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Abstract

Abstract

Cancer remains one of the major global health challenges, accounting for nearly one in six
deaths worldwide. Advanced medical imaging techniques such as Computed Tomography (CT)
and Magnetic Resonance Imaging (MRI) are critical tools for cancer screening and staging.
However, the vast volume of images and diagnostic complexity contribute to radiologist fatigue
and diagnostic errors. This study addresses these challenges by developing a deep learning
framework to enhance the accuracy and efficiency of diagnosis for lung and colon cancers using
CT and MRI imaging data. The primary objectives include: creating an automated tumor
segmentation tool, improving early detection through computational methods, and designing a
user-friendly interface.

The methodology employs a U-Net model for tumor segmentation, trained on CT imaging data
from a curated medical image dataset. Two models were developed: one for lung cancer (CT +
MRI) and another for colon cancer (CT only). The workflow involved data labeling,

preprocessing, slice adjustment, CT windowing, resizing, and zooming to address limited
annotated data. The U-Net architecture was selected for its ability to preserve spatial context and
train effectively on small datasets. The model was trained using the Adam optimizer with Binary
Cross-Entropy Loss. Preprocessed data, stored in NPY format, were weighted to balance class
asymmetry. A PyQt6-based user interface was designed to display tumor volume, cancer
classification, tumor location details, patient safety information, data integrity checks, anatomical
coverage, multi-level video reconstructions, 3D tumor image counts, and annotation capabilities.

The framework achieved exceptional results: lung tumor segmentation attained a Dice score of
99.95%, sensitivity of 99.97%, and specificity of 99.92%, while colon tumors reached a Dice
score of 98.57%, sensitivity of 98.62%, and specificity of 98.88%. Training and validation
accuracies remained consistently high (lung: 99.93%/99.70%; colon: 99.79%/99.52%),
exceeding clinical benchmarks. These outcomes underscore the framework’ s effectiveness in
minimizing missed tumors and unnecessary interventions.

In conclusion, this U-Net-based framework—enhanced by precise preprocessing and a clinician-
centric interface—provides a robust solution for automated tumor segmentation, advancing early
detection and reducing diagnostic burden. The results affirm its potential to optimize clinical
workflows and patient outcomes through highly accurate and efficient cancer diagnostics.
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1. Chapter 1: Introduction

1.1. Overview

Cancer is a major societal, public health, and economic problem in the 21st century, responsible
for almost one in six deaths (16.8%) and one in four deaths (22.8%) from noncommunicable
diseases (NCDs) worldwide. The disease causes three in 10 global premature deaths from NCDs
(30.3% in those aged 30—69 years), and it is among the three leading causes of death in this age
group in 177 of 183 countries. In addition to being an important barrier to increasing life
expectancy, cancer is associated with substantial societal and macroeconomic costs that vary in
degree across cancer types, geography, and gender. One recent study illustrated the profound
impact of disproportional cancer mortality in women: an estimated one million children became
maternal orphans in 2020 because their mother died from cancer in that year [1] (Figure 1.1).
Cancer is the second-leading cause of death in the United States overall and the leading cause
among people younger than 85 years [2].

All cancers begin in cells. Our bodies are made up of more than a hundred million million
(100,000,000,000,000) cells. Cancer starts with changes in one cell or a small group of cells.
Usually, we have just the right number of each type of cell. This is because cells produce signals
to control how much and how often the cells divide. If any of these signals are faulty or missing,
cells might start to grow and multiply too much and form a lump called a tumour. A primary
tumor is where the cancer starts [3].
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Figure 1.1 All cancers, age-Standardized Rate (World) per 100 000, Incidence and
Mortality, Both sexes, in 2022, UN Regions [4].
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Embarking on an extensive exploration, this research project delves into the intricate biological
landscapes of two of the most menacing cancers: lung colorectal cancer aiming to revolutionize
our understanding, detection, and therapeutic strategies against these formidable diseases:

1.1.1. Lung Cancer

Lung cancer is a very aggressive and highly prevalent disease worldwide, with an estimated 2.2
million new cases and 1.8 million deaths in 2020. Globally, lung cancer is the leading cause of
cancer mortality in men and is the second highest cause of cancer death in women, behind only
breast cancer [5]. The spongy air-filled conical organs occupying most of the thoracic (chest)
cavity in humans are known as the lungs. It is one of the primary respiratory organs where the
gas exchange occurs after the inhaled air enters the lungs via the trachea, through the bronchi and
bronchioles [6]. The most common types of lung cancer are non-small cell carcinoma (NSCLC)
and small cell carcinoma (SCLC). NSCLC is more common and grows slowly, while SCLC is
less common but often grows quickly [7].

