range of values of HU.

7.3.7.4 Region of Interest Visualization

The app displays an ROI plot that is based on the HU values, which are used to quantify
the density of tissues in CT images. In the visualization, once an ROl is selected on the
DICOM image, the plot below dynamically represents the variation in HU values across
the region (Figure 80). This allows users to analyze the intensity of the selected area in
terms of tissue density, helping to identify and differentiate structures within the image
more effectively.

-100CEH -50(I'<HU EHU 504 HU 1006 HU
lung window
: | soft t;ssuie window
bone window —|
parenchymatdus
organs
\ fat and
\ connective lissge
air ||| cancellous buneé bone ‘
| ] i — — -
=1000 HU =500 HU 0HU 500 HU 1000 HU -

(2) (b)
Figure 80. HU application: (a) ROI visualization based on HU values. (b) HU scale for different
structures and tissues. Source: [137].
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8 CONCLUSIONS

This project addressed a comprehensive evaluation of four different
segmentation models (U-Net, ResUNet++, FCN, and BerDiff) across various
datasets to assess their generalization capabilities. The results offer valuable
insights into both the practical application of liver segmentation and the
performance characteristics of different ANN architectures in medical imaging
tasks.

Through this project an intuitive tool was developed allowing HUC’s physicians
to segment one of their main organs of study at no cost. This reduces the
expense typically associated with the segmentation technique, crucial for
treatment planning and monitoring the progression of oncological pathologies.
By freeing the time of the physicians allows them to focus on more critical and
complex tasks. The tool offers some flexibility in terms of its GUI, allowing it
to be customized according to the preferences of the physicians. It easily and
quickly imports the scan intended for liver segmentation and features adjustable
scan display settings. This includes the ability to modify the HU for better
visualization, giving access to scan segmentation with a considerably good
performance compared to other methods reviewed in the literature.

Taking an in-depth look at the timetable for carrying out the tasks initially
presented in Table 1.1, although the project was completed in a reasonable
timeframe, it was initially intended that the T1 completion period would be
shorter, as the project was started at an early date. Due to logistical reasons and
permissions to access HUC data, the T3 process ended up being delayed in both
its start and its duration, as it took a considerable period of time to learn how
to submit a project to the HUC Ethics Committee, as well as to prepare and
review all the necessary documentation. The support of the HUC was essential
for this process, and a strong support was received from the HUC throughout
T3.T5 turned out to be more time-consuming as it involved learning about new
concepts and techniques. As an advantage and a very positive aspect of these
changes in the schedule, there has been a series of publications and scientific
contributions within the scope of the project.

8.1 Strengths

The project provides a comprehensive comparison of different segmentation
models, which conducted across various dataset combinations, offers deep
insights into the generalization capabilities of these models. Particularly
noteworthy is the assessment of Private Data Incrementalization, which evaluated
how models perform with the progressive addition of diverse data. This
approach provided valuable insights into the importance of dataset diversity in
medical imaging tasks. These results not only validate the effectiveness of the
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chosen models but also contribute to the broader understanding of model
behavior in medical image segmentation tasks, also considering the substantial
number of scientific publications submitted during the development of the
project.

Through this project, a cost-effective and intuitive tool for liver segmentation
was developed for HUC’s physicians. This tool reduces the expenses associated
with segmentation techniques crucial for treatment planning and monitoring
oncological pathologies. The application features a user-friendly interface with
a flexible GUI that can be customized to physicians' preferences, allowing for
easy importation of scans and offering adjustable display settings, including
modifiable HU for enhanced visualization. By automating the segmentation
process with good accuracy compared to methods reviewed in the literature,
this tool frees up valuable time for physicians to focus on more critical tasks.

8.2 Limitations

Despite the project's successes, several limitations were encountered that are
important to acknowledge. An important constraint was the limited
computational resources, which restricted the ability to test more robust ANN
architectures. This limitation was particularly evident in the performance of the
simplified BerDiff model, which consistently underperformed compared to
other models, indicating that some complex architectures may require
substantial resources to be effective.

The inability to publicly share the dataset created for this project due to ethical
considerations stipulated by HUC's Ethics Committee, which limits the
reproducibility of the exact results and hinders broader validation by the
scientific community. Additionally, there were technical barriers in developing
automatic export functions and direct integration with the hospital's ARIA
server due to strict security measutes in the hospital's I'T infrastructure. These
challenges represent the complexities of implementing new technologies in
sensitive healthcare environments.

Furthermore, due to time constraints and hospital authorization processes, it
was not possible to conduct usability tests in the hospital departments. This
limitation means that while the tool shows promise in controlled settings, its
performance and usability in real-world clinical environments remain to be fully

validated.
8.3 Future Work

For the future, there are numerous avenues that could enhance the impact and
capabilities of the liver segmentation tool. One interesting task is the
implementation of an automatic integration not only with the CT scans from
the Radiotherapy Department, but more broadly of all the scans archived in the
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hospital's PACS, which can improve the workflow integration of the
application. Alongside this, implementing a feature that allows physicians to
modify the automated segmentation results would provide valuable flexibility,
allowing the tool to better align with clinical judgment.

To further validate and improve the tool, conducting comprehensive usability
tests in hospital departments is a relevant task. This real-world feedback would
be invaluable for refining the GUI and ensuring the tool meets the practical
needs of healthcare professionals. Additionally, there is potential in adapting
the algorithm to accurately segment other organs, which could greatly expand
the HUC’s capabilities across a wider range of anatomical structures.

From a technical perspective, several enhancements could push the boundaries
of the performance of the models. Implementing more advanced data
augmentation techniques could artificially increase dataset diversity, potentially
improving model performance, especially for models like FCN and modified
BerDiff that showed more sensitivity to data variability. Exploring transfer
learning techniques could also vyield benefits, particularly in improving
performance on smaller or more specialized datasets. Further optimization of
the ResUNet++ and U-Net models, focusing on maintaining their high
performance while reducing computational requirements, could make these
models more accessible in resource-constrained environments.

Advanced ML techniques also offer promising directions for future work.
Investigating domain adaptation methods could enhance the ability of the
models to generalize across different CT scan sources and protocols, a critical
factor in real-world medical imaging scenarios. A longitudinal study assessing
how the models perform over time as they are exposed to new, real-world data
could provide insights into strategies for continuous learning and model
updating. Incorporating explainable Al techniques could offer valuable insights
into the decision-making processes of the models, potentially increasing trust
and adoption among medical professionals. Lastly, exploring ensemble
methods that combine the strengths of different models could push the
boundaries of segmentation accuracy and robustness even further.
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Appendix A— Scans Exportation Strategy

The steps of the strategy chosen for the export process are presented below:

1. Search for the patient ID in the table of all scans that can be used

2. Select scan

3. Drag the scan to the right
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4. Select one of the images on the right

5. Click Insert > New 3D image

135



Stephanie Alexandra Batista Nifio

6. Define ID to identity new 3D image

7. Click Contouring at the top

8. Confirm left side has the new 3D image created

9. Choose the 3D image with structures identified

age

10. Right-click on Liver in the image structures
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11. Click on Copy structures to registered image

12.Right-click on the Body in the new 3D image on the right to delete this
structure

13. Click Selection and Save to save the liver contouring for the new 3D

14. Click File, Export and choose folder
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15. Confirm selection

N e 1

v W Series 1

[ U segmentation
) Ragistarsd mmages

07 e seqmentation

rigado

User rign

[ e 82
A (B image 83

B rage 84
1 (@ trage 85
& (B image 86

B g &7
£ [ vage 88

A (3] trege 90
A ([ g 51
2 @ rage 52
8l rage 53
A [ rge 54
2 [ rage 95
&1 (8 wage 96
| [ g 87
1 [ e segrrantation

16. Export selection

ot Vew oem mal Fe 6t View Mesure oo

[ G Summary
Selecien || Contourng | i
| —

- sens Moty _Succseded Failed e
a G -

@ Sructure Set 1
B image 57 Tota 5

{8 image 53
{8 mage 52
[ mage 1
[ image 50
<[] Lin segmentation
agistored images
L _sogmentation
Figado
er Origm

138



2D Liver Segmentation in Abdominal Computed Tomography Scans

Appendix B— SQL Query for Scans Retrieval

The first step for creating the dataset involved defining the Structured Query
Language (SQL) query for ARIA's MSSQL database presented below:
SELECT

TOP 1000

pat.Patientld

,c.[CourselD]

,c.[StartDateTime]

FROM

[VARIAN].[dbo].[Course] c

JOIN

[VARIAN].[dbo].Patient as pat

on c.PatientSer = pat.PatientSer

WHERE

c.CourselD  LIKE  '"%[eE][sS][tT][0O]%' OR c.CourselD LIKE
"% [Pp][AAaA][nN]%' OR c.CourselD LIKE '%[Ff][ilil][gG]%' OR
c.CourselD  LIKE  '"%[LI[][vV][eE]%" OR c.CourselD LIKE
"%[Hh][eE][pP]%'

OR  c.CourselD LIKE '%[Bb][L][IL][i[]%" OR c.CourselD LIKE
'%[Ee] [sS][oO6O][fF] %'

OR  c.CourseID LIKE '%[Re][li][mM]%" OR c.CourselD LIKE
/o [pP] [uU][IL] [mM] %'

ORDER BY

c.PatientSer DESC
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Appendix C— Script for Scans Anonymization

#!/bin/bash
H

#

https://dicom.nema.org/medical/dicom/current/output/chtml/part15/chap
ter_E.html

ID="openssl rand -hex 8"

DATE="20240201"
TIME="123947.318695"

dem_modify () {

demodify -nb -imt -ma "(0008,0050)=ANON" -ea "(0008,0012)" -ea
"(0008,0013)"" \

“ea "(0008,0015)" -ea "(0008,0021)" -ea "(0008,0022)" -ea "(0008,0024)" -ea
"(0008,0025)" \

~ea "(0008,002A)" -ea "(0008,0031)" -ea "(0008,0032)" -ea "(0008,0034)" -ea
"(0008,0035)" \

“ea "(0008,0054)" -ea "(0008,0055)" -ea "(0008,0080)" -ea "(0008,0081)" -ea
"(0008,0082)" \

~ea ""(0008,0096)" -ea "(0008,009D)" -ea "(0008,0201)" -ea "(0008,1010)" -ea
"(0008,1030)" \

-ea "(0008,103E)" -ea "(0008,1040)" -ea "(0008,1041)" -ea "(0008,1048)" -ea
"(0008,1049)" \

-ea "(0008,1050)" -ea "(0008,1052)" -ea "(0008,1060)" -ea "(0008,1062)" -ea
"(0008,1070)" \

~ea "(0008,1072)" -ea "(0008,1080)" -ea "(0008,1084)" -ea "(0008,1088)" -ea
"(0008,2111)" \

“ea "(0010,0021)" -ea "(0010,0032)" -ea "(0010,0050)" -ea "(0010,0101)" -ea
"(0010,0102)" \

“ea "(0010,1000)" -ea "(0010,1001)" -ea "(0010,1002)" -ea "(0010,1010)" -ea
"(0010,1020)" \

~ea "(0010,1030)" -ea "(0010,1100)" -ea "(0010,2160)" -ea "(0010,2180)" -ea
"(0010,21B0)" \
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-ea "(0010,2203)" -ea "(0010,2297)" -ea "(0010,2299)" -ea "(0010,4000)" -ea

"(0012,0051)" \

-ea "(0012,0071)" -ea "(0012,0072)" -ea "(0012,0082)" -ea "(0012,0086)" -ea

"(0012,0087)" \

~ca "(0016,002B)" -ca "(0016,004B)" -ca "(0016,004D)" -ca "(0016,004E)" -

ea "(0016,004F)" \

“ea "(0016,0050)" -ea "(0016,0051)" -ea "(0016,0070)" -ea "(0016,0071)"

"(0016,0072)" \

-ea "(0016,0073)" -ea "(0016,0074)" -ea "(0016,0075)" -ea "(0016,0076)"

"(0016,0077)" \

-Ca

-Ca

“ea "(0016,0078)" -ea "(0016,0079)" -ea "(0016,007A)" -ea "(0016,007B)" -ea

"(0016,007C)" \

-ea "(0016,007D)" -ea "(0016,007E)" -ea "(0016,007F)" -ea "(0016,0080)" -ea

"(0016,0081)" \

-ea "(0016,0082)"
"(0016,0086)" \

~ea "(0016,0087)"
"(0016,008B)" \

~ea "(0016,008C)"
"(0018,0035)" \

~ea "(0018,1000)"
"(0018,1008)" \

“ea "(0018,1009)"
"(0018,1030)" \

“ea "(0018,1042)"
"(0018,1078)" \

“ea "(0018,1079)"
"(0018,1205)" \

“ea "(0018,1400)"
"(0018,700E)" \

_ea "(0018,9185)"
"(0018,9424)" \

_ea "(0018,9516)"
"(0018,A003)" \

“ea "(0020,0027)"
"(0032,1066)" \

“ea "(0016,0083)" -ea "(0016,0084)"

“ea "(0016,0085)"

-Ca

~ea "(0016,0088)" -ea "(0016,0089)" -ea "(0016,008A)" -ea

~ea "(0016,008D)" -ea "(0016,008E)" -ea "(0018,0027)" -ea

“ea "(0018,1004)" -ea "(0018,1005)"
“ea "(0018,100A)" -ea "(0018,1012)"
“ea "(0018,1043)" -ea "(0018,1072)"

-ea "(0018,1200)" -ea "(0018,1201)"

~ea "(0018,5011)" -ca "(0018,700A)"

-ea "(0018,9373)" -ea "(0018,937B)"
-ea "(0018,9517)" -ea "(0018,9937)"

-ea "(0020,4000)" -ea "(0020,9158)"
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“ea "(0018,1007)"
“ea "(0018,1014)"
“ea "(0018,1073)"
“ea "(0018,1204)"
~ea "(0018,700C)"
~ea "(0018,937F)"
~ea "(0018,A002)"

“ea "(0032,1060)"

-Ca

-Ca

-€a

-€a

-€a

-ca

-ca

-Ca
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“ea "(0032,1067)" -ea "(0038,0010)" -ea "(0038,0011)" -ea "(0038,0014)" -ea
"(0038,0060)" \

“ea "(0038,0061)" -ea "(0038,0062)" -ea "(0038,0064)" -ea "(003A,0329)" -ea
"(003A,032B)" \

“ea "(0040,0007)" -ea "(0040,0009)" -ea "(0040,0244)" -ea "(0040,0245)" -ea
"(0040,0250)" \

“ea "(0040,0251)" -ea "(0040,0253)" -ea "(0040,0254)" -ea "(0040,0275)" -ea
"(0040,0280)" \

“ea "(0040,0310)" -ea "(0040,051A)" -ea "(0040,0555)" -ea "(0040,0600)" -ea
"(0040,0602)" \

“ea "(0040,1002)" -ea "(0040,100A)" -ea "(0040,1102)" -ea "(0040,1103)" -ea
"(0040,1104)" \

~ea "(0040,A032)" -ea "(0040,A033)" -ea "(0040,A078)" -ca "(0040,A07A)" -
ea "(0040,A07C)" \

“ea ""(0044,0105)" -ea "(0050,001B)" -ea "(0050,0020)" -ea "(0050,0021)" -ea
"(006A,0006)" \

“ea "(0070,0082)" -ea "(0070,0083)" -ea "(0070,0086)" -ea "(0088,0200)" -ea
"(0100,0420)" \

“ea "(0400,0310)" -ea "(0400,0402)" -ea "(0400,0403)" -ea "(0400,0404)" -ea
"(0400,0561)" \

-ea "(0400,0600)" -ea "(2200,0002)" -ea "(2200,0005)" -ea "(3002,0121)" -ea
"(3002,0123)" \

“ea "(3006,0004)" -ea "(3006,0006)" -ea "(3006,0028)" -ea "(3006,002D)" -ea
"(3006,002E)" \

-ea "(3006,0038)" -ea "(3006,004D)" -ea "(3006,004E)" -ea "(3006,0085)" -ea
"(3006,0088)" \

-ea "(3008,0054)" -ea "(3008,0056)" -ea "(3008,0105)" -ea "(3008,0250)" -ea
"(3008,0251)" \

~ea "(300A,0003)" -ea "(300A,0004)" -ea "(300A,0006)" -ea "(300A,0007)" -
ea "(300A,000E)" \

“ea "(300A,0016)" -ea "(300A,0072)" -ea "(300A,00B2)" -ea "(300A,00C3)" -
ea "(300A,00DD)" \

“ea "(300A,0196)" -ea "(300A,01A6)" -ea "(300A,01B2)" -ea "(300A,0216)" -
ea "(300A,02EB)" \

ea "(300A,0676)" -ea "(300A,078E)" -ea "(300A,0792)" -ca "(300A,0794)" -
ea "(300A,079A)" \
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“ea "(300C,0113)" -ea "(300E,0008)" -ea "(3010,0036)" -ea "(3010,0037)" -ea

"(3010,004C)" \

“ea "(3010,004D)" -ea "(3010,0056)" -ea "(3010,0061)" -ea "(3010,0077)" -ea

"(3010,0085)" \

—ea "(FFFA,FFFA)" -ea "(FFFC,FFFC)" \

‘ma  "(0008,0020)=$DATE"
"(0008,0030)=$ TTME" \

‘ma  "(0008,0033)=$TIME"
"(0008,009C)=ANON" \

ma  "(0008,0106)=ANON"
"(0010,0010)=$ID" \

ma  "(0010,0020)=$ID"
"(0010,0040)=ANON" \

-ma "(0012,0010)=ANON"
"(0012,0021)=ANON" \

‘ma  "(0012,0030)=ANON"
"(0012,0040)=ANON" \

‘ma "(0012,0042)=ANON"
"(0012,0060)=ANON" \

ma "(0012,0081)=ANON"
"(0018,11BB)=ANON" \

‘ma "(0018,1203)=ANON"
"(0018,9151)=ANON" \

‘ma  "(0018,9367)=ANON"
"(0018,936A)=ANON" \

‘ma  "(0018,9371)=ANON"
"(0018,9701)=ANON" \

‘ma  "(0018,9804)=ANON"
"(0020,0010)=ANON" \

-ma "(0034,0001)=ANON"
"(0034,0005)=ANON" \

‘ma  "(0034,0007)=ANON"
"(0040,0512)=ANON" \

-ma "(0040,0513)=ANON"
"(0040,0562)=ANON" \

-ma "(0040,0610)=ANON"
"(0040,2016)=ANON" \

-ma
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"(0008,0023)=$DATE"
"(0008,0090)=ANON"
"(0008,0107)=ANON"
"(0010,0030)=$DATE"
"(0012,0020)=ANON"
"(0012,0031)=ANON"
"(0012,0050)=ANON"
"(0018,0010)=ANON"
"(0018,9074)=ANON"
"(0018,9369)=ANON"
"(0018,9623)=ANON"
"(0018,9919)=ANON"
"(0034,0002)=ANON"
"(003A,0314)=ANON"
"(0040,0551)=ANON"

"(0040,1101)=ANON"
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ma  "(0040,2017)=ANON"  -ma
"(0040,A030)=ANON" \

‘ma  "(0040,A073)=ANON"  -ma
"(0040,A082)=ANON" \

‘ma  "(0040,A088)=ANON"  -ma
"(0040,A121)=ANON" \

‘ma "(0040,A122)=ANON"  -ma
"(0040,A13A)=ANON" \

‘ma  "(0040,A730)=ANON"  -ma
"(0044,0104)=ANON" \

ma  "(0068,6226)=ANON"  -ma
"(006A,0005)=ANON" \

ma  "(0070,0001)=ANON"  -ma
"(0072,000A)=ANON" \

ma "(0072,005E)=ANON"  -ma
"(0072,0061)=ANON" \

‘ma "(0072,0063)=ANON"  -ma
"(0072,0066)=ANON" \

‘ma  "(0072,0068)=ANON"  -ma
"(0072,006B)=ANON" \

‘ma "(0072,006C)=ANON"  -ma
"(0072,006E)=ANON" \

‘ma  "(0072,0070)=ANON"  -ma
"(0400,0105)=ANON" \

-ma "(0400,0115)=ANON" -ma
"(0400,0563)=ANON" \

‘ma  "(0400,0564)=ANON"  -ma
"(2100,0140)=ANON" \

‘ma  "(3006,0002=ANON"  -ma
"(3006,0009)=$TIME" \

"(0040,A027)=ANON"
"(0040,A075)=ANON"
"(0040,A120)=ANON"
"(0040,A123)=ANON"
"(0042,0011)=ANON"
"(0068,6270)=ANON"
"(0070,0084)=ANON"
"(0072,005F)=ANON"
"(0072,0065)=ANON"
"(0072,006A)=ANON"
"(0072,006D)=ANON"
"(0072,0071)=ANON"
"(0400,0562)=ANON"
"(0400,0565)=ANON"

"(3006,0008)=$DATE"

-ma "(3006,00A6)=ANON" -ma "(3008,0024)=ANON" \

‘ma  "(3008,0025=ANON"  -ma
"(3008,0164)=ANON" \

‘ma  "(3008,0166)=ANON"  -ma
"(300A,0002)=ANON" \

‘ma  "(300A,022C)=ANON"  -ma
"(300A,0608)=ANON" \
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"(3008,0168)=ANON"

"(300A,022E)=ANON"

-ma
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‘ma  "(300A,0611)=ANON"
"(300A,0619)=ANON" \

ma  "(300A,0623)=ANON"
"(300A,067C)=ANON" \

‘ma "(300A,067D)=ANON"
"(300A,0736)=ANON" \

‘ma  "(300A,073A)=ANON"
"(300A,0742)=ANON" \

‘ma  "(300A,0760)=ANON"
"(300C,0127)=ANON" \

‘ma  "(300E,0004)=$DATE"
"(3010,000F)=ANON" \

‘ma  "(3010,0017)=ANON"
"(3010,002D)=ANON" \

‘ma  "(3010,0033)=ANON"
"(3010,0035)=ANON" \

‘ma  "(3010,0038)=ANON"
"(3010,0054)=ANON" \

‘ma  "(3010,005A)=ANON"
"(3010,007A)=ANON" \

‘ma  "(3010,007B)=ANON"
"(3010,0081)=ANON" \

$1

# -ma "(30006,0026)=ANON"

BASE_DIR="dirname $1°

STORE_DIR="$BASE_DIR/$ID"

if [ -d $1 ]; then
mv §1 $STORE_DIR
cd $STORE_DIR
fi

-ma

-ma

-ma
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"(300A,0615)=ANON"
"(300A,062A)=ANON"
"(300A,0734)=ANON"
"(300A,0741)=ANON"
"(300A,0783)=ANON"
"(300E,0005)=$ TIME"
"(3010,001B)=ANON"
"(3010,0034)=ANON"
"(3010,0043)=ANON"
"(3010,005C)=ANON"

"(3010,007F)=ANON"
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SAVEIFS=$IFS
IFS=$(echo -en "\n\b")

for file in '1Is *; do
# echo "$file"
dem_modify "$file"

done

# restore $1FS
IFS=$SAVEIFEFS
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Appendix D— RECPAD 2023 Publication

Poster presentation at Portuguese Conference on Pattern Recognition (RECPAD 2023)
with the initial project proposal (Artificial Intelligence-driven Approaches

for Radiation Dose Prediction in Computed Tomography Scans):

Al-Driven Approaches for Radiation Dose Prediction in Computed Tomography Scans

Stephanie Batista’
stephanieabn@gmail.com

Inés Domingues'?
inesdomingues@gmail.com

Miguel Couceiro'3#
couceiro@isec.pt

Ricardo Filipe®
ricardo.angelo.filipe@gmail.com

1 Polytechnic Institute of Coimbra, Coimbra Institute of Engineering,
Rua Pedro Nunes - Quinta da Nora, 3030-199 Coimbra, Portugal.

2]PO Porto Research Center (CIHIPOP): Medical Physics,
Radiobiology & Radiation Protection Research Group, Portugal

3 Institute of Applied Research (i2A), Portugal
4 Laboratory for High Performance Computing (LaCED), Portugal
5 Altice Labs, S.A, Portugal

Abstract

Optimizing radiation doses for computed tomography (CT) scans is essential to
ensure patient safety by minimizing potential health risks associated with ionizing
radiation exposure. The necessity arises from the key role of CT scans in disease
diagnosis and monitoring, balanced against the inherent radiation hazards they
pose. To address this need, an innovative project is underway, proposing the
application of Artificial Intelligence (AI) models to predict ionizing radiation doses
within CT scans, effectively refining radiological practices and minimizing
associated risks. The project aims to enhance healthcare quality by aligning doses
with Diagnostic Reference Levels (DRLs) in Portugal. The approach employed is
personalized, adapting imaging protocols based on individual patient attributes,
following the ALARA (As Low as Reasonably Achievable) principle, aimed at
achieving the minimal radiation exposure necessary for diagnosis without
compromising accuracy. By leveraging technology, the project empowers
healthcare professionals with efficient data analysis, facilitating precise diagnoses
and effective treatments. This initiative contributes to compliance with radiological
protection guidelines, contributing to Portugal's commitment to radiological
protection, while healthcare professionals diligently adhere to medical protocols.
These collaborative actions prioritize patient welfare and improve healthcare safety
by mitigating the risks of ionizing radiation and promoting a technologically
advanced healthcare environment.

1 Introduction

Radiology exams play a crucial role in the diagnosis and monitoring of
diseases, but they also expose patients to ionizing radiation, which can
pose health risks if not properly controlled. In Portugal, medical
radiological exposures constitute the main source of artificial ionizing
radiation exposure for citizens, making it essential to ensure radiological
protection of patients during CT scans. To this end, strict guidelines and
regulations have been adopted, including [3], [4], [6] and [7], which
emphasize the importance of protecting patients from ionizing radiation
in medical radiological exposures.

When it comes to the application of Medical Physics in Portugal,
especially in CT scans for diagnosing and monitoring diseases, it is
regulated by international regulations and national legislation.
Organizations such as the International Commission on Radiological
Protection (ICRP), the International Atomic Energy Agency (IAEA) and
the European Commission establish fundamental guidelines for
radiological protection and the safety of ionizing radiation equipment
[11][12]. Portuguese legislation establishes a comprehensive legal
framework for radiological protection in Portugal, with specific
ordinances detailing technical standards and requirements. This
regulatory framework guarantees the safety, efficacy and quality of
radiological procedures, protecting workers, patients and the public from
the risks associated with exposure to ionizing radiation [1].

The proposed project aims to apply Artificial Intelligence (AT) models
to predict the dose of ionizing radiation to which patients are exposed
during CT scans, providing relevant information to improve radiological
practices and minimize the risks associated with CT scans. With this
project, the goal is to compare the performance of various models
(decision trees, neural networks, support vector machines, random forest,
etc.) in dose prediction, considering that currently the dose is determined
manually by healthcare professionals or automatically by the equipment
during CT scans [5]. Therefore, this project can be of great utility in
validating the radiation dose that is defined to be administered to the
patient.

By predicting the radiation dose, this project can significantly
contribute to the improvement of the quality of healthcare services
provided to patients in Portugal, optimizing radiation doses and ensuring
they are within the DRLs. This allows for the adaptation of imaging
protocols to each patient, considering factors such as age, weight, and
medical history. This personalized approach ensures that patients receive

the lowest possible radiation dose without compromising the quality of
image diagnosis, following the ALARA principle [10].

Additionally, it provides healthcare professionals with greater
efficiency in data analysis and interpretation, resulting in more accurate
diagnoses and more effective treatments. Thus, the project represents a
significant technological advancement in the healthcare field in Portugal,
transforming how healthcare professionals deal with the evaluation of
data related to ionizing radiation dose in CT scans.

The structure of the paper is composed in section 2 by an overview of
the proposal that will be implemented. Section 3 presents some of the
fundamental dosimetry quantities that might be used in the project, which
are essential for establishing radiological protection principles and
systems for both external and internal exposure of biological tissues to
radiation. In section 4, it is presented the conclusions of the proposal and,
lastly, the main references used to prepare the article are provided.

2 Approach

This study aims to develop a strategy for predicting ionizing radiation
doses in CT scans by applying Al models. At an early stage, models such
as Support Vector Machines (SVM), Random Forest, Artificial Neural
Networks and Decision Trees will be explored, bearing in mind that a
selection of models will subsequently be made based on their ability to
handle complex medical data and make accurate predictions in the context
of the project.

The strategy will be based on a large set of data from CT scans
(examination example shown in Figure 1) stored in the Picture Archiving
and Communication System (PACS) from a Portuguese hospital [2][8].
To ensure compliance with the General Data Protection Regulation
(GDPR), an anonymization procedure will be applied during a pre-
processing stage of the data, selecting those features that might allow
patients to be identified, with the purpose of guaranteeing patient
protection and safety in all circumstances.

Figure 1: Chest CT: lung window (a) and soft tissue window (b) [13].
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As a first approach to dose prediction, features such as age, weight,
and medical history, along with imaging parameters, will be used to
estimate the radiation dose that would be delivered during the scan, also
analyzing the relationship between different features, as well as avoiding
redundancy of information in features that present the same information,
to allow the recognition of patterns in patient medical information.

Once trained with a vast set of known data, these models will be able
to accurately estimate radiation doses for new CT scans, helping to
optimize imaging protocols, personalize patient care and minimize risks
associated with exposure to ionizing radiation. The most appropriate
models will be selected later, considering the specific objectives of the
study and the clinical context (Figure 2).

Models training

Moceis ssting 3 praesion

Figure 2: System approach overview.

In a conclusive phase, the theoretical values of several fundamental
quantities in the field of Medical Physics are calculated to complement
the prediction value of the models (see Section 3), which are finally
compared with the previously defined DRLs.

DRLs are predetermined values used to assess radiation dose in
radiological examinations, like CT scans. They optimize procedures,
ensuring diagnostic quality while keeping patient exposure within
acceptable limits. DRLs are crucial for radioprotection, monitoring and
controlling radiation dose to minimize risks.

In the context of CT, DRLs are established based on protocols
considering aspects such as technique, body region, and patient age.
Standardization improves diagnoses and reduces dose variability across
hospitals. Continuous monitoring, comparing dose data with established
values, ensures compliance and patient safety.

By applying these Al models, the project seeks to provide healthcare
professionals with a reliable tool for estimating radiation doses in CT
scans. This enables them to optimize imaging protocols, personalize
patient care, and minimize the potential health risks associated with
ionizing radiation exposure.

3 Dosimetric Quantities for Radiation

Measurement and Dose Assessment

Dosimetric physical quantities are essential for establishing principles and
systems of radiological protection in both external and internal exposure
of biological tissues to radiation [9]. External radiation fields can be
described solely by physical quantities, while internal fields depend on
biokinetic, anatomical, and physiological parameters, making them
extremely difficult to estimate.

Kinetic Energy Released per unit Mass (Kerma) is defined as the
average energy transferred (E7x) by neutral particles (photons and
neutrons) to charged particles (electrons and protons) in the medium, per
unit mass (m). The SI unit of Kerma is Gray (Gy) and is defined by
equation (1).

K = e ()
dm

Absorbed dose (D) is the fundamental quantity in radiological
protection and is defined as the energy deposited by ionizing radiation (£)
per unit mass of tissue (m). The SI unit of absorbed dose is Gray (Gy) and
is defined by equation (2).

dE
T am

D @

Dose equivalent (H7) in an organ or tissue T corresponds to the
average absorbed dose in that tissue or organ (Dr) deposited by radiation
R, which is defined by the type and energy of the interacting radiation and
Wr corresponds to the radiation weighting factors that have been
stipulated based on the relative biological effectiveness (RBE) of the

various radiations. It is calculated using equation (3), and its SI unit is
Sievert (Sv).
Hy = Z Wk DTJR (3)
Effective dose (E) is defined as the weighted sum of equivalent doses
in different tissues (equation (4)), where Wr is the tissue weighting factor,
and Y Wr=1. This parameter considers the different radiosensitivity of
each exposed tissue or organ, with tissues having higher radiosensitivity
associated with higher values of Wr. Tts ST unit is Sievert (Sv).

E= YrWrHy = Xy Wy Xp WgDrp )

The values of W7 were initially established in 1977 by the ICRP and
revised in 1990 to consider the fatality of different neoplasms and
hereditary effects. Based on various epidemiological studies, they were
revised again, resulting in changes that apply to all age groups and both
genders. It is worth noting that over the years, there has been a decrease
in Wrvalues, indicating a decrease in the radiosensitivity associated with
different tissues. Consequently, the radiation hazard to biological tissues
has been reduced.

4 Conclusions

This study intends to achieve several objectives related to importing,
processing and analyzing data from CT images. By developing models
for predicting the appropriate radiation dose, identifying potential adverse
effects of radiation exposure, analyzing the factors that influence the dose
received by patients and validating diagnostic reference levels, the aim is
to ensure adherence to the principles of justification, optimization and
limitation of radiation dose.

By achieving these results, the project will contribute to the
radiological protection of patients, improving the quality of imaging
exams and maximizing clinical benefits, ensuring that each patient
receives the appropriate radiation dose and minimizing the associated
risks.
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This project aims to develop an Al-based strategy for predicting ionizing radiation
doses in Computed Tomography (CT) scans. Using a large dataset from CT scans stored
in a Portuguese hospital’s Picture Archiving and Communication System (PACS), this
study will apply an anonymization procedure to protect patient privacy in compliance
with GDPR. Various Al models will be explored. The selection of models will be based
on their ability to handle complex medical data and accurately predict radiation doses.
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Abstract: Oncology has emerged as a crucial field of study in the domain of medicine. Computed
tomography has gained widespread adoption as a radiological modality for the identification and
characterisation of pathologies, particularly in oncology, enabling precise identification of affected
organs and tissues. However, achieving accurate liver segmentation in computed tomography
scans remains a challenge due to the presence of artefacts and the varying densities of soft tissues
and adjacent organs. This paper compares artificial intelligence algorithms and traditional medical
image processing techniques to assist radiologists in liver segmentation in computed tomography
scans and evaluates their accuracy and effidency. Despite notable progress in the field, the limited
availability of public datasets remains a significant barrier to broad participation in research studies
and replication of methodologies, Future directions should focus on increasing the accessibility of
public datasets, establishing standardised evaluation metrics, and advancing the development of
three-dimensional segmentation techniques. In addition, maintaining a collaborative relationship
between technological advances and medical expertise is essential to ensure that these innovations
not only achieve technical accuracy, but also remain aligned with clinical needs and realities. This
synergy ensures their applicability and effectiveness in real-world healthcare environments.

Keywords: artificial intelligence; computed tomography; hepatic pathologies; liver segmentation

1. Introduction

As one of the most important organs in the digestive system, the liver performs
critical functions such as breaking down nutrients, producing bile and eliminating toxic
substances. However, liver-related diseases, particularly oncological diseases, pose health
risks, and liver cancer is a leading cause of cancer-related mortality worldwide [1,2].
Computed tomography (CT) has become an integral part of diagnosis, treatment planning
and monitoring the progress of oncological diseases [3,4], providing detailed cross-sectional
images for accurate visualisation of internal structures, including liver tumours [5,6].

With the advancement of technology and artificial intelligence (Al) in medicine, there
is a growing need to optimise the identification of oncological diseases [7]. Medical image
segmentation is emerging as a fundamental step in the pipeline [8-11]. Liver segmentation
in CT scans has emerged as a critical area, requiring accurate identification and delimitation
of the liver region for treatment planning and progress monitoring, as well as for early
detection of liver lesions and metastases to other organs [12-14]. However, accurate liver
segmentation on CT scans is challenging due to factors such as artefacts, varying soft tissue
densities and the complexity caused by adjacent organ proximity [15,16].

Sensors 2024, 24, 1752. https:/ /doi.org,/103390 /524061752
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The aim of this paper is to provide an overview of the state of the art in the application
of Al, as well as traditional methods and techniques, for liver segmentation in CT scans to
enable an understanding of which factors most influence the performance of the models
and methods used by the selected studies and lead them to perform differently for the
same objective.

Some of the aspects that will be compared include datasets considerations, algorithms
used, robusiness, performance and evaluation. Specifically, we aim to answer the following
research questions (RQs):

¢ RQl—What are the challenges and limitations associated with accurate liver segmen-
tation in CT scans?

¢ RQ2—How does the choice of the method impact the accuracy and efficiency of liver
segmentation in CT scans?

* RQ3—What are the evaluation metrics commonly used to assess the performance of
Al models and traditional methods for liver segmentation in CT scans?

A systematic review of the literature was conducted to address these research ques-
tions. Google Scholar was used for document retrieval, and the most representative docu-
ments from each year were selected. It is worth noting that only a few studies were found
that provided an intuitive and visual approach for healthcare professionals to manipulate
and interpret the segmentation results.

This paper reviews studies on liver segmentation from CT scans, organised according
to the methods used. The paper’s selection methodology is detailed in Section 2, followed
by a categorisation of Al models and medical image processing methods in Section 3.
Section 4 summarises the main findings, while Section 5 provides a discussion of the results
of the methods used. The paper concludes in Section 6 with the conclusions and directions
for future work.

2. Methodology

This section outlines the approach taken in conducting the literature review, which
involved synthesising existing knowledge, critically assessing methodologies and analysing
the results to compare the performance of each Al model and traditional methods for liver
segmentation in CT scans.

2.1. Data Sources
Google Scholar (https:/ /scholar.google.com/, accessed on 20 January 2024) has devel-

oped over the years and has become a robust database for the scientific literature [17]. It
was therefore chosen as the research tool for the present study.

2.2, Search Queries

A search performed on 30 January 2024, with the query “intitle:Liver + intitle:segmentation +
(intitle: CT OR + intitle:tomography)” returned approximately 980 results in just 0.04 s.

2.3. Inclusion Criteria

The most relevant papers from each year have been included in this historical overview.
In the context of Google Scholar, relevance refers to the degree to which the search results
match the criteria or the context of the query. The sorting algorithm takes into account
several factors to determine the order of the results, including the presence of search terms
and citation counts. In addition, the review papers were all included in the current state of
the art, which amounted to a further five documents.
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2.4. Exclusion Criteria

Papers that did not meet the criteria defined in Section 2.3 were not included. Pa-
pers written in languages other than English, Portuguese and Spanish were also excluded.
As a final exclusion criterion, papers were excluded if the full document was not pub-
licly available.

2.5. Characterisation of Selected Papers

The earliest paper dates to 1990, and thus, a potential total of 35 papers could be
selected (the most relevant per year between the years of 1990 and 2024). The distribution
of the total number of papers retrieved per year is given in Figure 1. As can be seen, some
years do not have any papers, and thus a total of 30 documents were finally included in the
historical review. It is also clear that interest in the topic has increased over the years.
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Figure 1. Distribution of the retrieved papers over the years.

A word cloud constructed from the titles of the selected papers is shown on the left
side of Figure 2. On the right side is a pie chart showing the number of journals, conference
proceedings and reports.
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Figure 2. Characterisation of the selected papers.

Several taxonomies can be used to characterise the reviewed papers. We decided
to adopt the taxonomy introduced in a recent paper by Sakshi and Kukreja (2023) [18],
published in the reputable journal Archives of Computational Methods in Engineering (Im-
pact Factor of 9.7). Figure 3 shows the selected papers categorised by image segmentation
technique according to this taxonomy.
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Figure 3. Selected paper distribution according to the categories of image segmentation techniques.

3. Literature Review

Based on the selected papers, this literature review provides a historical overview of
different methods and approaches for liver segmentation in medical imaging (Section 3.1).
It covers neuronal-network-based segmentation, region-based segmentation, edge-based
segmentation, threshold segmentation, semantic segmentation and cluster-based segmen-
tation techniques. This review includes a comparison of the results and discusses the
potential applications and strengths of each method. Section 3.2 compares this review with
other existing summaries of the state of the art.

3.1. Historical Overview

As mentioned in Section 2, one paper per year between the years of 1990 and 2024 was
selected, summing to a total of 35 documents. For five years, the search retrieved no results
(see Figure 1), resulting in 30 documents. Unfortunately, the full texts of two works were
not available. The remaining 28 documents are briefly described below.

The oldest work found to tackle liver segmentation is the one by Bae etal. (1993) [19],
presenting a similar sequential image-by-image segmentation technique using a reference
image, where the liver occupies a significant portion of the abdomen cross-section. Ima ge
processing techniques, including grey-level thresholding, Gaussian smoothing and con-
nectivity tracking, are employed to extract the liver boundaries. The resulting boundaries
are then smoothed using mathematical morphology techniques and B-splines. This study
focuses on a living-donor liver transplant program, and the computer-determined bound-
aries are compared with those drawn by a radiologist, showing agreement within 10% of
the calculated areas.

Gao et al. (1996) [20] focus on facilitating 3D visualisations for surgical planning,
Their method employs a global histogram analysis, morphologic operations and a para-
metrically deformable contour model to delineate the liver boundary. Ten cases were
used to validate the approach and promising results were found with minimal operator
intervention required.

Soler et al. (1997) [21] propose an automatic method for segmenting the portal vein,
with the primary objective of achieving accurate segmentation with detailed branching and
topological information, facilitating the localisation of liver tumours concerning Couinaud’s
anatomical segmentation. This approach involves the initial detection of liver contours
using 3D deformable models, followed by limiting the CT images to a liver mask containing
hepatic tissue, vascular trees and potential tumours. Classification of anatomical structures
is performed using Gaussian curves fitted to an intensity histogram. The vascular trees and
tumours are segmented through a hysteresis thresholding technique based on a distance map,
considering the Gaussian parameters. An isotropic image is obtained through shape-based
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interpolation and the portal vein is reconstructed using skeletonization, eliminating short
branches and correcting errors. Results demonstrate that the algorithm automatically extracts
the first three main bifurcations of the portal vein, comparable to manual segmentation.