With almost 2.5 million new cases and over 1.8 million deaths worldwide, lung cancer is the
leading cause of cancer morbidity and mortality in 2022, responsible for close to one in eight
(12.4%) cancers diagnosed globally and one in five (18.7%) cancer deaths [1] (Figure 1.3).

People die from lung cancer because it is often not diagnosed until the cancer is at an advanced
stage. Detailed pathogenesis, effective early detection, and suitable drugs help in the effective
therapy of lung cancer. Thus, the earliest diagnosis of lung cancer is crucial, especially in
screening high-risk populations (e.g., smokers, exposure to fumes, oil fields, toxic occupational
places, etc.) with an urgent need to identify novel biomarkers. Furthermore, accurate diagnosis is
vital for the most suitable treatment of individual patients with lung cancer. Thus, there is an
urgent need to identify sensitive and specific biomarkers for early diagnosis [8].

Currently, low-dose CT (LDCT) is routinely used for lung cancer screening. In addition, a trial
(NELSON) has shown that this particular screening has a selectivity of 85% and a specificity of
99% compared to no screening. A recent study showed that the overall false-positive rate reached
81%. This very high number required additional imaging or testing to confirm the results [8].

Detection methods for lung cancer include imaging (such as chest X-rays, computed tomography
scans, and magnetic resonance imaging) [7].
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Figure 1.3 Trachea, bronchus and lung, Age-Standardized Rate (World) per 100 000,
Incidence and Mortality, Both sexes, in 2022, UN Regions [4].

Colon cancer is one of the most common gastrointestinal malignancy in the world, with high
incidence rate and death rate, and the incidence of it is increasing year by year [9]. The colon
(large intestine) is the distal part of the gastrointestinal tract, extending from the cecum to the
anal canal. It receives digested food from the small intestine, from which it absorbs water and
electrolytes to form faeces. Anatomically, the colon can be divided into four parts — ascending,
transverse, descending and sigmoid. These sections form an arch, which encircles the small
intestine [10]. The early clinical symptoms of colon cancer often manifest as abdominal pain,
diarrhea, adenomatous polyps, blood in the stool, anemia, thrombosis, spleen cyst, intestinal
obstruction, etc., and intestinal obstruction is a complication of advanced cancer, which seriously
affect people’s life and health [9].

Screening for CC is primarily based on risk determination with age being the primary risk factor
to consider for most of the population. In the absence of a high-risk condition (e.g., IBD,
personal or family history of CC or advanced adenomas), the age to begin CC screening was 50.
However, 11% of CC cases occur in patients younger than 50 years with incidence rates rising at
a pace of 1-2% per year. 245 Several factors have been associated with an increased incidence in
young patients including obesity, diet, sedentary lifestyle, and a diet rich in processed foods, red
meat, and sugary drinks. Nonetheless, a causal link has yet to be established [11].

More than 1.9 million new cases of colorectal cancer (including anal cancers) and 904,000
deaths were estimated to occur in 2022, representing close to one in 10 cancer cases and deaths
[12] (Figure 1.4).
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Figure 1.4 Colon, Age-Standardized Rate (World) per 100 000, Incidence and Mortality,
Both sexes, in 2022, UN Regions [4].

Imaging studies are frequently used to evaluate patients for screening and staging of colorectal
cancer. Cross sectional imaging studies such as computed tomography (CT) colonography
positron emission tomography (PET)/CT colonography and magnetic resonance imaging (MRI)
provide anatomic and morphologic information about tumors and patterns of spread [12].