Yoo et al. (2000) [22] focus on the use of pixel ratios. By analysing the grey value range
of a normal liver in CT images, a binary image is generated and then processed into four
mesh images based on hole ratios to eliminate noise. A template representing the general
outline of the liver is generated from the union image of these mesh images and subtracted
from the binary image to accurately represent the organ boundary. The pixel ratio, which
takes into account the distribution of organ pixels, was used to discriminate between the
organ and noise, especially in cases where organs have similar grey value ranges. The
proposed method reduced the processing time compared to existing methods and was
validated against manual segmentation by medical experts.

Pan and Dawant (2001) [23] introduce a level-set approach, which addresses the
challenge of defining appropriate speed functions for contour propagation. A speed
function is proposed to stop the propagation of the contour at organ boundaries with
weak edges by incorporating the accumulative speed based on the path of the contour,
enhancing the robustness of segmentation in noisy images. The method also leverages
a priori anatomical information to improve the accuracy. Tested on five CT datasets,
including cases with abnormal livers, tise method demonstrates good agreement with
manual delineations.

Saitoh etal. (2002) [24] present an automated method for segmenting the liver region
from the third phase of abdominal CT scans. Their approach involves the extraction of blood
vessels using a threshold, followed by morphological dilation to define an approximate
liver region useful for the removal of adjacent organs. The final liver region is then extracted
using a threshold. The method is thus based on mathematical morphology and thresholding
techniques, using the unique characteristics of blood vessels to functionally identify the
liver region. The experiments performed on eight CT datasets show a good agreement
between the automatically and manually detected liver regions.

Masumoto et al. (2003) [25] use multislice CT images. Their method uses two time-
varying images acquired during the contrast medium circulation phase, highlighting the
liver region through CT value changes. The proposed scheme involves generating a
liver likelihood image by analysing CT value changes and subsequently extracting the
liver region while considering the geometric characteristics of blood vessels and tumours.
The evaluation, based on receiver operating characteristic (ROC) analyses, demonstrates
the superiority of the proposed method over other approaches, especially when using
information from both phases.

The scheme proposed by Lim et al. (2004) [26] uses an ROl approach to optimise
computational efficiency. Morphological filters, incorporating a priori knowledge of liver
location and intensity, detect the initial boundary. The algorithm then generates a gradient
image using the weighted initial boundary and employs an immersion-based watershed
algorithm for segmentation. Post-processing includes region merging based on statistical
information to refine the segmentation.

Liu et al. (2005) [27] present a gradient vector flow (GVF) snake-based method for
the semi-automatic segmentation of liver volumes in contrast-enhanced CT images. The
algorithm follows a stepwise approach, starting with the computation of an initial edge
map using the Canny edge detector and the estimation of a liver template. The edge map is
then modified to suppress edges within the liver using the liver template, and a concavity
removal algorithm is applied to refine the liver boundary. The GVF field is computed based
on the modified edge map, and the initial liver contour is determined by considering the
candidate initial contour and the computed GVF field. The final liver contour is obtained
by deforming the initial contour using the snake. The method was evaluated on 20 contrast-
enhanced volumetric liver images, and the results were compared with a radiologist’s
manual delineation. The median difference ratio between the computer-generated results
and manual results is 5.3%, with a range of 2.9% to 7.6%.
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A three-stage approach is used by Lim et al. (2006) [28]. The first stage involves
image simplification as preprocessing, where an ROI is identified and thresholds are
determined using multilevel thresholding. The second stage detects a search range using
multiscale morphological filtering, region labelling, and partition clustering. The third
stage uses a contour-based segmentation approach with a labelling-based search algorithm
to refine the initial liver boundary. The effectiveness of the algorithm is demonstrated
through experimental results on contrast-enhanced abdominal CT images, with an average
segmentation accuracy of 96%. Volume measurement is performed based on the segmented
liver regions, with an average error rate of 3%.

Beichel et al. (2007) [29] introduce a two-step process. First, initial segmentation is per-
formed using graph cuts, overcoming challenges such as the high variability in liver shape
and grey-value appearance. Second, an interactive refinement step is introduced, allowing
users to correct segmentation errors in a 3D environment. The refinement is facilitated by a
hybrid desktop/virtual reality (VR) user interface. This approach is demonstrated on ten
contrast-enhanced liver CT scans, demonstrating robustness to variations in patient data.
The results also indicate an improved segmentation quality with low interaction times.

Massoptier and Casciaro (2008) [30] present a fully automated method that uses a
statistical-model-based approach to distinguish liver tissue from other abdominal organs.
An active contour technique using gradient vector flow is used for smoother segmentation
of the liver surface. Automatic classification is performed to isolate hepatic lesions from
liver parenchyma. The method was evaluated on 21 datasets and demonstrated robust
and efficient liver and lesion segmentations close to the ground truth, with an average
processing time of 11.4 s per 512 x 512 pixel slice. The volume overlap for liver surface
segmentation is 94.2%, and the accuracy is 3.7 mm. Tumour detection achieved a sensitivity
and specificity of 82.6% and 87.5%, respectively.

Heimann et al. (2009) [31] focus on the comparison and evaluation of different methods.
The image data, acquired from different CT scanners, consisted of contrast-dye-enhanced
scans showing pathological conditions like tumours and cysts. Radiology experts manually
delineated the liver contours in transversal slices to create reference segmentations. A total
of 40 images were divided into training and test sets for algorithm evaluation. Evaluation
measures included volumetric overlap, relative volume difference, and surface distances.
Fully automated and interactive segmentation methods were employed, with the former
showing discernible performance differences. The best-performing automated approaches
used statistical shape models. Interactive methods achieved higher scores with more user
interaction. A combined approach using majority voting from the best-performing methods
outperformed individual automated and interactive results.

A three-step procedure is outlined by Akram et al. (2010) [32]. Firstly, a pre-processing
step involves converting the image to greyscale and applying a3 x 3 median filter to reduce
noise. The second step focuses on liver segmentation, with a global threshold and mor-
phological operations to obtain the final segmented liver region. Finally, post-processing
steps include adaptive histogram equalisation, Gaussian smoothing, and grey-level trans-
formations to enhance the segmented liver region. Experimental tests on 100 CT images
demonstrate the accuracy of the proposed method by comparing automated segmentation
results with images manually segmented by hepatologists and oncologists.

The approach of Oliveira et al. (2011) [33] involves a sequence of four steps. First, the
liver is segmented using level sets with parameters optimised by a genetic algorithm (GA).
A Gaussian fit is employed to define the speed image for level set propagation. Secondly,
vessels and nodules are segmented using a Gaussian mixture model, focusing on adipose
nodules. A region-growing method with information from the Gaussian model is applied.
Thirdly, vessels are classified into portal veins or hepatic veins using a vein tracking method.
Finally, a geometric approach based on the identified veins is used to segment the liver
into different Couinaud regions. Liver segmentation is based on the assumption that the
liver parenchyma homogeneity and veins are mainly inside the liver. The parameters are
estimated using a GA, and the fitness evaluation involves comparing the segmentation with
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a reference using five disparity metrics. The proposed method shows good performance,
ranking among the top methods in the MICCAI-SLiver(7 conference evaluation.

The method developed by Linguraru et al. (2012) [34] uses a robust parametrisation of
3D surfaces for point-to-point correspondence, overcoming challenges such as inconsistent
contrast enhancements and imaging artefacts. A shape descriptor that is invariant under
rotation and scale is used to compare the local shape features of organs. Initial liver
segmentation is refined using a shape-driven geodesic active contour, and hepatic tumours
are detected and segmented using graph cuts and support vector machines (SVMs). This
technique is evaluated on a dataset of 101 CT scans and shows improvements in the liver
segmentation accuracy, particularly in cases with large tumours and segmentation errors.
Furthermore, the method identifies liver tumours with a low rate of false positives.

Li et al. (2013) [35] discuss a method that makes use of fuzzy clustering and level set
techniques. The Fuzzy C-Means (FCM) clustering algorithm is employed, which assigns
pixels to different categories based on fuzzy memberships, considering both the grey
level intensity and spatial information. The FCM algorithm is iteratively optimised by
minimising a cost function, allowing the fuzziness of the resulting partition. To overcome
the limitations of standard FCM, a spatial FCM algorithm is introduced that incorporates
spatial information into fuzzy membership functions. This paper also introduces the
level set method, a continuous deformable model for segmentation. Distance-Regularized
Level Set Evolution (DRLSE) is proposed to address reinitialisation issues and improve the
efficiency. The proposed method is evaluated using accuracy, sensitivity, and specificity
metrics and demonstrates a high performance in liver segmentation, especially in cases
with unclear boundaries. A comprehensive review of abdominal image segmentation using
soft and hard computing approaches is provided in [36].

Platero et al. (2014) [37] integrate a multi-atlas segmentation approach with graph
cuts. Their method includes several steps: (1) obtaining an initial solution using low-
level operations to define the ROI around the liver; (2) constructing a fast probabilistic
atlas for the ROI and computing a coarse binary segmentation using segmentation-affine
registration; (3) ranking the atlases based on segmentation similarity and propagating
selected atlases to the target image; (4) improving the segmentation accuracy through
label fusion, minimising the discrete energy function; and (5) evaluating the approach
using a public liver segmentation database. The experimental results show a high accuracy,
competitive with human expert segmentation.

Artificial Bee Colony (ABC) optimisation is used by Mostafa et al. (2015) [38]. Their
algorithm use ABC optimisation to cluster different intensity values in abdominal CT im-
ages, followed by mathematical morphological operations to manipulate and separate the
clusters. This process eliminates small and thin regions, such as flesh regions or organ edges.
The extracted regions form an initial estimate of the liver area, which is further enhanced
using a region-growing technique. The proposed approach demonstrates a segmentation
accuracy of 93.73% on a test dataset of 38 CT images, taken in the pre-contrast phase.

A 3D deeply supervised network (DSN) is introduced by Dou et al. (2016) [39]. The
proposed architecture consists of 11 layers, including 6 convolutional layers, 2 max-pooling
layers, 2 deconvolution layers, and 1 softmax layer. The network is designed in a 3D format
to effectively capture spatial information. The 3D DSN employs deep supervision via
additional deconvolutional layers to counteract vanishing gradients, thus improving the
training process. The learning objective is to minimise per-voxel-wise binary classification
errors, with deep supervision injected at specific layers. The MICCAI-SLiver07 dataset is
used for evaluation, demonstrating that the 3D DSN has a faster convergence and lower
errors when compared to traditional 3D convolutional neuronal networks (CNNs).

Christ et al. (2017) [14] propose a cascaded fully CNN (CFCN) on CT slices that
sequentially segments the liver and lesions. First, various preprocessing steps, including
Hounsfield unit windowing and contrast enhancement, are applied. Then, the cascaded
approach involving two U-Net architectures is used for liver and lesion segmentation.
Finally, 3D conditional random fields (CRFs) are used to refine the segmentation results.
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Generalisation and scalability to different modalities and real-life datasets, including a
diffusion-weighted magnetic resonance imaging (MRI) dataset and a large multi-centre CT
dataset, are shown.

Hiraman (2018) [40] presents a slice alignment method that addresses the challenges
through optimal threshold selection, skeletonization, and enhanced correlation coefficient
(ECC) alignment. Next, a CNN-based liver region of interest detection method is proposed
to classify 2D slices for focused processing.

The study presented by Wang et al. (2019) [41] investigates the application of a gener-
alised CNN for automated liver segmentation and biometry using cross-sectional data from
abdominal CT and MRI scans. Their retrospective study included a sample of 563 abdomi-
nal scans from 530 adults, covering different imaging modalities. The CNN was initially
trained on 300 unenhanced multiecho 2D SPGR MRI sets and then subjected to transfer
learning for generalisation across different imaging methods. The accuracy of the CNN
was evaluated using internal and external validation datasets. This study also investigates
the impact of training data size on the segmentation accuracy and explores the feasibility
of using automated liver segmentation for volumetry and hepatic PDFF quantification.

Almotairi et al. (2020) [42] explore the application of the SegNet architecture. The
proposed modified SegNet model uses the VGG-16 network as an encoder. Tests were
performed on a standard dataset for liver CT scans (3D-IRCADb(1 [43]), achieving a tumour
accuracy of up to 99.9% in the training phase and 86% for tumour identification.

Ayalew etal. (2021) [44] present a modified U-Net architecture and introduce a new
class balancing method. To address the class imbalance between the liver and tumours, a
weighting factor is applied and slices without a tumour are removed during data prepara-
tion. The U-Net-based network architecture includes batch normalisation, dropout layers,
and filter size reduction. Training involves tuning hyperparameters, such as the learn-
ing rate and batch size. The datasets used are derived from the 3D-IRCADb01 [43] and
LiTS [45] databases and the results achieve a Dice Similarity Coefficient (DSC) of 0.96
and 0.74, respectively. The algorithm also introduces a novel approach for direct tumour
segmentation from abdominal CT scan images, with a comparable performance to existing
two-step methods.

The study of Scicluna (2022) [46] is motivated by challenges such as the Combined
Healthy Abdominal Organ Segmentation (CHAQS) Challenge [47], which focuses on
healthy abdominal organs. The study focuses on replicating the vl6pUNet1.1C model,
which demonstrated a superior performance in Task 2 of the CHAQOS Challenge. Results
from the v16pUNet1.1C model are presented and compared with variations in the loss
function and scaling transformation. The application of a 3D largest-connected-component
filter is discussed, showing improvements in mean scores.

A deep semantic segmentation CNN is used by Ezzat et al. (2023) [48]. A three-stage
architecture is proposed, including pre-processing with data augmentation, deep CNN
training, and testing. The CININ-based semantic segmentation model is shown to be robust,
achieving a test accuracy of 98.8%. The approach does not require user input, making it
accessible to non-experts.

Shao et al. (2024) [49] present the Attention Connect Network (AC-Net) for liver
tumour segmentation in CT and MRI images. The AC-Net consists of two main modules:
an axial attention module (AAM) and a Vision Transformer module (VIM). The AAM uses
an axial attention mechanism to merge features of matching dimensions, maximising the
use of spatial features extracted by a CNN. The VTM processes high-level semantic features
extracted by the CNN using a methodology similar to Vision Transformers (ViTs) [50]. The
network achieves a DSC of 0.90, a Jaccard coefficient (JC) of 0.82, a recall of 0.92, a precision
of 0.89, a Hausdorff distance (HD) of 11.96, and an average symmetric surface distance
(ASSD) of 4.59.
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3.2. Other Review Papers

The search described in Section 2 retrieved six literature review documents. For one of
the works, however, the full document was not available. The remaining five are briefly
presented in the following.

A comparative analysis of various available techniques, focusing on their advantages
and disadvantages, is given in [51]. Recognising the challenges posed by the variable shape
of the liver and the weak edges in adjacent organ regions, this survey covers approaches
such as threshold, model, level set, region, active contour, and clustering. This paper also
divides its investigation into sections, covering both image pre-processing and segmenta-
tion techniques, providing an overview of the current landscape in liver segmentation from
CT images.

Study [52] provides a survey of 3D image segmentation methods, focusing on selected
binarization and segmentation techniques suitable for processing volume images. For
thresholding methods, both global and local techniques are considered, and challenges such
as hysteresis in dealing with voxel value distributions are addressed. The region growing
section explores voxel-based procedures, including growing by grey value and adaptive
region growing. In addition, deformable surfaces and level set methods are discussed,
before other segmentation concepts such as fuzzy connectedness and watershed algorithms
are introduced. The concluding remarks underline the complexity of image segmentation,
emphasising the absence of a universal solution and the need to carefully evaluate and
select methods based on specific tasks and dataset characteristics. The challenges posed
by 3D data, including the data volume and issues of interactivity and visualisation, are
also acknowledged.

Study [53] reviews the literature on methods for segmenting liver images, distinguish-
ing between semi-automatic and fully automated techniques. The challenges of liver image
segmentation, such as low contrast, blurred edges, and the complexity of the liver morphol-
ogy, are discussed. Different approaches are reviewed, including neuronal-network-based
methods, support-vector-machine-based methods, clustering-based methods, and hybrid
methods. It is concluded that, despite progress, liver image segmentation remains a chal-
lenging task, and the authors encourage further development of hybrid approaches for
more accurate segmentation.

Various segmentation methods, including statistical shape models, probabilistic atlas-
based approaches, geometric deformable models, and machine-learning-based methods, are
reviewed in [54]. This review includes information on avaliable databases and challenges
in liver tumour segmentation, highlighting the scarcity of public datasets and the need for
improved segmentation methods. Liver blood vessel segmentation and computer-assisted
diagnosis (CAD) systems are also reviewed. The conclusion highlights the importance of
segmentation, particularly in pathological cases, and the need for improved CAD systems
with accurate segmentation for comprehensive analysis of liver treatment.

The survey paper [55] provides a comparative analysis of various available techniques,
focusing on their advantages and disadvantages. Grey-level-based techniques, such as
region growing and active contour methods, are highlighted as effective for liver segmen-
tation. This survey acknowledges the challenges of detecting early-phase liver lesions
and emphasises the need for a combination of methods to achieve seamless segmentation,
with region growing and active contour methods considered more efficient than other
segmentation techniques.

This survey differs from the other documents in this section in a number of ways.
Firstly, the most recent of the review papers found dates to 2022. One of the contributions
of this work is to present a more up-to-date view of the works published since then. In
addition, none of the other works present a historical perspective on the subject, starting
from 1990, as is the case in the present review.
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4. Findings
A summary of the papers reviewed in Section 3.1 is given in Table 1. The columns of
the table contain the following information: identification of each study (column Authors);
publication year (column Year); general category or approach used in the segmentation
method as defined in [18] (column Segmentation Category); the specific segmentation
technique or algorithm (column Method); whether the method is fully-automatic or semi-
automatic (column Autom. Level for Automation Level); whether the segmentation is
performed in 2D or 3D (column Dim. for Dimensionality); the dataset or database used for
evaluation (column Database); and the key results of the best segmentation method in each
paper (column Results). Graphical depictions of the metrics used in one or more studies
are shown in Figure 4.
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Figure 4. Summary of the quantitative results presented in the reviewed documents.
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Table 2 presents a brief description of each segmentation category, highlights its main
advantages and disadvantages, and presents some application details. It is clear from
Table 1 that prior to 2016 there was no predominant category. Region-based segmentation,
edge-based segmentation, threshold segmentation, semantic segmentation, cluster-based
segmentation, and even combinations of several methods were tried. However, since 2016,
neuronal-network-based techniques have dominated the field. Remembering the huge
impact that AlexNet [56] had in winning the ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) in 2012 [57], it is clear that liver sesgmentation in CT scans took a few
years to catch up with the state-of-the-art research. This is probably due to the arrival
of U-Net [58], which was proposed in 2015, that is specifically designed for biomedical
image segmentation.

Table 2, Comparison of segmentation categories.

Category Description Main Advantages Main Limitations Applicability
. Sensitivity to threshold Commonly used in cases where
Threshold Sc ém mtsﬂl:;;d E:]ns Sunl:‘}le, flaSt' catsy to selection, suffers from  clear intensity differences between
intensity o {mplemen noise and artefacts the ROI and other regions exist
. . Sensitive to noise, Suitable for images with clear
Ed Sr:gm e_r:'ntst_rba.se‘:g on Accura]te del:]n;ftlon gf difficulties with organ boundaries and
8¢ 1 binhsslic);n ::s‘lm_‘::s org,a.nsr[u 5\':5 an capturing complex well-defined edges, but may
s structures struggle with low-contrast areas
. Segments based on Simple implementation, Sensitive to . Often used m cases where
Region homogeneous regions intuitive methodolo initialisation interpretability is a concern, but
within an image By may struggle with fine details
Segments based on sePlr,rzlc:;:tcz;vhein Sezmpl?_i:_z;:;,‘l:n:‘rﬂ' Suitable for segmenting
Semantic semantic meaning of . & : . y anatomical structures with distinct
pixels fine-grained structural computationally features
detail expensive
Segments based on Efficient grouping and . _ﬁ;mz_ltmtﬁ;o . Useful for identifying patterns and
Cluster similar data patterns or  identification of similar llr.rnm tclgicos;jc i.ﬁcng.:ist:’ groups within the data, but can
clusters data patterns distributions struggle with irregular shapes
Learns models to High accuracy, efficient Requmi:;izrmmg Suitable for different types of data
NN segment images based lia. rrin frg;n data com: utation}all due to its flexibility and
on learned features & lﬁ tensive Y adaptability

In terms of automation, both fully automated and semi-automated techniques have
been explored (Figure 5). While it is nice to have fully-automatic, accurate and fast tech-
niques, the final decision should always belong to the specialist. Thus, we advocate fully
automatic methods for contour initialisation, together with the development of intuitive
tools that allow specialists to modify the fully automatically generated contour if they
feel the need to do so. This point of view is in line with current clinical practice, where
the specialist follows contouring guidelines from respected entities such as the European
Society for Radiotherapy and Oncology, the American Society for Radiation Oncology, or
the Global Harmonization Group [59], while being allowed to use built-in auto-delineation
and interpolation tools [60]. We therefore agree with Sarria et al. [60] in that, while Al can
improve the accuracy and consistency of contouring, it cannot replace the knowledge and
clinical judgement of radiation oncologists, physicists, or radiation therapists. Alshould be
used as a tool to support and optimise clinical decision making and not as a substitute for
human expertise.
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Figure 5. Percentage of studies according to their level of automation (semi-automatic, fully automatic,
or both).

Both slice-based (2D) and volume-based (3D) methods have been developed (Figure 6).
As an anatomical structure, we believe that liver segmentation methods should be inher-
ently three-dimensional. This would have two main advantages. On the one hand, fully
3D methods would make use of more contextual information and thus potentially provide
better segmentations. On the other hand, the development of fully three-dimensional tech-
niques would avoid the need for slice-based methods to aggregate all of the segmentations
into a coherent volume. This aggregation could not only lead to errors and anatomically
incorrect structures, but would also increase the computational time. Although we do
advocate for true three-dimensional methods, we recognise their drawbacks, notably the
increased complexity of implementation, the need for more computational resources, the
possibly lower efficiency, the increased data requirements, and difficulties in visualisation.
The choice must be an informed one, and made on a case-by-case basis.

Buth

Figure 6. Percentage of studies according to their image dimensionality (2D vs. 3D).

Data availability is a major concern, as most methods use private datasets (Figure 7).
This inhibits reproducibility of the results. In addition, researchers who do not have
access to hospitals or other facilities with CT scanners cannot develop new techniques for
this particular problem. We advocate making the data available, while respecting all the
ethical considerations that are important when dealing with medical data and properly
anonymising any sensitive information. Some notable exceptions to publicly available
datasets are listed in Section 5.1.

5. Discussion

As seen in the previous section, significant advances in liver segmentation techniques
have been presented, with particular impact due to the adoption of Al methods, more
specifically neuronal network tedmiques. In this section, we provide some considerations
of publicly available databases (Section 5.1), the impact of the widespread adoption of
neuronal networks since 2017 (Section 5.2), a comparison between 2D and 3D implementa-
tions (Section 5.3), and Section 5.4 present answers to the research questions posed in the
introductory section.
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Figure 7. Percentage of database types.

5.1. Public Dataset Analysis

The most common public datasets used in studies of liver segmentation on CT scans
include 3D-IRCADbDO1, LiTS17, and MICCAI-SLiver07 (Figure 8). According to a dataset
comparison provided by Al-Saeed et al. [61] (shown in Table 3), it is possible to identify
several key differences that may have implications for data processing and analysis, such
as different formats and differences in resolution between datasets which may require
different approaches to processing and interpretation.

Humbar of stides

Figure 8. Number of studies using each public dataset.

Table 3. Characteristics of each dataset used by the main analysed studies (based on [61]).

Number of Slices per

Dataset Date Format Subjects Subject Resolution
MICCAI-SLiver07 [62] 2007 RAW 30 74 to 260 512 x 512
3D-IRCADBO1 [43] 2010 DICOM 20 74 to 260 512 x 512
LiTS17 [45] 2007 RAW 200 42 to 1024 Variable

5.2. Impact of the Adoption of Neuronal-Network-Based Methods

The growth of neuronal-network-based approaches has led to remarkable progress
in liver segmentation, particularly with respect to CT scans. These models have led to a
new era of accuracy and efficiency, significantly outperforming traditional methods [56,58].
This improved accuracy has become critical in the field of medical imaging, where the
correct interpretation of CT scans can directly affect the diagnosis and treatment plans
of patients. Furthermore, the efficiency of these neuronal network models translates into
faster processing times, allowing for more agile decision making in clinical settings.

Another positive aspect of neuronal networks in liver segmentation is their ability to
cope with the complexity of the liver anatomy. Neuronal networks, with their systematic
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and complex pattern recognition capabilities, are able to navigate these anatomical vari-
ations. As a result, they are better able to deal with the variety of appearances that liver
tissue can have on CT scans. This ability to handle complex datasets ensures that neuronal
networks can provide consistent and accurate segmentation in a wide range of cases.

5.3. Comparison between 2D and 3D Methods for Liver Segmentation
*  Importance of Choosing between 2D and 3D Methods
- In medical imaging, and in particular liver segmentation, the choice between

slice-based 2D and volume-based 3D segmentation methods is crucial. This
decision is highly dependent on the anatomical structure of the liver. Given the
complex, three-dimensional nature of the liver, 3D segmentation techniques often
prove to be the most appropriate choice [21,40]. These methods are inherently
designed to understand and process the volumetric characteristics of the liver,
which is a critical consideration for accurate segmentation results.

*  Two-Dimensional Segmentation Limitations

- Although 2D slice-based segmentation is widely used, it has limitations, par-
ticularly when it comes to dealing with complex organs such as the liver. The
main challenge with 2D methods is their inability to fully capture all the regions
of the liver. They involve working with individual slices, which can provide a
fragmented understanding of the organ structure, but this fragmentation can
lead to inconsistencies and errors when these individual slices are aggregated to
form a complete image [41].

*  Three-Dimensional Segmentation Advantages

- Inorder to overcome the limitations of 2D segmentation, 3D segmentation has the
ability to use more contextual information. Unlike 2D methods, which visualise
the liver in individual slices, 3D techniques consider the organ as a whole, as
they have the ability to ensure anatomical correctness by processing the liver as a
single, continuous volume, avoiding errors that can arise from the aggregation of
2D slices [14,39]. In 2D segmentation, inconsistencies can occur when individual
slices are combined, leading to inaccuracies in the representation of the liver
anatomy. The holistic view provided by 3D segmentation results in more accurate
segmentation, as it takes into account the spatial relationships and continuity
between the different sections of the liver. The inclusion of this additional
contextual information can potentially lead to segmentation results, especially in
complex cases where the shape and size of the liver can vary considerably.

5.4. Exploring Research Questions

Following the specific analysis of the studies presented and their main findings, the
questions raised in Section 1 are answered as follows.

*  RQ1—What are the challenges and limitations associated with accurate liver segmen-
tation in CT scans?

-~ The challenges and limitations associated with accurate liver segmentation in
CT images include under-segmentation, over-segmentation, low contrast, poor
boundary detection, and background segmentation due to noise. In addition,
liver segmentation in CT scans is further challenged by the presence of artefacts,
such as partial volumes, noise, and low sharpness and contrast between organs,
making it difficult to identify the boundaries between different tissues.

*  RQ2—How does the choice of the method impact the accuracy and efficiency of liver
segmentation in CT scans?

- The choice of the method has an important impact on the accuracy and efficiency

of liver segmentation in CT scans. Traditional techniques such as image process-

ing and region growing approaches have shown varying degrees of sensitivity
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and specificity, with some challenges in dealing with large injuries. In contrast,
newer methods such as FCN and DBN-DNN and techniques like ResU-Net
and SegNet showed a higher accuracy, with some reaching the highest accuracy
levels. Notably, the use of GPUs has reduced processing times, thus contributing
towards more efficient and accurate liver segmentation methods.

¢ RQ3—What are the evaluation metrics commonly used to assess the performance of
Al'models and traditional methods for liver segmentation in CT scans?

- Some of the key metrics used to measure the outcome of segmentation techniques
include the Dice Similarity Coefficient (DSC), accuracy, precision, sensitivity,
specificity, and the segmentation speed. There is not much consistency in the
metrics presented by the various studies except for the DSC.

6. Conclusions and Future Work

The evolution of liver segmentation techniques throughout history reflects the broad
impact of Al technologies across a wide range of disciplines. The transition to fully
automated segmentation methods has been an important breakthrough in the process,
although the indispensable involvement of medical experts continues to play a key role in
ensuring the accuracy and clinical relevance of these techniques. The emerging prevalence
of 3D segmentation methods, which follow the structure of the liver, promises more accurate
and anatomically consistent results.

However, there are a number of challenges that need to be addressed in order to
advance the field. The lack of public datasets is one of the main barriers to the advancement
of liver segmentation technologies. Research has mainly been conducted on private datasets,
often restricted to specific medical centres, which limits wider participation in research and
makes it difficult to replicate.

In terms of future developments, the outlook for the evolution of liver segmentation is
unfolding in several core areas that promise to impact research and application in this field.
The increasing availability of public datasets is key to fostering innovation, enabling the
contribution of researchers from diverse backgrounds and promoting a dynamic research
environment. In addition, the definition of specific standardised evaluation metrics is
crucial to allow meaningful comparisons between segmentation methods and to guide the
development towards more efficient, accurate, and user-friendly solutions, such as contour-
and region-based metrics, performance metrics, and user intervention metrics.

The further application of 3D segmentation techniques may be a good investment, as
they can provide more anatomically accurate and consistent anatomical results, overcom-
ing the limitations of 2D segmentation. Furthermore, the effective integration of medical
expertise in segmentation automation is indeed essential, with the aim of developing inter-
faces that allow specialists to interact with automated segmentation results, ensuring that
liver segmentation tools are both technically advanced and clinically relevant and feasible.
Collaboration between cutting-edge technology and human expertise is a good approach,
combining the efficiency of automation with the refined understanding of healthcare pro-
fessionals, whose oversight remains critical to maintain the accuracy and reliability of the
final results.
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Oncology has emerged as a crucial field of study in the domain of medicine. Computed tomography has gained
widespread adoption as a radiological modality for the identification and characterisation of pathologies, particularly in
oncology, enabling precise identification of affected organs and tissues. However, achieving accurate liver segmentation in
computed tomography scans remains a challenge due to the presence of artefacts and the varying densities of soft
tissues and adjacent organs.

Keywords: artificial intelligence ; computed tomography ; hepatic pathologies ; liver segmentation

| 1. Introduction

As one of the most important organs in the digestive system, the liver performs critical functions such as breaking down
nutrients, producing bile and eliminating toxic substances. However, liver-related diseases, particularly oncological
diseases, pose health risks, and liver cancer is a leading cause of cancer-related mortality worldwide W2, Computed
tomography (CT) has become an integral part of diagnosis, treatment planning and monitoring the progress of oncological
diseases 24 providing detailed cross-sectional images for accurate visualisation of internal structures, including liver
tumours 214,

With the advancement of technology and artificial intelligence (Al) in medicine, there is a growing need to optimise the
identification of oncological diseases . Medical image segmentation is emerging as a fundamental step in the pipeline &
QLYY | jyer segmentation in CT scans has emerged as a critical area, requiring accurate identification and delimitation
of the liver region for treatment planning and progress monitoring, as well as for early detection of liver lesions and
metastases to other organs R2I13L However, accurate liver segmentation on CT scans is challenging due to factors
such as artefacts, varying soft tissue densities and the complexity caused by adjacent organ proximity 125/46]

| 2. Historical Overview

The oldest work found to tackle liver segmentation is the one by Bae et al. (1993) &4, presenting a similar sequential
image-by-image segmentation technique using a reference image, where the liver occupies a significant portion of the
abdomen cross-section. Image processing techniques, including grey-level thresholding, Gaussian smoothing and
connectivity tracking, are employed to extract the liver boundaries. The resulting boundaries are then smoothed using
mathematical morphology technigues and B-splines. This study focuses on a living-donor liver transplant program, and
the computer-determined boundaries are compared with those drawn by a radiologist, showing agreement within 10% of
the calculated areas.

Gao et al. (1996) 18 focus on facilitating 3D visualisations for surgical planning. Their method employs a global histogram
analysis, morphologic operations and a parametrically deformable contour model to delineate the liver boundary. Ten
cases were used to validate the approach and promising results were found with minimal operator intervention reguired.

Soler et al. (1997) [ propose an automatic method for segmenting the portal vein, with the primary objective of achieving
accurate segmentation with detailed branching and topological information, facilitating the localisation of liver tumours
conceming Couinaud’s anatomical segmentation. This approach involves the initial detection of liver contours using 3D
deformable models, followed by limiting the CT images to a liver mask containing hepatic tissue, vascular trees and
potential tumours. Classification of anatomical structures is performed using Gaussian curves fitted to an intensity
histogram. The vascular trees and tumours are segmented through a hysteresis thresholding technique based on a
distance map, considering the Gaussian parameters. An isotropic image is obtained through shape-based interpolation
and the portal vein is reconstructed using skeletonization, eliminating short branches and correcting errors. Results
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demonstrate that the algorithm automatically extracts the first three main bifurcations of the portal vein, comparable to
manual segmentation.

Yoo et al. (2000) & focus on the use of pixel ratios. By analysing the grey value range of a normal liver in CT images, a
binary image is generated and then processed into four mesh images based on hole ratios to eliminate noise. A template
representing the general outline of the liver is generated from the union image of these mesh images and subtracted from
the binary image to accurately represent the organ boundary. The pixel ratio, which takes into account the distribution of
organ pixels, was used to discriminate between the organ and noise, especially in cases where organs have similar grey
value ranges. The proposed method reduced the processing time compared to existing methods and was validated
against manual segmentation by medical experts.

Pan and Dawant (2001) Y introduce a level-set approach, which addresses the challenge of defining appropriate speed
functions for contour propagation. A speed function is proposed to stop the propagation of the contour at organ
boundaries with weak edges by incorporating the accumulative speed based on the path of the contour, enhancing the
robustness of segmentation in noisy images. The method also leverages a priori anatomical information to improve the
accuracy. Tested on five CT datasets, including cases with abnormal livers, tise method demonstrates good agreement
with manual delineations.

Saitoh et al. (2002) [22 present an automated method for segmenting the liver region from the third phase of abdominal
CT scans. Their approach involves the extraction of blood vessels using a threshold, followed by morphological dilation to
define an approximate liver region useful for the removal of adjacent organs. The final liver region is then extracted using
a threshold. The method is thus based on mathematical morphology and thresholding technigues, using the unique
characteristics of blood vessels to functionally identify the liver region. The experiments performed on eight CT datasets
show a good agreement between the automatically and manually detected liver regions.

Masumoto et al. (2003) 23 use multislice CT images. Their method uses two time-varying images acquired during the
contrast medium circulation phase, highlighting the liver region through CT value changes. The proposed scheme involves
generating a liver likelihood image by analysing CT value changes and subsequently extracting the liver region while
considering the geometric characteristics of blood vessels and tumours. The evaluation, based on receiver operating
characteristic (ROC) analyses, demonstrates the superiority of the proposed method over other approaches, especially
when using information from both phases.

The scheme proposed by Lim et al. (2004) (24 yses an ROI approach to optimise computational efficiency. Morphological
filters, incorporating a priori knowledge of liver location and intensity, detect the initial boundary. The algorithm then
generates a gradient image using the weighted initial boundary and employs an immersion-based watershed algorithm for
segmentation. Post-processing includes region merging based on statistical information to refine the segmentation.

Liu et al. (2005) [22 present a gradient vector flow (GVF) snake-based method for the semi-automatic segmentation of
liver volumes in contrast-enhanced CT images. The algorithm follows a stepwise approach, starting with the computation
of an initial edge map using the Canny edge detector and the estimation of a liver template. The edge map is then
modified to suppress edges within the liver using the liver template, and a concavity removal algorithm is applied to refine
the liver boundary. The GVF field is computed based on the modified edge map, and the initial liver contour is determined
by considering the candidate initial contour and the computed GVF field. The final liver contour is obtained by deforming
the initial contour using the snake. The method was evaluated on 20 contrast-enhanced volumetric liver images, and the
results were compared with a radiologist's manual delineation. The median difference ratio between the computer-
generated results and manual results is 5.3%, with a range of 2.9% to 7.6%.

A three-stage approach is used by Lim et al. (2006) 28, The first stage involves image simplification as preprocessing,
where an ROI is identified and thresholds are determined using multilevel thresholding. The second stage detects a
search range using multiscale morphological filtering, region labelling, and partition clustering. The third stage uses a
contour-based segmentation approach with a labelling-based search algorithm to refine the initial liver boundary. The
effectiveness of the algorithm is demonstrated through experimental results on contrast-enhanced abdominal CT images,
with an average segmentation accuracy of 96%. Volume measurement is performed based on the segmented liver
regions, with an average error rate of 3%.

Beichel et al. (2007) [& introduce a two-step process. First, initial segmentation is performed using graph cuts,
overcoming challenges such as the high variability in liver shape and grey-value appearance. Second, an interactive
refinement step is introduced, allowing users to correct segmentation errors in a 3D environment. The refinement is
facilitated by a hybrid desktop/virtual reality (VR) user interface. This approach is demonstrated on ten contrast-enhanced
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liver CT scans, demonstrating robustness to variations in patient data. The results also indicate an improved segmentation
quality with low interaction times.

Massoptier and Casciaro (2008) 22 present a fully automated method that uses a statistical-model-based approach to
distinguish liver tissue from other abdominal organs. An active contour technique using gradient vector flow is used for
smoother segmentation of the liver surface. Automatic classification is performed to isolate hepatic lesions from liver
parenchyma. The method was evaluated on 21 datasets and demonstrated robust and efficient liver and lesion
segmentations close to the ground truth, with an average processing time of 11.4 s per 512 x 512 pixel slice. The volume
overlap for liver surface segmentation is 94.2%, and the accuracy is 3.7 mm. Tumour detection achieved a sensitivity and
specificity of 82.6% and 87.5%, respectively.

Heimann et al. (2009) 22 focus on the comparison and evaluation of different methods. The image data, acquired from
different CT scanners, consisted of contrast-dye-enhanced scans showing pathological conditions like tumours and cysts.
Radiology experts manually delineated the liver contours in transversal slices to create reference segmentations. A total of
40 images were divided into training and test sets for algorithm evaluation. Evaluation measures included volumetric
overlap, relative volume difference, and surface distances. Fully automated and interactive segmentation methods were
employed, with the former showing discernible performance differences. The best-performing automated approaches
used statistical shape models. Interactive methods achieved higher scores with more user interaction. A combined
approach using majority voting from the best-performing methods outperformed individual automated and interactive
results.

Athree-step procedure is outlined by Akram et al. (2010) 2. Firstly, a pre-processing step involves converting the image
to greyscale and applying a 3 x 3 median filter to reduce noise. The second step focuses on liver segmentation, with a
global threshold and morphological operations to obtain the final segmented liver region. Finally, post-processing steps
include adaptive histogram equalisation, Gaussian smoothing, and grey-level transformations to enhance the segmented
liver region. Experimental tests on 100 CT images demonstrate the accuracy of the proposed method by comparing
automated segmentation results with images manually segmented by hepatologists and oncologists.

The approach of Oliveira et al. (2011) 2 involves a sequence of four steps. First, the liver is segmented using level sets
with parameters optimised by a genetic algorithm (GA). A Gaussian fit is employed to define the speed image for level set
propagation. Secondly, vessels and nodules are segmented using a Gaussian mixture model, focusing on adipose
nodules. A region-growing method with information from the Gaussian model is applied. Thirdly, vessels are classified into
portal veins or hepatic veins using a vein tracking method. Finally, a geometric approach based on the identified veins is
used to segment the liver into different Couinaud regions. Liver segmentation is based on the assumption that the liver
parenchyma homogeneity and veins are mainly inside the liver. The parameters are estimated using a GA, and the fitness
evaluation involves comparing the segmentation with a reference using five disparity metrics. The proposed method
shows good performance, ranking among the top methods in the MICCAI-SLiver07 conference evaluation.

The method developed by Linguraru et al. (2012) B2 uses a robust parametrisation of 3D surfaces for point-to-point
correspondence, overcoming challenges such as inconsistent contrast enhancements and imaging artefacts. A shape
descriptor that is invariant under rotation and scale is used to compare the local shape features of organs. Initial liver
segmentation is refined using a shape-driven geodesic active contour, and hepatic tumours are detected and segmented
using graph cuts and support vector machines (SVYMs). This technigue is evaluated on a dataset of 101 CT scans and
shows improvements in the liver segmentation accuracy, particularly in cases with large tumours and segmentation errors.
Furthermore, the method identifies liver tumours with a low rate of false positives.

Li et al. (2013) 23 discuss a method that makes use of fuzzy clustering and level set techniques. The Fuzzy C-Means
(FCM) clustering algorithm is employed, which assigns pixels to different categories based on fuzzy memberships,
considering both the grey level intensity and spatial information. The FCM algorithm is iteratively optimised by minimising
a cost function, allowing the fuzziness of the resulting partition. To overcome the limitations of standard FCM, a spatial
FCM algorithm is introduced that incorporates spatial information into fuzzy membership functions. This paper also
introduces the level set method, a continuous deformable model for segmentation. Distance-Regularized Level Set
Evolution (DRLSE) is proposed to address reinitialisation issues and improve the efficiency. The proposed method is
evaluated using accuracy, sensitivity, and specificity metrics and demonstrates a high performance in liver segmentation,
especially in cases with unclear boundaries. A comprehensive review of abdominal image segmentation using soft and
hard computing approaches is provided in 4],
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Platero et al. (2014) 23 integrate a multi-atlas segmentation approach with graph cuts. Their method includes several
steps: (1) obtaining an initial solution using low-level operations to define the ROI around the liver; (2) constructing a fast
probabilistic atlas for the ROl and computing a coarse binary segmentation using segmentation-affine registration; (3)
ranking the atlases based on segmentation similarity and propagating selected atlases to the target image; (4) improving
the segmentation accuracy through label fusion, minimising the discrete energy function; and (5) evaluating the approach
using a public liver segmentation database. The experimental results show a high accuracy, competitive with human
expert segmentation.