This research project focuses on two main diagnostic imaging devices for the cancer:

1.1.3. CT (Computed Tomography)

CT (Computed Tomography) scanning can provide a fast test result without pain, and it provides
information about the tumor shape, size, and location. A CT scan is a 3-D image of the inside of
the body, produced by an x-ray machine that takes multiple images of the same anatomical
location from different angles [13]. Computed tomography (CT) examinations for clinical
diagnosis have been increased globally due to their efficacy in the rapid extraction of precise
anatomical information from a scanned area of the patient body [14].

1.1.4. MRI (Magnetic Resonance Imaging)

Magnetic Resonance Imaging (MRI), a popular non-invasive strategy, produces a large and
diverse number of tissue contrasts in each imaging modality and has been widely used by
medical specialists to diagnose brain tumors [15]. MRI has become an essential tool in modern
medicine for diagnosing various diseases and abnormalities due to its ability to provide detailed
anatomical, physiological, and functional information [16].

5
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The use of diagnostic imaging has increased significantly over the past decade, and expensive
technologies such as CT and MRI have been extensively introduced into several diagnostic
procedures. The clinical information acquired from their use, the decrease in time needed to
perform them and greater accessibility to imaging facilities have benefited patients with
significant improvements in diagnostic capabilities but at the same time have resulted in a
substantial increase in healthcare costs [17].

1.2. Problem Statements

The field of cancer detection, particularly concerning lung, and colon cancers, is fraught with
complexities that present significant gaps in current scientific understanding. Despite
advancements in medical technology, there remains a critical need to enhance patient outcomes
through improved diagnostic accuracy. The challenge lies in the effective interpretation of
advanced imaging data and the integration of these methodologies to streamline and improve
diagnostic precision. Our project research seeks to advance the field by developing machine
learning models that enhance the accuracy and efficiency of cancer detection, aiming to bridge
the existing gaps and elevate the standard of diagnostic care.

We focus on radiologists more than any employee in radiology department, cause the radiologist
is the one who reads the medical images, try to analyze those images, and decides the right
treatment for patients based on what he or she analyzed from those images, thus any mistake
from them can be vital, those mistakes can be burdens and lead to many problems to what we try
to state them which they are:

1.2.1. Diagnostic error

Those kind of errors can be divided into two main things [18]:

A. Professional causes of diagnostic errors in radiology: The causes of imaging diagnostic
errors are complicated and often coexist for multiple reasons. The professional errors
have two types: perceptual error and cognitive error.

e A perceptual error can be referred to as a “miss,” which means an important
finding is not observed, those kind of errors occur due to:

i. Lesion size and density: The lesion is too small to attract the radiologist’s

attention.

i1. Thinking bias: Decreased vigilance to other abnormalities after detecting
the first lesion, resulting in the termination of reading and the omission of
other vital lesion.

1ii. Location of lesions: The edge of the image, or a corner that is hard to
notice This kind of error is known as the location error, and some
researchers call it the inattentional bias.



Chapter 1: Introduction

e Cognitive errors can be considered “misunderstanding,” which means an unusual
image is found but subjected to faulty reasoning, or the diagnostic classification
of the imaging abnormality is generally correct, but there is inadequate
interpretation or complacency due to cognitive bias, those kind of errors occur
due to:

1. Lack of professional knowledge: Errors due to a lack of knowledge often
occur among medical students and junior physicians.

ii. Thinking cognitive bias: tendency of our cognitive functions to obey
certain patterns that are not always productive.

Perceptual errors account for approximately 60 to 80% of diagnostic reporting errors, and
the proportion of cognitive mistakes is approximately 20 to 40%.

B. Non-professional causes of diagnostic errors in radiology: Many non-professional causes
can affect the accuracy of reports during the workflow of radiologists, and fatigue is one
of the most important causes. Some studies have shown that the error rate in diagnosis
reports is higher during the night shift, especially after midnight. More importantly, the
workload of radiologists has relentlessly increased and is a frequent reason for burnout.
Burnout is “a syndrome resulting from chronic workplace stress that has not been
successfully managed.” A recent Medscape survey found that 47% of radiologists suffer
from burnout. Another causes like Neck and shoulder pain, back pain, carpal tunnel syndrome,
eye strain, headache, and other symptoms that may interfere with work approximately 58% of
radiologists.

1.2.2. The Overwhelming Challenge of CT and MRI Image Interpretation for
Radiologists

The rapid advancement of medical imaging technology has revolutionized diagnostic capabilities
but has simultaneously created significant workflow challenges for radiologists. The exponential
growth in both the number of imaging studies and the quantity of images per study has resulted
in an overwhelming burden on radiologists' cognitive resources and interpretation time.

The radiology field has experienced dramatic increases in imaging volume over recent decades.
Between 1996 and 2010, CT and MRI examination volumes increased by 280% and 380%
respectively [19]. Even more concerning is the growth in image content per study, which has
risen by a staggering 1,300% in CT studies and 540% in MRI exams from 1999 to 2010 [19].

This exponential growth has fundamentally transformed the nature of radiological work,
converting what was once a manageable task into an overwhelming flood of visual data.
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The technical advances enabling thin-slice acquisition have contributed significantly to this
image explosion. While these technological improvements provide greater diagnostic detail, they
also generate hundreds or even thousands of images per examination that must be systematically
reviewed. Quantitative assessment using these techniques has become increasingly time-
intensive and costly, due in part to extensive post-processing requirements [20].

The overwhelming volume of images contributes significantly to radiologist fatigue, which in
turn affects diagnostic accuracy. Dr. Jan Vosshenrich, a researcher from the University of
Hospital Basel in Switzerland, emphasizes that "fatigue is not solely attributed to prolonged or
off-hours shifts and sleep deprivation but is actually a multifactorial issue... It's also a result of
performing high-volume and high-complexity tasks, which certainly characterizes the
radiologist's work environment." [19]. Fatigue resulting from high image volume is "known to be
an important risk factor for performance deterioration, potentially leading to higher medical error
rates” [19]. The cognitive strain of processing hundreds or thousands of images can lead to
missed findings or incomplete interpretations, particularly toward the end of long workdays or
workweeks. This relationship between image volume, cognitive fatigue, and diagnostic error
represents a critical concern for the field of radiology.

1.3. The Promise of AI and Machine Learning

Artificial intelligence (Al) and machine learning (ML) offer promising opportunities to address
challenges in radiology, including the overwhelming volume of CT and MRI image slices and
diagnostic errors. These technologies can enhance various aspects of the radiology workflow,
from order scheduling and triage to detection and interpretation of findings [21].

Machine learning and deep learning techniques in Al are transforming radiology by automating
detection of various conditions and enabling radiologists to become data scientists [22].

Machine learning can automate and improve the efficiency of radiology protocol assignment for
CT and MRI scans [23]. While Al is transforming radiology into a more objective science, it is
unlikely to replace radiologists entirely. Instead, it will allow them to focus on higher-value tasks
such as communication, medical judgment, and interventional procedures [24]. As Al continues
to advance, it has the potential to significantly improve both the quality and safety of medical
imaging.

1.4. Project objectives

This research project aims to advance cancer diagnostic capabilities through deep learning
approaches, focusing on two critical cancer types: lung, and colon cancer. The core objectives of
this study are to:

1. Design an automated medical image to enhance cancer detection accuracy and efficiency
in MRI and CT imaging.

2. Enhance early cancer detection and accuracy with advanced computational methods.

Design an intuitive, a user-friendly GUI for radiologists.

4. Conduct an extensive and thorough literature review.

[98)
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1.5. Project methodology

Chapter 3 presents the dataset and methodology employed to train a U-Net model for tumor
segmentation and annotation in both CT and MRI scan images. The proposed model is designed
to detect lung and colon tumors at early stages and operate an accurate reading of medical
Images.

(Figure 1.5) and (Figure 1.6) illustrates the architecture of the U-Net convolutional neural
network model and the workflow of the project, which is based on supervised machine learning
that involves several key steps. Initially, CT or MRI scan slices are being collected and labeling
the tumors by expertise in radiology and oncology fields, then all the data get pre-processed to
enhance image quality and standardize data. To address the limited availability of annotated
medical imaging data, data augmentation techniques are implemented to artificially expand the
training dataset and improve model for each organ. The U-Net model is optimized to directly
identify and localize tumor regions within CT and MRI images. The model is carefully fine-
tuned to accurately detect cancerous tissues in the target organs.