Attificial Bee Colony (ABC) optimisation is used by Mostafa et al. (2015) 28, Their algorithm use ABC optimisation to
cluster different intensity values in abdominal CT images, followed by mathematical morphological operations to
manipulate and separate the clusters. This process eliminates small and thin regions, such as flesh regions or organ
edges. The extracted regions form an initial estimate of the liver area, which is further enhanced using a region-growing
technigue. The proposed approach demonstrates a segmentation accuracy of 93.73% on a test dataset of 38 CT images,
taken in the pre-contrast phase.

A 3D deeply supervised network (DSN) is introduced by Dou et al. (2016) 2Z. The proposed architecture consists of 11
layers, including 6 convolutional layers, 2 max-pooling layers, 2 deconvolution layers, and 1 softmax layer. The network is
designed in a 3D format to effectively capture spatial information. The 3D DSN employs deep supervision via additional
deconvolutional layers to counteract vanishing gradients, thus improving the training process. The learning objective is to
minimise per-voxel-wise binary classification errors, with deep supervision injected at specific layers. The MICCAI-
SLiver07 dataset is used for evaluation, demonstrating that the 3D DSN has a faster convergence and lower errors when
compared to traditional 3D convolutional neuronal networks (CNNs).

Christ et al. (2017) X4 propose a cascaded fully CNN (CFCN) on CT slices that sequentially segments the liver and
lesions. First, various preprocessing steps, including Hounsfield unit windowing and contrast enhancement, are applied.
Then, the cascaded approach involving two U-Net architectures is used for liver and lesion segmentation. Finally, 3D
conditional random fields (CRFs) are used to refine the segmentation results. Generalisation and scalability to different
modalities and real-ife datasets, including a diffusion-weighted magnetic resonance imaging (MRI) dataset and a large
multi-centre CT dataset, are shown.

Hiraman (2018) 2 presents a slice alignment method that addresses the challenges through optimal threshold selection,
skeletonization, and enhanced correlation coefficient (ECC) alignment. Next, a CNN-based liver region of interest
detection method is proposed to classify 2D slices for focused processing.

The study presented by Wang et al. (2019) 22 investigates the application of a generalised CNN for automated liver
segmentation and biometry using cross-sectional data from abdominal CT and MRI scans. Their retrospective study
included a sample of 563 abdominal scans from 530 adults, covering different imaging modalities. The CNN was initially
trained on 300 unenhanced multiecho 2D SPGR MRI sets and then subjected to transfer learning for generalisation
across different imaging methods. The accuracy of the CNN was evaluated using internal and external validation datasets.
This study also investigates the impact of training data size on the segmentation accuracy and explores the feasibility of
using automated liver segmentation for volumetry and hepatic PDFF quantification.

Almotairi et al. (2020) 42 explore the application of the SegNet architecture. The proposed modified SegNet model uses
the VGG-16 network as an encoder. Tests were performed on a standard dataset for liver CT scans (3D-IRCADbO1 44y,
achieving a tumour accuracy of up to 99.9% in the training phase and 86% for tumour identification.

Ayalew et al. (2021) ¥ present a modified U-Net architecture and introduce a new class balancing method. To address
the class imbalance between the liver and tumours, a weighting factor is applied and slices without a tumour are removed
during data preparation. The U-Net-based network architecture includes batch normalisation, dropout layers, and filter
size reduction. Training involves tuning hyperparameters, such as the learning rate and batch size. The datasets used are
derived from the 3D-IRCADbO1 &8 and LiTS 3 databases and the results achieve a Dice Similarity Coefficient (DSC) of
0.96 and 0.74, respectively. The algorithm also introduces a novel approach for direct tumour segmentation from
abdominal CT scan images, with a comparable performance to existing two-step methods.

The study of Scicluna (2022) 4 is motivated by challenges such as the Combined Healthy Abdominal Organ
Segmentation (CHAOS) Challenge 48], which focuses on healthy abdominal organs. The study focuses on replicating the
vl6pUNetl.1C model, which demonstrated a superior performance in Task 2 of the CHAOS Challenge. Results from the
v16pUNetl.1C model are presented and compared with variations in the loss function and scaling transformation. The
application of a 3D largest-connected-component filter is discussed, showing improvements in mean scores.
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A deep semantic segmentation CNN is used by Ezzat et al. (2023) 22, A three-stage architecture is proposed, including
pre-processing with data augmentation, deep CNN training, and testing. The CNN-based semantic segmentation model is
shown to be robust, achieving a test accuracy of 98.8%. The approach does not require user input, making it accessible to
non-experts.

Shao et al. (2024) 122l present the Attention Connect Network (AC-Net) for liver tumour segmentation in CT and MRI
images. The AC-Net consists of two main modules: an axial attention module (AAM) and a Vision Transformer module
(VTM). The AAM uses an axial attention mechanism to merge features of matching dimensions, maximising the use of
spatial features extracted by a CNN. The VTM processes high-level semantic features extracted by the CNN using a
methodology similar to Vision Transformers (ViTs) 48, The network achieves a DSC of 0.90, a Jaccard coefficient (JC) of
0.82, arecall of 0.92, a precision of 0.89, a Hausdorff distance (HD) of 11.96, and an average symmetric surface distance
(ASSD) of 4.59.

| 3. Public Dataset Analysis

The most common public datasets used in studies of liver segmentation on CT scans include 3D-IRCADbO1, LiTS17, and
MICCAI-SLiver07 (Figure 1). According to a dataset comparison provided by Al-Saeed et al. ¥ (shown in Table 1), it is
possible to identify several key differences that may have implications for data processing and analysis, such as different
formats and differences in resolution between datasets which may require different approaches to processing and

interpretation.
Figure 1. Number of studies using each public dataset.
Table 1. Characteristics of each dataset used by the main analysed studies (based on 42},
Dataset Date Format Number of Subjects Slices per Subject Resolution
MICCAI-SLivero7 (22 2007 RAW 30 74 to 260 512 x 512
3D-IRCADbO1 & 2010 DicOM 20 74 to 260 512 x 512
LiTs17 481 2017 RAW 200 42 to 1024 Variable

| 4. Impact of the Adoption of Neuronal-Network-Based Methods

The growth of neuronal-network-based approaches has led to remarkable progress in liver segmentation, particularly with
respect to CT scans. These models have led to a new era of accuracy and efficiency, significantly outperforming
traditional methods UE2, This improved accuracy has become critical in the field of medical imaging, where the correct
interpretation of CT scans can directly affect the diagnosis and treatment plans of patients. Furthermore, the efficiency of
these neuronal network models translates into faster processing times, allowing for more agile decision making in clinical
settings.

Another positive aspect of neuronal networks in liver segmentation is their ability to cope with the complexity of the liver
anatomy. Neuronal networks, with their systematic and complex pattern recognition capabilities, are able to navigate
these anatomical variations. As a result, they are better able to deal with the variety of appearances that liver tissue can
have on CT scans. This ability to handle complex datasets ensures that neuronal networks can provide consistent and
accurate segmentation in a wide range of cases.
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| 5. Comparison between 2D and 3D Methods for Liver Segmentation

+ Importance of Choosing between 2D and 3D Methods

- In medical imaging, and in particular liver segmentation, the choice between slice-based 2D and volume-based 3D
segmentation methods is crucial. This decision is highly dependent on the anatomical structure of the liver. Given the
complex, three-dimensional nature of the liver, 3D segmentation techniques often prove to be the most appropriate
choice U238 These methods are inherently designed to understand and process the volumetric characteristics of
the liver, which is a critical consideration for accurate segmentation results.

« Two-Dimensional Segmentation Limitations

- Although 2D slice-based segmentation is widely used, it has limitations, particularly when it comes to dealing with
complex organs such as the liver. The main challenge with 2D methods is their inability to fully capture all the regions
of the liver. They involve working with individual slices, which can provide a fragmented understanding of the organ
structure, but this fragmentation can lead to inconsistencies and errors when these individual slices are aggregated
to form a complete image 22,

« Three-Dimensional Segmentation Advantages

- In order to overcome the limitations of 2D segmentation, 3D segmentation has the ability to use more contextual
information. Unlike 2D methods, which visualise the liver in individual slices, 3D techniques consider the organ as a
whole, as they have the ability to ensure anatomical correctness by processing the liver as a single, continuous
volume, avoiding errors that can arise from the aggregation of 2D slices L4, |n 2D segmentation, inconsistencies
can occur when individual slices are combined, leading to inaccuracies in the representation of the liver anatomy.
The holistic view provided by 3D segmentation results in more accurate segmentation, as it takes into account the
spatial relationships and continuity between the different sections of the liver. The inclusion of this additional
contextual information can potentially lead to segmentation results, especially in complex cases where the shape
and size of the liver can vary considerably.
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ABSTRACT: Artificial intelligence is transforming healthcare by improving diagnostic and
treatment approaches. The integration of artificial intelligence into medical devices has enhanced
the performance of diagnostic tools and therapeutic procedures, making care more patient-
centric and minimally invasive. Particularly in medical imaging, artificial intelligence analyzes
large volumes of medical data to detect patterns and anomalies more accurately than traditional
methods. This capability not only speeds up diagnostics but also boosts the predictive power of
imaging systems, enabling early detection and tailored interventions. This study investigates the
transformative impact of artificial intelligence in medical imaging, focusing on technological
advances, integration challenges, and the importance of standardization, data privacy, and
regulatory compliance.

1 INTRODUCTION

Artificial Intelligence (AI) consists of a domain of
science intended to provide computers with the ability
to perform functions such as logic, reasoning,
organization, learning and conceptualization [1]. It
comprises methodologies such as machine learning
(ML), deep learning (DL), and computer vision (CV),
whose relationship is presented in Fig. 1.
methodologies allow machines to perform tasks which
usually require human intelligence, involving the ability
to reason, discover meaning, generalize, or learn from
previous experiences. In the context of healthcare, Al
concerns the use of these advanced algorithms and
software to emulate human cognition in the analysis,
interpretation and understanding of complex medical

data [2].
a

These

Fig. 1 Relationship between Al, ML, DL and CV

Applying Al in healthcare involves many fronts,
redefining the paradigms of patient care through more
accurate diagnosis, optimized treatment guidelines and
better patient management in various domains. On a
specific front, Al technologies are increasingly
integrated into medical imaging, where they interpret
large sets of health data, identifying patterns and
predicting health outcomes with a level of precision and
speed (Fig. 2). This application not only aids in the
detection and characterization of diseases, but also in
monitoring progression and response to treatment, thus
optimizing patient outcomes.

ALY
@)

Fig. 2 Example of application of Al algorithms in medical imaging

[3]
This study briefly explores how Al is transforming
medical imaging with advanced diagnostic algorithms,
some applications and its main challenges in Section 2
and Section 3 presents the main conclusions.
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2 ARTIFICIAL INTELLIGENCE APPLICATION IN
MEDICAL DIAGNOSTIC AND TREATMENT
Medical imaging modalities, such as radiography,
computed tomography (CT), magnetic
imaging (MRI), ultrasound, provide crucial
information about the internal structures of the body,
but interpreting these images is complex and time-
consuming. Al attends as a valuable assistant for
healthcare professionals, helping to analyze medical
images to identify subtle patterns and anomalies. Using
Al algorithms can accelerate the diagnosis process,
leading to faster treatments and enhanced patient
outcomes. While Al supports the diagnostic and
treatment processes, healthcare professionals ultimately
make the final decisions based on the insights provided
by Al [4].
The number of publications using Al techniques to
analyze static medical images has risen from hundreds
to thousands in recent years. This growth is driven by
the pattern-recognition demands of diagnostic tasks and
the availability of organized images. Key applications
in medical imaging include denoising, dose reduction,
automatic segmentation, case triage, and image
restoration.
The development of Al models in this field typically
involves five main phases:

resonance
and

e Data collection:

Creation and characterization of the dataset to be used, in

this case, consisting of medical images.

e Data annotation/labelling:

Creating a ground truth dataset involves a specialized

healthcare professional manually identifying and

recognizing study objects. This serves as a reference to

train and validate the performance of models.

e Pre-processing, dataset
augmentation:

For model evaluation, the dataset is commonly divided

into two parts: one for training and one for testing. The

training set may undergo data augmentation, a process of

generating new data from existing images (through

modifications like rotation, reflection, zoom, and

translation) to provide more inputs for the algorithm. This

assists the algorithm learn to recognize patterns and

improve performance.

e Algorithm training:

Adapting the model training it on a dataset to adjust

parameters, such as the weights of Neural Network

connections, for intended tasks.

division, and data

Instituto Superior

de Engenharia

e Algorithm testing:
Using the testing dataset to provide an unbiased
evaluation of a final model fit on the training dataset.
Some applications of Al in medical imaging within the
hospital sector are present below in Tab. 1:

Tab. 1 Applications of Al in medical imaging.

Application Description

Stroke Identification CT and MRI scans to identify strokes
fDI’ i di 1 d il
critical signs of acute strokes.
Al-enhanced cardiac imaging predicts
heart diseases early by analyzing
cardiac images, helping preempt
clinical manifestations.

Al accurately detects and classifies
bone fractures from a radiography,
identifying subtle fractures that might
be overlooked, enhancing orthopedic
diagnostics.

Heart Disease Prediction

Bone Fracture Detection and
Classification
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Regulatory oversight and Al management systems are
essential components in ensuring the safe and effective
deployment of AI [5]. An interesting point to note is that
since 1995, nearly 700 Al and ML-enabled medical
devices have been approved by the FDA, reflecting a
growing trust and reliance on Al technologies in
healthcare industry [6].

3 CONCLUSIONS

The integration of Al with medical imaging promises to
healthcare by enhancing diagnostic
accuracy and improving service accessibility. To fully
leverage the potential of Al, it is crucial to address
challenges like data bias, transparency, and ongoing
regulatory changes. Collaborative efforts between
technologists, healthcare providers, and regulators are
essential to ensure ethical practices and patient safety.
Addressing data privacy and maintaining strict
regulatory oversight are also vital. By overcoming these
challenges, Al can significantly advance medical
imaging and patient care.

revolutionize
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Abstract

Artificial intelligence is transforming healthcare, optimizing diagnostic assistance systems and treatment strategies to be more precise
and patient-centered. Especially in medical imaging, artificial intelligence analyzes large volumes of medical data to identify
patterns and anomalies, enhancing diagnosis and predictive capabilities for individualized interventions in an increasingly less
invasive approach wherever possible. This study briefly explores the impact of artificial intelligence on medical imaging and how it can be applied.

Keywords: Artificial Intelligence, Medical Imaging, Diagnostics and Treatment.

Introduction

Artificial Intelligence (Al) is a domain of science intended to
provide computers with the ability to perform functions such as:

Application in Medical Diagnostic and Treatment

The integration of Al in medical imaging has grown extensively, propelled
by the need for effective pattern recognition and the access to structured datasets.

/O\ = This technology enhances diagnostics by supporting functions like denoising,
— ‘@‘ — @ segmentation, and image restoration, improving accuracy and efficiency.
& =4 ,
Development of Al Algorithms
logic reasoning organization learning

Al algorithms for medical imaging go through several critical phases:

Training __ Data
(s dataset Q augmentation  }
S
/ \ — N
‘ o [ |
JJ ;

o ymentation i
Exams/Scans Pre-processing Segmodel i Evaluation
collection L Testing J

dataset

Al Methodologies Applied in Medical Imaging

Machine Learning (ML): teaches computers to learn and
make decisions from data.

Deep Learning (DL): uses neural networks with many
layers to analyze various levels of data features.

(;E Computer Vision (CV): trains computers to interpret and
&% understand visual data (digital images and videos)

Medical Imaging Use Cases
Relationship between Methodologies

e

Stroke identification

Heart disease prediction Bone fracture detection

Meeting Healthcare’s High Safety Regulations and Standards

Al deployment in healthcare is strictly Since 1995, the FDA has approved
Al in healthcare enhances patient care by improving regulated to ensure the safety and ~?00
diagnostics, optimizing treatments, and managing health efficacy for patients, providing trust and ~

outcomes through advanced medical imaging and data analysis reliance on Al healthcare technologies

Al and ML medical devices

Conclusions

Alimproves diagnostic accuracy Key challenges Prioritize the protection ~ Promote collaborative
efforts between
....... The integration of
o3 Al and medjcal imaging
? AR promises to revolutionize healthcare
technologists, healthcare
and healthcare accessibility of patient data providers and regulators
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Abstract: Liver segmentation in medical imaging scans is fundamental for the diagnosis
and treatment planning of liver-related pathologies. It aids in identifying and characterizing
diseases, providing accurate recognition of affected organs and tissues. Despite its signifi-
cance, achieving precise segmentation is a major challenge due to the presence of artifacts
and the different densities of soft tissues and neighboring organs. Given the inherent dif-
ficulty associated with the subjectivity regarding the validation and acceptance of manual
segmentation by clinicians, this work emphasizes the importance of quantitative metrics to
complement the subjective assessment for automatic liver segmentation outcome.

keywords: Medical Imaging; Liver; Automatic Liver Segmentation; Evaluation Metrics.

1 Introduction

The evolution of medical imaging represents a hallmark of technological advancement in health-
care, revolutionizing diagnostic practices from invasive to non-invasive methods, thus enhancing
patient comfort and healthcare standards [1). Beyond diagnosis, medical imaging plays a cru-
cial role in treatment planning and follow-up care, signifying a dedication to improving patient
well-being across the continuum of medical intervention. Stemming from the pioneering efforts
of figures like Marie Curie [2], medical imaging modalities such as CT, PET, SPECT, and MRI
continue to expand treatment options and elevate the standard of care.

One significant advancement in this field is the progress made in organ segmentation, particularly
with liver segmentation [3]. This is crucial for monitoring the health of the digestive system and
treat pathologies related to liver. Despite obstacles such as artifacts and the close proximity of
tissues, automatic techniques have seen substantial improvements [4, 5]. However, consistent
evaluation metrics for these techniques remain lacking, hindering comparative analysis of their
evolution and effectiveness [6].
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2 Segmentation Evaluation Metrics

There are two main types of metrics, region-based and contour-based metrics. Region-based
metrics assess the correctness of the area covered by segmentation, regardless of border preci-
sion. These include Accuracy, Dice Similarity Coefficient (DSC), Precision, and Volume Over-
lap Error (VOE). Contour-based metrics measure the correctness of boundary delineations.
These include Average Symmetric Surface Distance (ASSD) and Mean Symmetric Surface Dis-
tance (MSSD). Figures 1 and 2 illustrate the calculation of these metrics, with True Positives
(TP) in green, True negatives (TN) in blue, False negatives (FN) in red, False positives (FP) in

orange.
a a
(b) (c) (d)

Figure 1: Illustration of Image Segmentation results: (a) Original image; (b) Ground truth
segmentation; (¢) Automatic segmentation; (d) Classification outcomes.

»
SH, -

v Ne of points [ AN o

Accuracy ASSD DSC
' '
MSSD Precision VOE

Figure 2: Illustration of metrics calculation.

Research on liver segmentation in medical imaging demonstrates promise, yet the lack of con-
sistent evaluation metrics is often overlooked [7, 8]. A literature review conducted previously [6]
selected studies dated between 2014 and 2024, focusing on fully automatic liver segmentation
techniques. As a result, the most commonly used metrics in these studies were the ones shown
in Figure 3.

Studies that used a certain evaluation metric (%)

Accuracy
ASSD
Dsc 68.42
MSSD
Precision

VOE

Figure 3: Distribution of the metrics used in the selected studies.
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Table 1 presents an overview of the metrics, along with their main advantages and shortcomings.

Table 1: Summary of the main evaluation metrics used by automatic liver segmentation studies.

Metric  Definition Main Advantages Main Disadvantages

Accuracy Measures the proportion -Provides a comprehen- -May be misleading in
of correctly identified vox- sive overview of the seg- datasets with a large
els (both liver and non- mentation performance. imbalance between liver
liver), including TPs and -Easy to calculate and and non-liver voxels.
true negatives, to the to- interpret. -Does not specifically
tal number of voxels. focus on liver tissue ac-

curacy.

ASSD Calculates the average dis- -Offers a detailed assess- -More complex to com-
tance between correspond- ment of boundary accu- pute and interpret com-
ing points on the surfaces racy. pared to overlap-based
of the segmented liver re- -Highlights discrep- metrics.
gion and the ground truth, ancies in the seg- -Can be influenced by
in both directions. mentation’s surface outliers or extreme val-

alignment. ues.