The chapter 3 provides a detailed explanation of the data pre-processing techniques, data
augmentation methods, and the architecture of the proposed U-Net model. In this study, we
leverage the U-Net architecture, a pioneering convolutional network designed specifically for
biomedical image segmentation. U-Net's unique design addresses the challenge of training deep
neural networks with limited annotated data, which is often the case in biomedical applications.

The U-Net comprises two paths: a contracting path to capture context and an expansive path for
precise localization. This symmetrical structure allows the network to be trained end-to-end from
very few images, significantly reducing the dependency on large datasets. The architecture uses
extensive data augmentation, particularly elastic deformations, to enhance the network's ability
to generalize from small training sets.

Key features of U-Net include:

o Data Augmentation: Utilizes elastic deformations to simulate realistic variations in
biomedical images, thereby improving robustness and invariance to deformations.

« Network Symmetry: The expansive path mirrors the contracting path, facilitating the
propagation of high-resolution features for accurate segmentation.

e Overlap-Tile Strategy: Ensures seamless segmentation of large images by predicting
border regions with mirrored input data extrapolation, thus overcoming GPU memory
limitations.

e Weighted Loss Function: Employs a pixel-wise loss weight to emphasize the learning of
small separation borders between touching cells, crucial for accurate segmentation in
dense cellular environments.

U-Net has demonstrated superior performance in segmenting neuronal structures in electron
microscopic stacks and has excelled in the ISBI cell tracking challenge for phase contrast and
DIC microscopy images. Its ability to achieve high Intersection over Union (IOU) scores with

9
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minimal training data makes it an ideal choice for our project, promising efficient and accurate
segmentation results.
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Figure 1.5 U-net architecture (example for 32x32 pixels in the lowest resolution). Each blue box
corresponds to a multi-channel feature map. The number of channels is denoted on top of the box.
The x-y-size is provided at the lower left edge of the box. White boxes represent copied feature
maps. The arrows denote the different operations [25].
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Figure 1.6 The workflow of our project based on supervised machine learning
method.
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1.6. Feasibility study

A feasibility study forms the backbone of project development, offering a rigorous,
multidimensional analysis to gauge viability. By examining technical, economic, and operational
facets, it serves as a roadmap to understanding practical potential and identifying risks,
equipping stakeholders with the insights needed for informed decision-making and strategic
planning.

1.6.1. The technical feasibility

This refers to assessing whether the proposed project is technically viable. It involves evaluating
the availability, suitability, and integration of the necessary technology, infrastructure, and
resources needed to transform the concept into a workable reality which includes:

A. Materials components

e Laptop:
1. Essential Specifications:
a. Processor: Intel Core 17 or higher, 1.9 GHz or faster
(recommended: Intel Core 19, 2.6 GHz).
b. Internal Hard Disk: 500 GB or more (recommended: 1 TB).
RAM: 8 GB or more (recommended: 16GB).
d. Operating System: Windows 10 32-bit or more
(recommended: Windows 11 64-bit).
2. Optional Specification:
a. NVIDIA Graphics Cards: RTX 2080 or more
(recommended: RTX 3080 Ti).
e DSL modem:
A 4G DSL modem for:
1. Doing researches for the whole project.
2. Downloading the required dataset for validation and training.
Uploading the dataset to Google Drive.
3. Pre-processing, training and validation in Google Colab.
4. Testing the models in Google Colab to evaluate:
a. Training and Validation accuracy.
b. Training and Validation loss.

o

B. Programming software

1. Programming Language and Environment:
e Python: Python 3.9 or later.
e IDE: PyCharm professional or a Python-compatible IDE like Jupyter Lab,
Google Colab, or Anaconda.

12
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2. Libraries and Frameworks:
e PyTorch, Pytorch-Lightning.
e Matplotlib, NumPy, Pandas.
e PyQt6, OpenCYV, Celluloid, PIL, Openpyxl, Skimage.
e Sys, OS, Shutil, Json, GC, Subprocess, Tqdm.
e Pydicom, Nibabel, SimplelTK.
e Datetime, Time.
e Our re-designed CNN model (U-Net).

1.6.2. The economic feasibility

This analysis delves into the financial viability of the proposed project, weighing its potential
benefits against implementation costs. It determines if the investment not only makes fiscal sense
but also promises value that justifies the expenditure.

= Typically, two radiologists are required to review CT and MRI images to ensure
diagnostic accuracy. This project could potentially assume the role of one radiologist,
thereby reducing the costs associated with employing two radiologists.

= By accelerating the diagnostic process and enhancing reliability, more patients could be
diagnosed in a timely manner, increasing patient throughput and associated revenue.

= The project’s contribution to a more accurate and efficient diagnosis could bolster the
institution's reputation, attracting a greater number of new patients.

Table 1.1 The workflow of our project based on supervised machine learning method.

Elements Cost of the Unit No. of elements Total
Laptop 5008 1 500%
Windows 11 PRO 200% 1 200%
The project 728 It differs depending 728
subscriptions on the price of every
subscription
The project related 15% It differs depending 15%
courses on the price of every
course
The project samples 258 It differs depending 25%
on the price of every
sample
Other things related 16$ It differs depending 16$
to the project on the price of every
thing related to the
project
Total 13289% 2 (only countable 1328$
elements)
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Table 1.2 Comparison costs of two radiologists and one radiologist with the project in

Yemen [26].
Employee One radiologist | Two radiologist The project One radiologist
and the project
Project price 1500 $ (only for | 1500 $ (only for
once) once)
Salary per year Nearly 9600$ Nearly 192008 | --—-—--—------- 9600$
Total 9600% 192008 1500$ 11100$

However, this can range from 86508 for the lowest 10% to over 10560$ for the top 10% of

earners per year for one radiologist [26].

Table 1.3 Comparison costs of two radiologists and one radiologist with the project outside

Yemen like USA [27, 28].
Employee One radiologist | Two radiologist The project One radiologist
and the project
Project price 1500 $ (only for | 1500 $ (only for
once) once)
Salary per year | Nearly 3797908 | Nearly 7595808 | ---—-—--—-—---—--- 3797908
Total 379790% 75958098 15008 381290 $

However, this can range from 276,427§$ for the lowest 10% to over 496,323$ for the top 10% of
earners per year for one radiologist [28].

Table 1.4 Cost of a regular maintenance per year to the project.

Element Cost only each year Total in 10 years

Maintenance 150% 1500 $

As noticed from previous cost tables, it is known now how the cost differs when applying the
(Shtookler) project, especially in 10 years which the paid cost for two radiologists is (19200%)
in Yemen and (7595808) outside Yemen like USA and the cost when using the Chestookler with
one radiologist is (11100$) in Yemen and (381290%) outside, considering that maintenance of the
project per year is only (150%) and in ten years it only be (15008).
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1.6.3. The operational feasibility

This refers to assessing whether a proposed project or system can be effectively implemented
and integrated into current operations. For instance, the operational feasibility of an Automated
Segmentation and Annotation for MRI and CT scan images in Cancer Detection (Shtookler),
involves applying Al capabilities through Python to develop a diagnostic model with a user-
friendly interface. This model can be utilized on any computer device, facilitating a smooth
workflow for radiologists while providing fast and reliable diagnoses. This, in turn, can increase
patient throughput and revenue. Shtookler also seamlessly supports only dicom, nifti which have
compatibility with the system.

1.6.4. The Social feasibility

Social feasibility refers to assessing how a proposed project or system aligns with the social and
cultural dynamics of a specific community or society, considering its potential impact on
stakeholders. For example, Shtookler offers a streamlined approach to radiology, enabling tasks
traditionally performed by radiologists to be efficiently managed. This system has the potential
to reduce staffing needs, alleviate workload pressures, decrease diagnostic uncertainties, and
minimize errors.

The development environment and tools used in Shtookler include PyCharm Professional for
managing interface code efficiently and Python 3.9 as the primary coding language, along with
Al libraries to support core functionalities. Qt Designer and pyqt6 are employed to design the
user interface, ensuring an intuitive experience for end-users. Jupyter Lab provides a versatile
environment for handling Python-based Al code, while Anaconda serves as the primary
platform for Python data management and code development.