DSC Measures the overlap be- -Provides a clear, -Might not fully capture
tween the segmented liver straightforward —mea- small discrepancies in
region and the ground sure. boundary delineation.
truth, calculated as the -Easy to interpret and -Can be overly op-
size of the intersection di- widely used in medical timistic in cases of
vided by the summed size imaging. large overlap but poor
of the two regions. boundary alignment.

MSSD Determines the maximum -Identifies the worst- -Focused on the maxi-
distance between any casescenario in segmen- mum error, potentially
point on the segmented tation discrepancies. overlooking overall seg-
liver surface and the near- -Useful for assessing the mentation quality.
est point on the ground reliability of segmenta- -Can be overly puni-
truth surface, and vice tion in critical areas. tive for generally accu-
versa. rate segmentations with

minor outliers.

Precision Assesses the proportion of -Highlights the algo- -Does not account
voxels correctly identified rithm’s ability to avoid for missed liver tissue
as liver tissue out of all over-segmentation. (FNs).
voxels classified as liver by -It may only identify
the algorithm. very clear cases of liver

boundaries and ignore
the more ambiguous
cases.

VOE Quantifies the volumetric -Directly related to clin- -Can be sensitive to

discrepancy between the
segmented liver region
and the ground truth as
the percentage of non-
overlapping volume to
union volume.

ical relevance, reflecting
the actual volume error.
-Intuitive and easy to
understand.
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The results presented indicate that DSC, Accuracy, and ASSD stand out as the most frequently
employed metrics in liver segmentation evaluations. Despite some studies validating the ef-
fectiveness of these metrics in tackling common challenges such as under-segmentation and
over-segmentation, there remains an evident need for the adoption of standardized metrics in
the field. We advocate for the use of at least one metric within each type of evaluation metric
(region and contour). The introduction of such standards would greatly advance segmentation
studies by underscoring key aspects, enabling straightforward comparisons across various meth-
ods, and significantly improving the reliability and effectiveness of automated liver segmentation
in medical imaging.

3 Conclusions and Future Work

Non-invasive imaging techniques have vast potential to transform patient care, emphasizing the
need for consistent metrics in automatic liver segmentation. By developing unified, quantitative
standards, the accuracy, reliability, and comparability of segmentation methods can be signif-
icantly enhanced. This will not only aid clinicians but also steer advancements toward more
effective and user-friendly solutions.

Standardizing evaluation metrics is essential for progressing liver segmentation technology. Clear
metrics will enable better comparisons, foster innovation, and improve the development and
validation of new methods. This will directly benefit clinical practices by improving diagnostics
and treatment planning.

It is crucial to align technological developments with clinical needs to incorporate automatic
liver segmentation into routine medical care. This alignment will improve diagnoses and help
customize treatments for liver diseases, enhancing patient outcomes.
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1
@ Introduction . g .

Medical imaging keeps evolving for healthcare, advancing from invasive
to non-invasive diagnostics and improving patient comfort and care.

Biopsy needle CT scan image

Cancer

Beyond diagnosis, medical imaging is crucial for treatment planning and follow-up .
care, improving patient well-being throughout their medical intervention.

One significant advancement in this field is the progress made in organs segmentation.
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Liver segmentation is crucial for monitoring digestive health and @ SEgmentatlon Evaluation |

treating liver-related diseases. Despite challenges like artifacts

and nearby tissues, automatic methods have significantly improved. c
" - ' g
. . . . G
Segmentation evaluation metrics are crucial for
developing effective liver segmentation tools. -
. o . C£
They assess the reliability and consistency of 33
N . A . (G}
segmentation algorithms, enabling standardized i
comparisons between different methods. ES
<y
Despite this, there has been a lack of consistent evaluation metrics for these methods, I F — a
which makes comparative assessment of their evolution and effectiveness more difficult. Ip ™ . FN ' ro e ¥
rue Positives True Negatives False Negatives False Positives g
==

Classification of Segmentation Evaluation Metrics
Region-based Metrics

Assess the correctness of the
area covered by segmentation,
regardless of contour precision.

These include:

* Accuracy * Precision <+ Dice Similarity Coefficient + Area/Volume Overlap Error

Region-based metrics Contour-based metrics
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=
Precision Dice Similarity Coefficient

(Sarensen-Dice coefficient/index or Dice coefficient)

Assesses the proportion of pixels or R

voxels correctly identified as liver ' Measures th_e sumlla_nty bet\_Neen the

tissue out of all the pixels/voxels segmen’ged liver region obtained from 2 x '

classified as liver by the algorithm. an algorithm and the ground truth.

TP i’ psc = 2x15NGl o -9
Precision = ——= -
TP + FP IS+ 161
. . GT . . . GT

Main disadvantage: Ground Truth Main disadvantage: | 4 \ Ground Truth
. : AS *Overly optimistic for large overlap [ \ / AS
Ignores false negatives (FN) Algorithm segmentation but pzorﬁsontour delin;gation P TN Algorithm segmentation

S
Area/Volume Overlap Error

Contour-based Metrics

Measure the correctness
of boundary delineations.

Quantifies the discrepancy in the
area/volumetric overlap between the
segmented liver region produced
by an algorithm and the ground truth.

ISnG|
|sug|

AOE/VOE = (1 - )*100%

= These include:
Main disadvantage:

. . + Average Symmetric Surface Distance * Maximum Symmetric Surface Distance
Larger livers show more errors
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Average Symmetric Surface Distance Maximum Symmetric Surface Distance

Assesses how well a segmentation Measures the maximum distance
algorithm can delineate the boundaries between the surfaces of the segmented
of the liver from the surrounding tissues. liver region and the ground truth.

MSSD = max ( max min g(s;, Gj)- max min d(Gi'Sj))

i€ESJEG jEGSES

1/3N,d(Sr6) XiL,d(GpS)
(ll R e ) N° of points

ASSD = 3 N M

Main disadvantages:
AS .
Algorithm segmentation *Focuses Oh. I‘_naXImUm error
Difference between GT and AS +Overly punitive

Main disadvantage:

+Influenced by outliers

AS
Algorithm segmentation
Maximum distance between GT and AS

14 15

=
Distribution of the Metrics Used

A literature review with 19 studies dated between 2014 and 2024 about automatic liver segmentation
methods showed the following distribution of use of the evaluation metrics under analysis: D S C ACCU ra Cy ASS D

Studies that used a certain evaluation metric (%)

The most used evaluation metrics in the studies:

These are effective metrics to address

Undersegmentation =« Oversegmentation

Cild Cata
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Need for standardized metrics

At least one metric from
each type should be used

DSC ASSD
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By developing unified, quantitative standards,
the efficiency, reliability, and comparability of
segmentation methods can be significantly enhanced.
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Chapter 1

Comparative Analysis of Quantitative
Assessment Metrics for Liver Segmentation

Abstract Liver segmentation in medical imaging scans is fundamental for the di-
agnosis and treatment planning of liver-related pathologies. It aids in identifying
and characterizing diseases, providing accurate recognition of affected organs and
tissues. Despite its significance, achieving precise segmentation is a major chal-
lenge due to the presence of artifacts and the different densities of soft tissues and
neighboring organs. Given the inherent difficulty associated with the subjectivity
regarding the validation and acceptance of manual segmentation by clinicians, this
work emphasizes the importance of quantitative metrics to complement the subjec-
tive assessment for automatic liver segmentation outcome.

keywords: Medical Imaging; Liver; Automatic Liver Segmentation; Evaluation Met-
rics.

1.1 Introduction

The evolution of medical imaging represents a hallmark of technological advance-
ment in healthcare, revolutionizing diagnostic practices from invasive to non-invasive
methods, thus enhancing patient comfort and healthcare standards [18]. Beyond di-
agnosis, medical imaging plays a crucial role in treatment planning and follow-up
care, signifying a dedication to improving patient well-being across the continuum
of medical intervention. Stemming from the pioneering efforts of figures like Marie
Curie [3], medical imaging modalities such as CT, PET, SPECT, and MRI continue
to elevate the standard of care [27]. These techniques have become an integral part
of the diagnosis, treatment planning and monitoring the progress of oncological dis-
eases [30, 39], providing detailed cross-sectional images for accurate visualization
of internal structures [60, 54].

Physicians require tools that allow them to localize organs and tissues with higher
precision and rapidity, while identifying and characterizing pathologies for accurate
diagnosis. As one of the most important organs in the digestive system, the liver
performs critical functions such as breaking down nutrients, producing bile and
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4 1 Comparative Analysis of Quantitative Assessment Metrics for Liver Segmentation

eliminating toxic substances. However, liver-related diseases, particularly oncologi-
cal diseases, pose health risks, and liver cancer is a leading cause of cancer-related
mortality worldwide [17, 52, 49].

With the advancement of technology and artificial intelligence (AI) in medicine,
there is a growing need to optimize the identification of oncological diseases [14].
One advancement in this field is the progress made in organ segmentation, partic-
ularly with liver segmentation [51, 29, 7, 38, 9]. This is crucial for monitoring the
health of the digestive system and treat pathologies related to liver, requiring ac-
curate identification and delimitation of the liver region for treatment planning and
progress monitoring, as well as for early detection of liver lesions and metastases to
other organs [62, 11, 12]. However, accurate liver segmentation on CT scans is chal-
lenging due to factors such as artefacts, varying soft tissue densities, the complexity
of adjacent organ proximity and dynamic anatomical modifications, such as tumor
contraction during treatment, there is a compelling need for reliable and fast segmen-
tation to facilitate adaptive radiotherapy [4, 24, 21, 8, 44]. Despite these obstacles,
automatic techniques have shown substantial improvements [52, 17]. However, the
evolution of these diverse approaches has underscored the critical need for a rig-
orous and standardized evaluation framework. Accurate performance metrics are
not just a tool for assessing the effectiveness of a given method, they are essential
for ensuring the reproducibility and comparability of results across different studies
and applications. In an era where Machine Learning (ML) models and Al-driven
techniques are rapidly advancing, the establishment of robust evaluation protocols
is necessary [35]. These metrics serve as the foundation for objectively validating
the improvements claimed by new methods, facilitating a transparent and consistent
comparison against existing benchmarks.

As the field of liver segmentation and, more broadly, medical image analysis,
continues to grow, the ability to critically assess the performance of various models
becomes increasingly crucial. Standardized metrics not only drive the adoption of
best practices but also contribute to the broader scientific discourse by enabling
researchers and practitioners to communicate their findings effectively. This ensures
that innovations are not only theoretically sound but also practically viable, leading
to meaningful advancements in clinical applications. Therefore, the careful selection
and application of evaluation metrics should be viewed as a cornerstone of method
development, guiding the trajectory of research and ultimately influencing clinical
outcomes.

This chapter expands upon a presentation given at the International Conference
on Mathematical Analysis and Applications in Science and Engineering (ICMASC)
2024, titled "Performance Evaluation Metrics for Automatic Liver Segmentation
on Medical Imaging Scans,” [6] which provided a brief overview of performance
evaluation metric types for segmentation models, focusing primarily on introducing
the metrics and comparing their usage across selected studies. In contrast, this chapter
offers a more comprehensive and in-depth examination of the subject, analyzing the
scope and relevance of rigorous and efficient validation of segmentation models,
providing a detailed assessment of the advantages and disadvantages of using each
metric.
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1.2 Liver 5

This thorough research aims to assist researchers in understanding the benefits of
choosing specific metrics and supports the prioritization of metrics based on their
definitions. While all the metrics presented in this document are meaningful, certain
metrics are more impactful in assessing performance than others, with some metrics
tending towards optimism and others towards pessimism. Moreover, understanding
the implications of the value of each metric is essential to correctly interpreting the
results of segmentation models. This chapter emphasizes the importance of using
standardized evaluation metrics, allowing researchers to effectively compare their
results with previous studies, while also underlining the limitations of comparing
different metrics that evaluate different aspects of performance, emphasizing the
need for a standardized approach in this field.

Besides introduction, this paper is structured in four sections. Section 1.2 intro-
duces the fundamental concepts related to the liver, namely its importance and of
liver segmentation applications. Section 1.3 details the most commonly used per-
formance evaluation metrics from the literature review. Section 1.4 describes the
analysis of liver segmentation evaluation metrics in recent medical imaging stud-
ies. Section 1.5 discusses the findings from this research. Section 1.6 presents the
conclusions and main suggestions for the performance evaluation of automatic liver
segmentation on medical imaging scans.

1.2 Liver

Given that the liver is the organ studied through this paper, this section provides
relevant information to better understand its main functions and relevance for study.

1.2.1 Definition

The liver is a vital organ located in the upper right quadrant of the abdomen,
beneath the diaphragm. It is the largest internal organ and gland in the human
body, weighing approximately 1.5 kilograms in an average adult. Structurally, the
liver is divided into two main lobes: the right lobe, which is larger, and the left
lobe. This organ is composed of specialized cells called hepatocytes, which perform
a myriad of essential functions that are crucial for maintaining homeostasis and
overall health [23].

1.2.2 Importance

The liver plays a critical role in several processes, making it essential for human
survival. One of its primary functions is detoxification. The liver processes toxins
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and drugs, rendering them harmless or facilitating their excretion from the body.
Additionally, it is responsible for the production of bile, which is crucial for the
digestion and absorption of fats and fat-soluble vitamins in the small intestine [33,
34].

The liver also performs an important function in metabolism. It regulates blood
sugar levels by storing and releasing glucose as needed and is involved in the
metabolism of proteins and lipids. Furthermore, the liver synthesizes essential pro-
teins such as albumin and clotting factors, which are vital for maintaining blood
volume and proper clotting function. The organ also stores vitamins and minerals,
including iron and vitamin A, and converts ammonia, a toxic byproduct of protein
metabolism, into urea for excretion.

1.2.3 Significance of Liver Studies

Studying the liver in detail is extremely important due to its critical functions and
the impact of liver diseases. Liver diseases, including cirrhosis, hepatitis, and liver
cancer, are among the leading causes of death worldwide, being estimated that about
2500 people die each year due to liver diseases [26, 53].

As Portugal is considered to be the 10th country in the world with the highest
alcohol consumption and alcohol is one of the main causes of liver diseases, the
Portuguese Society of Gastroenterology estimates a five-year mortality rate of 95%
for people with liver diseases in Portugal, and liver cancer is the 5th leading cause of
death in Portugal according to the Directorate General of Health (DGS) [13], mostly
associated with men, approximately 75% [57].

These diseases not only affect millions of individuals, but also represent a sub-
stantial burden on health systems.

Understanding the complex physiology and pathology of the liver is essential for
developing effective treatments and preventive measures. Advances in liver research
have the potential to improve diagnostic techniques, therapeutic strategies, and pa-
tient outcomes. Additionally, studying the liver can provide insights into related
conditions, such as metabolic disorders, cardiovascular diseases, and obesity, given
the organ’s integral role in metabolism and detoxification.

1.2.4 Relevance of Liver Segmentation

Liver segmentation in medical imaging is paramount due to its critical role in
oncological treatment planning and progress monitoring [33, 46, 28]. The complex
vascular structure and vital functions of the liver needs precise imaging to accurately
localize and characterize tumors. This precision enables tailored radiotherapy and
surgical planning, ensuring effective treatment while preserving healthy liver tissue.
Furthermore, follow-up segmentation allows for meticulous monitoring of treatment
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response and early detection of disease progression, facilitating timely adjustments
to therapeutic strategies. Despite its importance, liver segmentation in CT scans
remains a challenging task [36, 50, 19, 31, 42].

1.3 Performance Evaluation Metrics

There are two main types of evaluation metrics of segmentation performance, region-
based (Section 1.3.1) and contour-based metrics (Section 1.3.2). To better understand
the performance evaluation metrics, it is relevant to first define some key concepts.
These concepts form the foundation for comparing the algorithm’s segmentation
results with the ground truth (expert-annotated) data:

* True Positives (TP) are the pixels/voxels correctly identified as liver tissue by
both the algorithm and the ground truth.

* True Negatives (TN) are the pixels/voxels correctly identified as non-liver tissue
by both the algorithm and the ground truth.

* False Positives (FP) are the pixels/voxels incorrectly identified as liver tissue by
the algorithm but not by the ground truth.

* False Negatives (FN) are the pixels/voxels incorrectly identified as non-liver
tissue by the algorithm but identified as liver tissue by the ground truth.

To visualize these concepts, Figure 1.1 illustrates an original image alongside
its corresponding ground truth and automatic segmentation. In this figure, TP are
shown in green, TN in blue, FN inred, and FP in orange.

(b) (c) (d)

Fig. 1.1 Illustration of image segmentation results. (a} Original image. (b) Ground truth segmen-
tation. (c) Automatic segmentation. (d) Classification outcomes

For 2D scans, these metrics are calculated based on the value of the pixels
(picture elements). In the case of 3D scans, the metrics consider voxels (volume
pixels). Voxels are analogous to pixels in 2D scans. Each voxel contains a value that
represents some property (such as color, density, or intensity) in the 3D space.
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1.3.1 Region-based Metrics

Region-based metrics assess the correctness of the area covered by segmentation,
regardless of contour precision (Figure 1.2). These include Accuracy, Precision, Dice
Similarity Coeflicient (DSC), and Volume Overlap Error (VOE).

Fig. 1.2 Region-based illustration.

1.3.1.1 Accuracy

Accuracy is calculated as the ratio of the number of correctly identified pixels/voxels
(both liver and non-liver) to the total number of pixels/voxels in the image or vol-
ume of interest. In mathematical terms, accuracy can be defined as presented in
Equation 1.1 [59, 22].

Accuracy = TR+IN (1.1)
Y= TP+FP+TN+FN :

Figure 1.3 illustrates the calculation of the accuracy metric in order to translate
the mathematical equation into a visual explanation.

Accuracy provides a general overview of the segmentation performance, combin-
ing both the TPrate (sensitivity) and the TN rate (specificity) into a single measure. A
high accuracy value, close to 1 (or 100% when expressed as a percentage), indicates
a high level of agreement between the segmentation of the algorithm and the ground
truth, implying an effective segmentation performance. Conversely, a lower accu-
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Fig. 1.3 Illustration of the calculation of accuracy, with TP in green, TN in blue, FN in red, and
FP in orange

racy value suggests discrepancies between the output of the algorithm and the ground
truth, highlighting potential areas for improvement in the segmentation process.

The accuracy value can be misleading due to potential imbalances in the data.
This is particularly true in segmentation problems, where there are often many more
pixels belonging to the background than to the region of interest. In such cases,FP
and FN may be "diluted” compared to the much larger number of TN.

1.3.1.2 Precision

Precision is focused on the quality of the positive predictions made by the segmenta-
tion algorithm, meaning it assesses the proportion of pixels/voxels correctly identified
as liver tissue out of all the pixels/voxels classified as liver by the algorithm [22].
Mathematically, the precision metric is defined as presented in Equation 1.2.

Precision = TP (1.2)
TP+ FP

Figure 1.4 illustrates the calculation of the precision metric in order to translate
the mathematical equation into a visual explanation.

A high precision indicates that a large majority of the pixels/voxels labeled by
the segmentation algorithm as part of the liver are indeed liver tissue according
to the ground truth. This implies that the algorithm is effective in avoiding under-
segmentation, where non-liver tissues are mistakenly included within the segmented
region of the liver.

201



Stephanie Alexandra Batista Nifio

10 1 Comparative Analysis of Quantitative Assessment Metrics for Liver Segmentation

Fig. 1.4 Illustration of the calculation of precision, with TP in green, and FP in orange

1.3.1.3 Dice Similarity Coefficient

The DSC metric for assessing the performance of liver segmentation algorithms in
CT scans, also known as the Sgrensen-Dice coefficient/index or Dice coefficient, isa
widely utilized evaluation metric in the field of medical imaging [22, 55]. The DSC
equation is presented in (1.3).

_2x|8nG|

DSC=——""——
151 +1G|

(1.3)

where:

* |§ N G| represents the intersection, or the common pixels/voxels, between the
segmented liver region S and the ground truth G. This intersection quantifies the
number of pixels/voxels accurately identified as liver tissue by the segmentation
algorithm.

* |5| and |G| denote the total number of pixels/voxels within the segmented liver
region and the ground truth, respectively.

Figure 1.5 illustrates the calculation of the DSC metric in order to translate the
mathematical equation into a visual explanation.

2x'
| ol

Fig. 1.5 Tllustration of the calculation of DSC, with TP in green, FN in red, and FP in orange
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The DSC ranges from 0 to 1, where (0 indicates no overlap between the seg-
mented liver and the ground truth (indicating poor segmentation performance), and
1 represents perfect alignment or overlap (indicating ideal segmentation accuracy).

1.3.1.4 Volumetric Overlap Error

VOE is expressed as a percentage, representing the proportion of the total volume
that does not overlap between the segmentation of the algorithm and the ground
truth [58]. In 2D images, this is often referred to as the Area Overlap Error (AOE)
or simply the overlap error, and it works on the same principle of comparing areas
instead of volumes. It is calculated using Equation 1.4.

S NG|
ISUG]|

VOE = (1 - ) x 100% (1.4)

where:

* |§S N G| denotes the intersection between the segmented liver region S and the
ground truth G, as above.