1.7. Planning time schedule

The planning schedule provides a structured timeline of the project phases, as illustrated in
(Table 1.5) It establishes clear start dates, task requirements, estimated durations for each
activity, and the anticipated project completion date. This schedule serves as a comprehensive
roadmap for effectively managing and tracking project progress from initiation to closure.
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Table 1.5 The project planning schedule in 2024/2025.

2024 2025
1D Task Name Start Date | End Date
Aug | Sep | Oct | Nov | Dac Jan | Feb | Mar | Apr | May

1 Searching for an idea 2024/8/10 | 2024/8/15 u

g | Downlading Allibraries That| o) or1c | g24gn7 |
are compalibile Lo Lhe projecl

3 Primary study 20241817 2024/8/28 ||

4 Detailed study 20241/8/28 2024498 |

5 | Preparing the proposal 202498 | 20241018 —
Documentat

6 | FPreparing the proposal 2024/10/18 | 2024/10/29 [
presentation
Fi i -

7 trsl senior project 2024/10/29 | 202411/ -
submission

8 Data Collection for Lung 2024/11/9 | 2024710720 -
und Colon sumples

9 Data Preprocessing 2024/11/20 | 2024/12/10 ]
Model Desi d

10 PSP 2024/12/10 | 2025/1/5 ——
Implementation

11 Training and Validation 2025/1/5 2025/1/27 ]

12 Performance Evalualion 2025/1/27 2025/2/28 |

13 Final Tesling 2025/2/28 2025/3/22 |
User Interface Development:

] A) Qt Designer: UI designing | 2025/3/22 2025/4/1 [ ]
B) pyqu6: UX desinging

15 | Backend coding 2025/3/22 | 2025/4/5 —

- .

16 | Writing and handing the 2024/10/1 | 2025/4/10 ]
documentation

17 | Preparing the final 2025/4/10 | 2025/4/30 —
presentation

1g | Phefinal senior project 2025/5/1 | 2025/3/10 -
submission

1.8. Report organization

The rest of this report is organized as follows: chapter 2 reviews the background and literature
review as well as the project concepts. Chapter3 includes introduction, data collections,
programming tools, block diagram of the general structure, life cycle diagram and models of
project. Moreover, chapter4 contains algorithms, designing GUI, interface views, and
implementation. In addition, chapter5 reviews results and discussions of project models. In
chapter 6 finalize the documentation with conclusion and references.
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2. Chapter 2: Background and Literature Review

2.1. Background

Cancer is a disease that spans the breadth of human experience. Observed in hominid fossils and
human mummies, first described in ancient times by Egyptian and later by Greek physicians, it
has manifested itself throughout human history. Affecting people of all ages, cancer cuts through
society, causing suffering on a global scale. According to the World Health Organization, cancer
is responsible for one in six deaths, which makes it the second most common cause of death
globally [29].

Through the ages, physicians who observed and described this disease were faced with its
seeming intractability. The emergence of modern medicine changed that view through an initially
slow accumulation of biological and therapeutic knowledge that accelerated with the advent of
molecular cell biology and genetics in the latter part of the 20th century. This progress, together
with more recent technological advances, have permitted an unprecedented understanding of the
disease. Today the word ‘cancer’ refers to hundreds of distinct disease types that share similar
fundamental properties. The importance of the tissue and cell type from which the disease
originates is clear. It is known that the function of cancer cells at the molecular and metabolic
level is crucial but is also highly context dependent. Cancer is also appreciated as a disease of
change—a condition characterized by plasticity and heterogeneity, that evolves at genetic,
phenotypic and pathological levels, and progresses through different stages clinically. Beyond
decoding of the genetic fingerprint and molecular makeup of a specific cancer type, we
understand the importance of the systemic and local tumor environment in how the disease
develops and manifests. The interplay with the immune system and immune tumor
microenvironment has become especially apparent in recent years. Indeed, today we recognize
that cancer heterogeneity, evolution and the local and systemic environment all have key roles
not only in disease development but also in the response or resistance to therapy and disease
recurrence [29].