* |§ U G| signifies the union area/volume of S and G, encompassing all the
area/volume identified as liver tissue by either the segmentation algorithm or
the ground truth.

Figure 1.6 illustrates the calculation of the VOE metric in order to translate the
mathematical equation into a visual explanation.

(3
-

Fig. 1.6 Illustration of the calculation of VOE, with TP in green, TN in blue, FN in red, and FP in
orange

A lower VOE indicates a higher degree of overlap between the segmented liver

and the ground truth, reflecting a more accurate segmentation. Conversely, a higher
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VOE points to a greater discrepancy between the segmented region and the ground
truth, signaling potential inaccuracies in the segmentation algorithm.

1.3.2 Contour-based Metrics

Contour-based metrics measure the correctness of boundary delineations (Fig-
ure 1.7). These include Average Symmetric Surface Distance (ASSD) and Mean
Symmetric Surface Distance (MSSD).

Fig. 1.7 Contour-based illustration

1.3.2.1 Average Symmetric Surface Distance

ASSD is calculated by measuring the average distance from the surface points of the
segmented liver to ground truth [55, 58]. To ensure symmetry and a comprehensive
evaluation, this process is often performed in both directions: from the segmented
liver to the ground truth and vice versa. This bidirectional approach ensures that the
metric accounts for all discrepancies, not just the most favorable ones. The ASSD
equation is as presented in (1.5).

1 {2V, d(5:.G) . M d(G),S)

ASSD = - 1.5
2 N M s

where:
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* S denotes a point on the segmented liver surface.

* G; denotes a point on the ground truth liver surface.

* d(S;, G) is the shortest distance from the point S; on the segmented surface to any
point on the ground truth surface G.

* d(G;j, S) is the shortest distance from the point G; on the ground truth surface to
any point on the segmented surface S.

* Nis the total number of points on the segmented liver surface.

* M is the total number of points on the ground truth liver surface.

Figure 1.8 illustrates the calculation of the ASSD metric in order to translate the
mathematical equation into a visual explanation.

N° of points

Fig. 1.8 Illustration of the calculation of ASSD, with TP in green, TN in blue, EN in red, and FP
in orange

The ASSD value provides a numerical representation of the segmentation per-
formance, with lower values indicating a higher accuracy and a better alignment
between the segmented liver and the ground truth.

1.3.2.2 Maximum Symmetric Surface Distance

Maximum Symmetric Surface Distance (MSSD), also known as the Symmetric
Hausdorff Distance, measures the maximum distance between the surfaces of the
segmented liver region and the ground truth. MSSD focuses on the worst-case
scenario by identifying the largest single discrepancy between the two surfaces [55,
58].

The computation of MSSD involves calculating the maximum distance from any
point on the segmented liver surface to the closest point on the ground truth surface
and vice versa. This ensures that the metric captures the most important errors in
segmentation, regardless of their direction. The MSSD is mathematically defined as
in Equation 1.6.
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— max mind(5;,G;), maxmind(G ;, §;
MSSD‘“’M( i€S jeG (5:G;) jeG i€S (G ']) (1.6)
where:

» S represents a point on the surface of the segmented liver region.

* G;j represents a point on the surface of the ground truth liver region.

+ d(S;, Gj) denotes the Euclidean distance between a point 5; on the segmented
surface and a point G; on the ground truth surface.

* d(G;, S;) denotes the Euclidean distance between a point G; on the ground truth
surface to a point S; on the segmented surface.

Figure 1.9 illustrates the calculation of the MSSD metric in order to translate the
mathematical equation into a visual explanation.

Fig. 1.9 Illustration of the calculation of MSSD, with TP in green, TN in blue, FN in red, and FP

in orange

MSSD is expressed in physical units, such as millimeters, reflecting the spatial
resolution of the CT scans. A lower MSSD value indicates a closer match between
the segmented liver and the ground truth, signifying higher segmentation accuracy.
Conversely, a higher MSSD value points to discrepancies between the segmented
and ground truth surfaces, highlighting areas where the segmentation algorithm may
need improvement.

1.4 Research

Research on liver segmentation in medical imaging demonstrates promise, yet the
lack of consistent evaluation metrics is often overlooked. The upcoming analysis will
prioritize examining these metrics, focusing on those commonly used in automatic
segmentation studies. The selected studies for the analysis of the evaluation metrics
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most commonly used, dated between 2014 and 2024, employ fully automatic liver
segmentation techniques and metrics aligned with those in related works (Table 1.1).
The research was sourced from Google Scholar, Scopus, and Association for Com-
puting Machinery Digital Library (ACM Digital Library), using keywords like
“Liver Segmentation” and “Segmentation Technigues™ to identify relevant studies.

Table 1.1 Summary of segmentation methods, main performance metrics used in the selected
studies, and abbreviations.

Author Year Main Metrics Used
Platero et al. [41] 2014 DSC

Mostafa et al. [32] 2015 Accuracy

Dou et al. [15] 2016 ASSD; VOE
Chartrand et al. [10] 2017 DSC

Chrst et al. [12] 2017 DSC

Zhang et al. [61] 2017 DSC

Rafiei et al. [43] 2018 DSC

Hiraman [20] 2018 ASSD; MSSD; VOE
Ahmad et al. [1] 2019 DSC

Wang et al. [56] 2019 DsC

Lebre et al. [25] 2019 DSC

Almotairi et al. [2] 2020 Accuracy

Ayalew et al. [5] 2021 DSC

Pettit et al. [40] 2022 Accuracy

Sabir et al. [45] 2022 Accuracy; DSC; Precision
Scicluna [47] 2022 ASSD; DSC; MSSD
Olivares et al. [37] 2023 Accuracy; DSC
Ezzatetal. [16] 2023 Accuracy

Shao et al. [48] 2024 ASSD; DSC; Precision

ASSD: Average Symmelric Surface Distance
MSSD: Maximum Symmetric Surface Distance
DSC: Dice Similarity Coefficient

VOE: Volumetric Overlap Error

As aresult, the most commonly used metrics in these studies were the ones shown
in Figure 1.10, which have been selected for analysis in this sub-chapter.

The results presented indicate that DSC, Accuracy, and ASSD stand out as the
most frequently employed metrics in liver segmentation evaluations. Despite some
studies validating the effectiveness of these metrics in tackling common challenges
such as under-segmentation and over-segmentation, there remains an evident need
for the adoption of standardized metrics in the field. We advocate for the use of
at least one metric within each type of evaluation metric (region and contour). The
introduction of such standards would greatly advance segmentation studies by under-
scoring key aspects, enabling straightforward comparisons across various methods,
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Studies that used a certain evaluation metric (%)

DsC b8.42
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Precision

VOE
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Fig. 1.10 Distribution of the metrics used in the selected studies

and improving the reliability and effectiveness of automated liver segmentation in
medical imaging.

1.5 Discussion

Table 1.2 presents an overview of the metrics, along with their main advantages and
shortcomings.

Despite some studies validating the effectiveness of these metrics in tackling com-
mon challenges such as under-segmentation (Figure 1.11 (a)) and over-segmentation
(Figure 1.11 (b)), which often appears when the Hounsfield unit (HU) of liver is
close to the HU of other tissues or background, there remains an evident need for

the adoption of standardized metrics in the field.

clele
I

Fig. 1.11 Common segmentation challenges. (a) Under-segmentation. (b) Over-segmentation.
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Table 1.2 Summary of the main evaluation metrics used by automatic li ver segmentation studies.

Category Main Advantages Main Disadvantages

Accuracy Provides a comprehensive - May be misleading in datasets
overview of the segmentation with a large imbalance between
performance. liver and non-liver voxels.

- Easy to calculate and interpret. - Does not specifically focus on liver
tissue accuracy.

Precision - Highlights the ability of the algo- - Does not account for missed liver
rithm to avoid over-segmentation. tissue (FN).

- Crucial for applications where pre- - Can be misleading if the algorithm
cisionis more important than recall. is overly conservative.

DSC - Provides a clear, straightforward - Might not fully capture small dis-
measure of segmentation accuracy. crepancies in boundary delineation.
- Easy to interpret and widely used - Can be overy optimistic in cases
in medical imaging. of large overlap but poor boundary

alignment.

VOE - Directly related to clinical rele- - Can be sensitive to the size of the
vance, reflecting the actual volume liver, with larger livers potentially
error. showing more absolute errors.

- Intuitive and easy to understand.

ASSD - Offers a detailed assessment of - More complex to compute and in-
boundary accuracy. terpret compared to overlap-based
- Highlights discrepancies in the metrics.
surface alignment of the segmen- - Can be influenced by outliers or
tation. extreme values.

MSSD - Identifies the worst-case scenario - Focused on the maximum error,

in segmentation discrepancies.
- Useful for assessing the reliability
of segmentation in critical areas.

* Under-segmentation

potentially overlooking overall seg-
mentation quality.

- Can be overly punitive for gen-
erally accurate segmentations with
minor outliers.

Represents when the regions within an image have not been sufficiently seg-
mented, leading to the merging of regions that should be separate.

* Over-segmentation

Occurs when the regions within an image are divided into too many segments,
creating unnecessary and small regions that should be combined.

Itis considered ideal to use at least one metric within each type of evaluation met-
ric (region and contour). The introduction of such standards would greatly advance
segmentation studies by highlighting key aspects, allowing for direct comparisons
across various methods, and improving the reliability and effectiveness of automated
liver segmentation in medical imaging.
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1.6 Conclusions

Non-invasive imaging techniques have vast potential to transform patient care, em-
phasizing the need for consistent metrics in automatic liver segmentation. By devel-
oping unified, quantitative standards, the accuracy, reliability, and comparability of
segmentation methods can be enhanced. This will not only aid clinicians but also
steer advancements toward more effective and user-friendly solutions.

Standardizing evaluation metrics is essential for progressing liver segmentation
technology. Clear metrics will enable better comparisons, foster innovation, and
improve the development and validation of new methods. This will directly benefit
clinical practices by improving diagnostics and treatment planning.

Itis crucial to align technological developments with clinical needs to incorporate
automatic liver segmentation into routine medical care. This alignment will improve
diagnoses and help customize treatments for liver diseases, enhancing patient out-
comes.
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Abstract

Medical imaging segmentation is a crucial process for diagnostics and treatment
planning, particularly for complex organs. Traditional image segmentation
techniques, such as semantic segmentation, edge detection and region-growing
methods, face significant challenges when applied to medical data, which often
contains noise, artifacts, and irregular organ boundaries. With the advancements
of artificial intelligence, particularly artificial neural networks, the potential for
more accurate and efficient segmentation has become evident. This paper
explores the choice of adopting artificial neural networks-based techniques
instead of traditional methods, focusing on the benefits and challenges of
adopting these modern approaches in medical image segmentation.

1 Introduction

Medical imaging segmentation is the process of dividing digital medical
images into segments to simplify and modify the rep

stand alone, other techniques often involve Al, thresholding, clustering,
or other region/edge-based approaches.

Table 1 provides an overview of the image segmentation techniques
previously mentioned, focusing on their definition, strengths, and
weaknesses, taking into account that each approach has its own niche
depending on the image type, complexity, and computational
requirements.

Table 1. Image segmentation techniques description

image into something that is easier to analyse. This technique is
especially useful for diagnostics, treatment planning and monitoring of
various diseases (Figure 1). Accurate segmentation of medical i

allows for better visualization and analysis of anatomical structures,
improving decision-making in clinical settings [1]. Traditional image
segmentation methods, such as thresholding, clustering, and region-
based approaches, have been widely used, but they often struggle with
the complexity and variability of medical data, particularly in images
affected by noise, artifacts, or irregular organ boundaries. The
introduction of Artificial Neural Network (ANN)-based techniques has

revolutionized this field, offering more precise and efficient

segmentation capabilities.

Figure 1: Medical image: (a) Original DICOM image. (b) Liver
segmentation

ANNs, especially Convolutional Neural Networks (CNNs), have
proven to be particularly effective in medical image segmentation due to
their ability to learn complex patterns and features from large datasets.
These models, combined with advances in computational power and
availability of annotated medical images, have enabled significant
improvements in segmentation accuracy and processing speed. This shift
from traditional methods to ANN-based approaches is driving
innovation in fields such as radiology, oncology, and histology, where
precise segmentation is essential for disease detection, treatment
planning, and monitoring patient outcomes [2]. This paper compares the
adoption of ANN-based methods over traditional techniques,
highlighting the growing role of artificial intelligence (AI) in advancing
medical image segmentation.

2 Image Segmentation Techniques

The evolution of image processing technologies has given rise to a
spectrum of segmentation categories. Inspired by existing segmentation
techniques, authors in [3] noted that these methods can be systematically
classified. While common types like instance and semantic segmentation

Technique Description
Threshold Uses intensity thresholds for fast, simple segmentation.
Effectiveness depends on threshold selection, sensitive to
. . noise.
ion of the
Cluster Identifies similar data patterns or clusters, ideal for images
with clear patterns. Sensitive to noise and irregular shapes.
Edge Focuses on intensity transitions to delineate boundaries,
effective for well-contrasted images but sensitive to noise.
Region Divides an image into homogeneous regions, simple and
intuitive but may miss fine details and complex boundaries.
Semantic Categorizes each pixel based on its meaning, offering fine-
grained segmentation but requires high computational
power.
Neural Network Uses ANN models to segment images based on learned
features. Requires large training datasets, computationally
intensive.

A comprehensive study carried out in [4] through the analysis of 28
studies, one study per year between the years 1990 and 2024, presented
the distribution of the use of segmentation methods shown in Figure 2.
The adoption of ANNs for the segmentation process over the years
stands out, and it is interesting to evaluate the fact that the other most
used methods are based on edges and regions.

Edgs-hased Sagmantasian

Ragion-based Segmentation

Meural Network-based Segmentatior

Figure 2: Distribution of image segmentation techniques
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3 Artificial Neural Network-based Segmentation

Through the integration of ANNs into medical imaging, ANNs can
analyse large volumes of medical data to detect patterns and anomalies
with greater accuracy than traditional methods. The number of
publications using ANN techniques to analyse static medical images has
risen from hundreds to thousands in recent years. This growth is driven
by the pattern-recognition demands of diagnostic tasks and the
availability of organized images. Key applications in medical imaging
include denoising, automatic segmentation, case triage, and image
restoration [2].

The application of medical image segmentation extents various
medical fields, significantly impacting areas such as radiology,
gastroenterology, histology, ultrasound imaging, and cancer detection.
For instance, in radiology, Al-based segmentation helps in processing
vast amounts of images from X-rays, computed tomography (CT) scans,
and magnetic resonance imaging (MRI), enabling more accurate and
scalable diagnostic capabilities. Similarly, in gastroenterology,
segmentation techniques can improve the detection of conditions like
cancerous polyps and ulcers, often identifying issues that might be
overlooked by human specialists. Histology benefits from segmentation
by accurately applying staining protocols, thus aiding in the detailed
analysis of tissue samples [5].

Automation and computational costs are crucial concepts that
expand the understanding of Al applications in healthcare. Automation
refers to the use of technology to perform tasks with minimal or no
human intervention, which enhances the efficiency of clinical
workflows, reduces manual errors, and allows healthcare profissionals
to focus more on patient care. On the other hand, computational costs
involve the resources, such as time, memory, and power, required to
process and analyse large datasets and complex algorithms. These costs
are particularly significant in the context of Al in healthcare, where
efficient management is essential to ensuring the sustainability and
effectiveness of Al-driven applications.

Based on the studies described in [4], Table 2 shows a more specific
comparison of the main results of studies between 2016 and 2024 that
employed ANNs as their segmentation method, in which it is interesting
to observe that a significant percentage of these studies opted for using
CNNs due to their ability to automatically learn features such as edges,
textures, and shapes, making them highly effective in identifying
structures in modalities such as MRI and CT scans. Also widely used
within ANNs is the U-Net segmentation method, a well-known encoder-
decoder model, which is particularly suitable for small medical datasets,
utilizing a U-shaped structure to capture context and provide precise
localization, which is especially useful in tasks such as medical organs
segmentation.

Table 2. ANN-based segmentation methods used by the selected studies

Author Year Method Main results
Dou et al. [6] 2016 3D DSN 5.42% VOE; 0.79mm ASSD
Christ et al. [7] m7 CFCN 94.3% mean DSC
Hiraman [8] 208 CNN 2.25mm ASSD; 43.00mm MSSD
Wang etal. [9] 2019 CNN 0.94 20,06 DSC
Almotairi etal. [10] | 2020 SegMNet 94, 57% overall accumcy
Ayalew et al. [11] | 2021 U-Net 0.9612 DSC
Scicluna [12] 2022 V&Tﬁﬁmﬂc 97.85DSC; %4.80 ASSD; 70.38 MSSD
Ezzat etal. [13] 2023 CMN 98.80% accuracy
Shao et al. [14] 2024 AC-Net 0.90 DSC; 0.89 precision; 4.59 ASSD

AC-Net: Aftention Comect Network

ASSD: Aversge Symmetric Surfsce Distance
CFCN: Cascaded fully CHN

CHM: Comvalutonsl Neuronal Metwaork

DSC: Dice Similarity Coefficient

DSN: Desply Super vised Network

MSSD: Madmwum Symmetric Surface Distance
WOE: Vol umetric Overlap Errer

4 Conclusions

The growth of ANNs-based approaches has led to remarkable progress
in medical image segmentation. These models have led to a new era of
accuracy and efficiency, significantly outperforming traditional
methods. This improved accuracy has become critical in the field of
medical imaging, where the correct interpretation of medical scans can
directly affect the diagnosis and treatment plans of patients.
Furthermore, the efficiency of these ANN models translates into faster
processing times, allowing for more agile decision making in clinical
settings.

Another positive aspect of ANNs in medical segmentation is their
ability to cope with the complexity of the anatomy of the organs. ANNs,
with their systematic and complex pattern recognition capabilities, can
navigate these anatomical variations. As a result, they are better able to
deal with the variety of appearances that tissues can have on medical
scans. This ability to handle complex datasets ensures that ANNs can
provide consistent and accurate segmentation in a wide range of cases.

Applying ANNs in healthcare involves many fronts, redefining the
paradigms of patient care through more accurate diagnosis, optimized
treatment guidelines and better patient management in various domains.
On a specific front, the adoption of ANNs is increasingly applied into
medical imaging, where they interpret large sets of medical data,
identifying patterns and predicting health outcomes with a level of
precision and speed.
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Appendix K- Bachelor of Science in Biomedical Engineering Presentation

Presentation to the second-year students of the Bachelor of Science in Biomedical Engineering at ISEC within the scope of the
Introduction to Clinical Databases course:

@(Hl( ““H

Acquisition, Collection and Preparation of Table of Contents
Medical Data for Biomedical Engineering

Application in the Hospital Environment
Liver ssgmentation in CT scans o1 02

i
\

7 ’“4 \ { Introduction Data acquisition Ethics and GDPR Data collection Data preparation Conclusions
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N 2 R .

\

‘ Introduction

What is
Medical

Medical Imaging

Field for clinical practice that allows for the visualization and quantification
of anatomical structures inside the body. It encompasses various techniques
and technologies used to create visual representations of the interior of the
body for diagnostic, treatment planning, and monitoring purposes.

Imaging
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Medical Imaging Modalities Medical Imaging Importance
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& However, medical imaging
comes with some challenges....

QO Image quality

O Data management and storage
O Radiation exposure

O Image interpretation and analysis

Data privacy and security

& DICOM

Digital Imaging and Communications in Medicine

Standard that facilitates the communication of medical
information using digital images and associated data.
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@ Data Acquisition

Computed Tomography

Detectors measure the attenuated X-
rays, and a computer reconstructs
detailed images of internal structures.
These images are combined into 3D
representations, enabling thorough
visualization of organs, bones, and soft
tissues.

CT scanners use X-rays to create
cross-sectional body images. The
gantry rotates around the patient,
emitting X-rays fromm multiple
angles. These beams are attenuated
differently by various tissues as they
pass through the body.

Picture Archiving and
Communication System (PACS)

il ol il

System for storing, ) Allows healthcare
managing and = professionals to access
distributing and view images
medical images. electronically.
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Ethi DPR i i
@ Ethics and G General Data Protection Regulation

[Objedives and relevance of the pmiectl
Submission to the Hospital's [
Ethics Committee

Composed by a set of documents to assess & Safeguards confidentiality and prevents

the compliance with several criteria: _ - ol iherizad aopess

@ Ensures protection of patients' personal

Methodolo i
& l and sensitive data

CV of the researchers involved 1

Contributions to the hospital

Scientific commitment and impact

To comply with the GDPR, a data anonymization phase must be implemented.

. ( .: " Select TOP
@ Data COI|eCtlon i om The CourselD value includes

X MSsaL DB .
1 patterns like:

DICOM Metadata D remm g ol

. o . PR S— s esof erim s pum
Set of standardized tags that accompany medical images, containing o Visualize Is liver visible?
crucial information about the patient, study, and image acquisition - ’ Type of step:
parameters, ensuring the identification, organization, and interpretation @ Automatic (] Manual
of medical images across different healthcare systems and devices. CT SCANS No
COLLECTION
FLOWCHART

[ copy structure to H Creale new
| registered image ||  3Dimage |
L 2 IS 3nimage

‘ Export image

Anonymization

No s this the last scan? S
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i . . Data P ti
Medical Image Data Anonymization o) EER PrejrRTon

Ll
DICOM standards provide strict guidelines for anonymizing medical MaSks Creatlon

imaging data to protect patient privacy and comply Based on the RSST contours, converting abstract contour data
with  GDPR. These guidelines detail specific procedures for into specific pixel coordinates, translating the contours into

removing or replacing sensitive information within DICOM datasets. a format that directly corresponds to the CT image's pixel grid.

Main commands for data anonymization:
«"-m" modifies a specific DICOM tag

«"-ma” modifies all instances of a tag in the header

."-ea" removes all tags from the DICOM image header The binary mask assigns a value of 1 to pixels
inside the contour (ROI) and 0 to those outside.

Importance of
Segmentation

. Precise detection

Radiotherapy Structure Set
(RSST)

Specialized type of DICOM object that
contains information about the
anatomical and clinical structures of a
patient, typically derived from CT scans.

. Tumor dimension identification

. Vascular evaluation

. Identification of additional lesions
. Treatment planning
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Masks Creation

« Sort all slices in a scan by Instance Number (IS) (0020, 0013) tag

« Time-consuming

MANUAL i

. Complexity of liver anatomy

Subject to human error

- Variability in liver appearance

CHALLENGES Fatigue and eye strain * Mask creation:

. Limited precision

Saving as a

slice's Contour %ﬁ_‘aaﬁr‘;nrr?;g;‘e DICOM file with

Conversion of the

Pairing a slice with
its corresponding n 5 .
RSST contour Data into pixel with white ROI corresponding

coordinates mask data

based on SOP Instance
UID (0008,0018) tag

Pre-processing
Origina Hounsfield Windowed Histogram Equalization Hou nsﬁeld WI ndowed

Technique used in CT imaging to
enhance the visibility of specific
tissues or structures. By focusing on
a particular range of Hounsfield
Units (HU) values, clinicians
can better visualize ROIs.

Q‘\

|

Data Augmentation

Rotation Reflection

|1

~100 0 +50% 100 300 to = 1000

Original Hounsfield Windowed

Rotated

Overlapping Reflected Mask Overlapping
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Histogram Equalization Data

Technique to improve image contrast by spreading out

the most frequent intensity values. This process makes Normalization — —

hidden features more visible, enhancing the quality of images. .

Technique to scale the numerical data
features to a uniform range, ensuring
that all features have similar scales,

transforming each feature so they " N
fall within a cormmon range, such as 3
0 to 1, normalization prevents any . 2
single feature from dominating the .

learning process due to its larger scale.

Original Hounsfield Windowed Histogram Equalization

@ Conclusions pe

Main challenges
%R Continuous improvement #%BStandardized systems and &Collaboration between medical

in data management and ethical protocols ensure high- and technical experts is crucial
processing techniques is quality, usable datasets for for successful medical data Ethical approval
essential to maximize the engineering applications. preparation and utilization.

value of hospital-acquired
medical datasets.

Data access and retrieval

Data selection

Data anonymization

Data standardization
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|
]
)
)
]

223






2D Liver Segmentation in Abdominal Computed Tomography Scans

Appendix L — Liver Segmentation Application Packages

The table below present the packages needed to run the application.

Package Version | Package Version | Package Version
contourpy 1.3.0 mpmath 1.3.0 PySide6_Essentials | 6.7.2
cycler 0.12.1 networkx 3.2.1 python-dateutil 2.9.0.post0
darkdetect 0.7.1 numpy 1.23.5 PyWavelets 1.6.0
filelock 3.15.4 packaging 241 scikit-image 0.24.0
fonttools 4.53.1 pillow 10.4.0 scipy 1.9.3
fsspec 2024.6.1 | pip 242 setuptools 72.1.0
imageio 2.35.1 pydicom 222 shiboken6 6.7.2
importlib_resources | 6.4.4 pyparsing 3.14 six 1.16.0
intel-openmp 2023.2.0 | PyQt6 6.2.2 sympy 1.13.2
jinja2 3.14 PyQt6-Qt6 6.7.2 tbb 2021.10.0
kiwisolver 1.4.5 PyQt6_sip 13.8.0 tifffile 2024.8.30
lazy_loader 0.4 pyqtdarktheme 2.1.0 torch 222
markupSafe 2.15 pyqtgraph 0.12.3 torchvision 0.17.2
matplotlib 39.2 PySide6 6.7.2 typing_extensions | 4.12.2
mkl 2023.2.2 | PySide6_Addons | 6.7.2 wheel 0.43.0
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Appendix M- Training and Validation Results

This appendix presents the quantitative results obtained by the segmentation
models for the different experiments defined for the training and validation
datasets.

e Models

This section compares the results obtained for the experiments for training and
validation of the U-Net, ResUNet++, FCN and BerDiff models.

o U-Net

Table 8.1 shows the results obtained from evaluating the training dataset for
the five experiments carried out with the U-Net model for Private Data
Incrementalization (E1-E5).

Table 8.1. Performance of the U-Net experiments on training dataset.

Experiment Loss Accuracy | Precision DSC AOE ASSD MSSD
(mm) | (mm)

E1 0.0470 0.9978 0.9617 0.9410 0.0704 0.0115 4.4712

E2 0.0297 0.9973 0.9798 0.9644 0.0370 0.0170 4.4708

E3 0.0396 0.9971 0.9710 0.9506 0.0535 0.0163 4.4714

E4 0.0391 0.9975 0.9701 0.9534 0.0544 0.0147 44713

E5 0.0426 0.9975 0.9671 0.9481 0.0606 0.0139 4.4712

Table 8.2 presents the evaluation outcomes of the validation dataset for the five

experiments conducted using the U-Net model with Private Data
Incrementalization (E1-E5).
Table 8.2. Performance of the U-Net experiments on validation dataset.

Experiment Loss Accuracy | Precision | DSC AOE ASSD MSSD
(mm) (mm)
E1 0.0655 0.9971 0.9395 0.9212 0.0941 0.0112 4.4708
E2 0.0925 0.9917 0.9353 0.9138 0.0974 0.0251 4.4720
E3 0.0774 0.9949 0.9426 0.9129 0.0961 0.0173 44717
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Experiment Loss Accuracy | Precision | DSC AOE ASSD MSSD
(mm) (mm)

E4 0.0841 0.9945 0.9379 0.9121 0.1073 0.0177 4.4718

E5 0.0876 0.9948 0.9121 0.8973 0.1143 0.0162 4.4715

o ResUNet++

Table 8.3 shows the results obtained from evaluating the training dataset for
the five experiments carried out with the ResUNet++ model for Private Data
Incrementalization (E6-E10).

Table 8.3. Performance of the ResUNet++ experiments on training dataset.

Experiment Loss Accuracy | Precision | DSC AOE ASSD MSSD
(mm) | (mm)

E6 0.0504 0.9978 0.9616 0.9373 0.0745 0.0055 4.4721

E7 0.0282 0.9976 0.9830 | 0.9666 | 0.0332 0.0095 4.4721

E8 0.0347 0.9974 0.9782 0.9514 0.0444 0.0081 4.4721

E9 0.0297 0.9980 0.9789 0.9604 0.0406 0.0075 4.4721
E10 0.0580 0.9967 0.9628 0.9261 0.0740 0.0069 4.4721

Table 8.4 presents the evaluation outcomes of the validation dataset for the five
experiments conducted using the ResUNet++ model with Private Data
Incrementalization (E6-E10).

Table 8.4. Performance of the ResUNet++ experiments on validation dataset.

Experiment Loss Accuracy | Precision | DSC AOE ASSD MSSD
(mm) | (mm)

E6 0.0752 0.9968 0.9379 09164 | 0.1033 0.0056 4.4721

E7 0.0919 0.9929 0.9127 0.9442 | 0.0866 0.0103 4.4721

ES8 0.0893 0.9958 0.9536 0.9211 0.0834 0.0080 4.4721

E9 0.0776 0.9952 0.9545 0.9222 0.0951 0.0076 4.4721
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Experiment Loss Accuracy | Precision | DSC AOE ASSD MSSD
(mm) (mm)
E10 0.0849 0.9956 0.9409 0.8935 0.1042 0.0068 4.4721

o FCN

Table 8.5. Performance of the FCN experiments on training dataset. shows the
results obtained from evaluating the training dataset for the 5 experiments
carried out with the FCN model for Private Data Incrementalization (E11-E15).

Table 8.5. Performance of the FCN experiments on training dataset.

Experiment Loss Accuracy | Precision | DSC AOE ASSD MSSD
(mm) (mm)

E11 0.0788 0.9964 0.9395 0.9032 | 0.1107 0.0149 4.4720
E12 0.0719 0.9937 0.9565 0.9164 | 0.0828 0.0272 4.4719
E13 0.1424 0.9898 0.9148 0.8461 0.1670 0.0301 4.4721
E14 0.0517 0.9967 0.9644 | 0.9324 | 0.0684 0.0170 4.4720
E15 0.0499 0.9971 0.9639 | 0.9359 | 0.0685 0.0154 4.4719

Table 8.6 presents the evaluation outcomes of the validation dataset for the five
experiments conducted using the FCN model with Private Data Incrementalization

(E11-E15).
Table 8.6. Performance of the FCN experiments on validation dataset.

Experiment Loss Accuracy | Precision | DSC AOE ASSD MSSD
(mm) | (mm)

E11 0.0974 0.9957 0.9234 0.8869 0.1360 0.0151 4.4721

E12 0.1652 0.9853 0.9112 0.8317 0.1678 0.0370 4.4721

E13 0.2064 0.9855 0.8823 0.7804 0.2395 0.0318 4.4721

E14 0.1197 0.9918 0.9115 0.8767 0.1433 0.0232 4.4721

E15 0.1216 0.9924 0.9091 0.8636 0.1453 0.0194 4.4721
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o BerDiff

Table 8.7 shows the results obtained from evaluating the training dataset for
the 5 experiments carried out with the BerDiff model for Private Data
Incrementalization (E16-E20).

Table 8.7. Performance of the BerDiff experiments on training dataset.

Experiment Loss Accuracy | Precision | DSC AOE ASSD MSSD
(mm) | (mm)

E16 0.3303 0.9839 0.6813 0.6574 0.4102 0.0175 4.4721
E17 0.4281 0.9578 0.6758 0.6204 0.4358 0.0408 4.4721
E18 0.4137 0.9650 0.6621 0.6236 0.4423 0.0342 4.4721
E19 0.4204 0.9675 0.6406 0.6083 0.4601 0.0317 4.4721
E20 0.4032 0.9716 0.6399 0.6206 0.4540 0.0277 4.4721

Table 8.8 presents the evaluation outcomes of the validation dataset for the five

experiments conducted using the BerDiff model with Private Data
Incrementalization (E16-E20).

Table 8.8. Performance of the BerDiff experiments on validation dataset.

Experiment Loss Accuracy | Precision | DSC AOE ASSD MSSD
(mm) | (mm)

E16 0.3138 0.9851 0.7005 0.6639 0.3921 0.0163 4.4721
E17 0.4735 0.9503 0.6618 0.5794 0.4664 0.0446 4.4721
E18 0.4360 0.9634 0.6236 0.6017 0.4630 0.0361 4.4721
E19 0.4362 0.9646 0.6386 0.6208 0.4606 0.0327 4.4721
E20 0.4043 0.9715 0.6419 0.6207 0.4456 0.0270 4.4721

e Datasets

This section compares the results obtained for the experiments with each
training and validation dataset for the datasets from 1 to 5, for the U-Net,
ResUNet++, FCN and BerDiff models.
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o Dataset1

Table 8.9 presents the results of experiments with dataset 1 during training.

Table 8.9. Comparison of the performance from each model on training dataset 1.

Model Experiment Loss | Accuracy | Precision | DSC AOE ASSD | MSSD
(mm) (mm)

U-Net E1l 0.0470 | 0.9978 | 0.9617 | 0.9410 | 0.0704 | 0.0115 | 4.4712
R61U+Net E6 0.0504 | 09978 | 09616 | 0.9373 | 0.0745 | 0.0055 | 4.4721
FCN Bl 0.0788 | 09964 | 09395 | 09032 | 0.1107 | 0.0149 | 4.4720
BerDiff E16 03303 | 09839 | 06813 | 0.6574 | 04102 | 0.0175 | 4.4721

Table 8.10 compares the results of experiments with dataset 1 during validation.

Table 8.10. Comparison of the performance from each model on validation dataset 1.

Model Experiment Loss | Accuracy | Precision | DSC AOE ASSD | MSSD
(mm) (mm)

U-Net Bl 0.0655 | 0.9971 | 09395 | 0.9212 | 0.0941 | 0.0112 | 4.4708
R€S+U+Net E6 0.0752 | 09968 | 09379 | 0.9164 | 0.1033 | 0.0056 | 4.4721
FCN E11 0.0974 | 09957 | 09234 | 0.8869 | 0.1360 | 0.0151 | 4.4721
BerDiff B16 03138 | 09851 | 07005 | 0.6639 | 03921 | 0.0163 | 4.4721

o Dataset 2

Table 8.11 shows the results of experiments with dataset 2 during training.

Table 8.11. Comparison of the performance from each model on training dataset 2.

Model Experiment Loss Accuracy | Precision DSC AOE ASSD | MSSD
(mm) (mm)

U-Net E2 0.0297 0.9973 0.9798 0.9644 | 0.0370 | 0.0170 | 4.4708
Res;'_Uj\I ct E7 0.0282 0.9976 0.9830 0.9666 | 0.0332 | 0.0095 | 4.4721

FCN E12 0.0719 0.9937 0.9565 09164 | 0.0828 | 0.0272 | 4.4719
BerDiff E17 0.4281 0.9578 0.6758 0.6204 | 0.4358 | 0.0408 | 4.4721
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Table 8.12 compares the results of experiments with dataset 2 during validation.

Table 8.12. Comparison of the performance from each model on validation dataset 2.

Model Experiment Loss | Accuracy | Precision | DSC AOE ASSD | MSSD
(mm) (mm)

U-Net E2 0.0925 | 09917 | 0.9353 | 09138 | 0.0974 | 0.0251 | 4.4720
ResﬂN et o 0.0919 | 0.99290 | 09127 | 0.9442 | 0.0866 | 0.0103 | 4.4721
FCN E12 01652 | 09853 | 09112 | 0.8317 | 0.1678 | 0.0370 | 4.4721
BerDiff E17 04735 | 09503 | 0.6618 | 0.5794 | 04664 | 0.0446 | 4.4721

o Dataset 3

Table 8.13 presents the results of experiments with dataset 3 during training.

Table 8.13. Comparison of the performance from each model on training dataset 3.

Model Experiment Loss | Accuracy | Precision | DSC AOE ASSD | MSSD
(mm) (mm)

U-Net E3 0.0396 | 09971 | 09710 | 0.9506 | 0.0535 | 0.0163 | 4.4714
R61U+N et B8 0.0347 | 0.9974 | 0.9782 | 0.9514 | 0.0444 | 0.0081 | 4.4721
FCN F13 01424 | 09898 | 09148 | 0.8461 | 0.1670 | 0.0301 | 4.4721
BerDiff E18 04137 | 09650 | 0.6621 | 0.6236 | 0.4423 | 0.0342 | 4.4721

Table 8.14 compares the results of experiments with dataset 3 during validation.

Table 8.14. Comparison of the performance from each model on validation dataset 3.

Model Experiment Loss Accuracy | Precision DSC AOE ASSD MSSD
(mm) | (mm)

U-Net B3 0.0774 | 09949 | 09426 | 09129 | 0.0961 | 0.0173 | 4.4717
ReiUfet B8 0.0893 | 0.9958 | 0.9536 | 0.9211 | 0.0834 | 0.0080 | 4.4721
FCN E13 02064 | 09855 | 08823 | 07804 | 02395 | 0.0318 | 4.4721
BerDiff E18 04360 | 09634 | 06236 | 0.6017 | 04630 | 0.0361 | 4.4721
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o Dataset 4

Table 8.15 contrasts the results of experiments with dataset 4 during training.

Table 8.15. Comparison of the performance from each model on training dataset 4.

Model Experiment Loss | Accuracy | Precision | DSC AOE ASSD | MSSD
(mm) (mm)

U-Net E4 0.0391 | 09975 | 09701 | 0.9534 | 00544 | 0.0147 | 4.4713
ResﬂN ct F9 0.0297 | 0.9980 | 0.9789 | 0.9604 | 0.0406 | 0.0075 | 4.4721
FCN E14 00517 | 09967 | 09644 | 09324 | 00684 | 0.0170 | 4.4720
BerDiff E19 04204 | 09675 | 06406 | 0.6083 | 04601 | 0.0317 | 4.4721

Table 8.16 compares the results of experiments with dataset 4 during validation.

Table 8.16. Comparison of the performance from each model on validation dataset 4.

Model Experiment Loss | Accuracy | Precision | DSC AOE ASSD | MSSD
(mm) (mm)

U-Net E4 0.0841 | 09945 | 09379 | 09121 | 0.1073 | 0.0177 | 4.4718
RestNet E9 0.0776 | 0.9952 | 0.9545 | 0.9222 | 0.0951 | 0.0076 | 4.4721
FCN E14 0.1197 | 09918 | 09115 | 0.8767 | 0.1433 | 0.0232 | 4.4721
BerDiff E19 04362 | 09646 | 0.6386 | 0.6208 | 0.4606 | 0.0327 | 4.4721

o Dataset 5

Table 8.17 contrasts the results of experiments with dataset 5 during training.

Table 8.17. Comparison of the performance from each model on training dataset 5.

Model Experiment Loss Accuracy | Precision DSC AOE ASSD | MSSD
(mm) (mm)

U-Net E5 0.0426 0.9975 0.9671 0.9481 | 0.0606 | 0.0139 | 4.4712
Rest Net E10 0.0580 | 0.9967 | 0.9628 | 0.9261 | 0.0740 | 0.0069 | 4.4721
FCN E15 0.0499 0.9971 0.9639 0.9359 | 0.0685 | 0.0154 | 4.4719
BerDiff E20 0.4032 0.9716 0.6399 0.6206 | 0.4540 | 0.0277 | 4.4721
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Table 8.18 compares the results of experiments with dataset 5 during validation.

Table 8.18. Comparison of the performance from each model on validation dataset 5.

Model Experiment Loss | Accuracy | Precision | DSC AOE ASSD | MSSD
(mm) (mm)

U-Net E5 0.0876 | 09948 | 09121 | 0.8973 | 0.1143 | 0.0162 | 4.4715
ResﬂN et E10 0.0849 | 0.9956 | 0.9409 | 0.8935 | 0.1042 | 0.0068 | 4.4721
FCN E15 01216 | 09924 | 09091 | 0.8636 | 0.1453 | 0.0194 | 4.4721
BerDiff F20 04043 | 09715 | 0.6419 | 0.6207 | 0.4456 | 0.0270 | 4.4721
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Appendix N — Data Augmentation Techniques

Data augmentation is a technique used to increase the diversity and volume of
the training dataset, which improves the robustness and generalization of ML
models. It involves generating new training samples by applying various
transformations to the original images. The data augmentation techniques that
were initially thought to be used are presented in this appendix.

e Rotation

Rotation involved rotating the original images by a specified angle. This
technique can be used to increase the variability of the dataset and to help the
model learn invariant features to rotations. For instance, the original CT image
and mask were rotated to create new training samples, ensuring that the model
could recognize the anatomical structures regardless of their orientation (Figure

81) [135].

©
Figure 81. Rotation operation. (a) Original image. (b) Original mask. (c) Original image
with mask overlay. (d) Rotated image. (e) Rotated mask. (f) Rotated image with mask
overlay.

e Reflection

Reflection, also known as flipping, involved mirroring the images horizontally
or vertically. This method was particularly useful in medical imaging to simulate
different anatomical variations and to enhance the ability of the model to
generalize across different patient orientations. By reflecting the original CT
images and their corresponding masks, new augmented data were generated

(Figure 82) [135].
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(b)

(d) ©
Figure 82. Reflection operation. (a) Original image. (b) Original mask. (c) Original image
with mask overlay. (d) Reflected image. (¢) Reflected mask. (f) Reflected image with mask
overlay.

e Combined Rotation and Reflection

Combining rotation and reflection further increased the diversity of the dataset.
By applying both transformations to the original images, the augmented dataset
captured a wide range of variations, making the model more robust to different
imaging conditions and anatomical variations. This combined approach
supported the model to accurately interpret medical images despite differences
in orientation and reflection (Figure 83).

"

(d) © (®
Figure 83. Combination of rotation and reflection operations. (a) Original image. (b)
Original mask. (c) Original image with mask overlay. (d) Rotated and reflected image. (e)
Rotated and reflected mask. (f) Rotated and reflected image with mask overlay.
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