A profound and accurate knowledge of cancer epidemiology provides essential information on
possible causes and population trends of these conditions, thus making it possible to establish
timely and appropriate health-care interventions aimed at developing efficient policies for
prevention, screening, and diagnosis [30].

Cancer diagnostics rely on a combination of innovative techniques to identify and understand
malignancies across diverse organs. Each organ presents unique diagnostic challenges and
requires specialized approaches to detect cancer at the earliest, most treatable stages. Through an
integration of advanced methods, clinicians gain a clearer, more comprehensive view of the
disease, paving the way for precise diagnosis and targeted interventions. This section will
explore each organ in detail, highlighting the key diagnostic methods employed:
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2.1.1. Lung Cancer

Lung cancer poses different diagnostic complexities due to its anatomical position and the nature
of respiratory tissue. Early detection is crucial for successful treatment outcomes. However, lung
cancer offers a wider range of diagnostic options due to its relative accessibility through various
imaging and sampling techniques.

Typically, lung cancer cure depends upon detection of disease at the initial stage, and effective
diagnosing methods result in decrease incidence rates for lung cancers. Currently, the treatment
of lung cancer can be done through seven techniques such as chest radiographies (CXRs),
computed tomography (CT) scans, magnetic resonance imaging (MRI), positron emission
tomography (PET), and cytology sputum and breath analysis [31].

Blood-based biomarkers for lung cancer have emerged as a promising non-invasive approach to
complement traditional diagnostic methods. Circulating tumor cells (CTCs) and circulating
tumor DNA (ctDNA) are among the most extensively studied biomarkers, offering the potential
for early detection, real-time monitoring of tumor progression, and assessment of treatment
response. While these biomarkers hold significant promise, several limitations need to be
addressed. Variability in biomarker expression levels and a lack of standardized testing
methodologies can impact their clinical utility. Additionally, while blood-based biomarkers
provide valuable information, they may not fully replace tissue biopsies, which remain the gold
standard for definitive diagnosis and comprehensive tumor characterization [32].

Bronchoscopy with autofluorescence (AFB) offers significant benefits in the biopsy of lung
lesions, notably improving the detection rates of early malignant lesions. The study reported an
increase in the positive diagnostic rate from 60.5% to 86.8%, highlighting AFB's ability to
identify subtle abnormalities that traditional white-light bronchoscopy may miss. This technique
aids in the early diagnosis and classification of lung cancer, potentially guiding more effective
treatment strategies. However, limitations exist, including the potential for false positives due to
factors like mucosal bleeding or inflammation, which can obscure results. Additionally, the
effectiveness of AFB can be operator-dependent, and its application remains limited to a small
number of cases, necessitating further research to validate its broader clinical utility [33].

Endoscopic procedures, particularly bronchoscopy, have revolutionized the diagnosis and
management of lung diseases. However, these techniques are not without limitations and
potential risks. They may not be sensitive enough for peripheral lung lesions, and their success
can depend on operator skill. Despite being minimally invasive, they require sedation and carry
risks like pneumothorax, bleeding, and infection. Obtaining sufficient tissue samples can be
challenging, and access to advanced techniques and specialized equipment may be limited [34].

Lung cancer screening with low-dose computed tomography (LDCT) has emerged as a critical
approach to reducing lung cancer-related mortality, particularly in high-risk populations. Studies
reveal that LDCT screening lowers mortality by 21%, detecting cancers at earlier, more treatable
stages. However, its application is accompanied by notable challenges, including a high rate of
false positives and overdiagnosis, with estimates suggesting that up to 18% of detected lung
cancers may never progress to harm the patient. Despite these limitations, LDCT remains a
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transformative tool in lung cancer management, emphasizing the need for careful participant
selection and standardized screening protocols [35, 36].

Deep learning significantly enhances lung cancer segmentation, facilitating more accurate and
efficient detection of tumors in medical imaging. By leveraging advanced architectures like U-
Net and transformers, deep learning models can automatically identify and delineate lung
nodules from CT scans with remarkable precision. This automation alleviates the time-
consuming and subjective nature of manual segmentation performed by radiologists, thus
improving diagnostic accuracy and reducing inter-observer variability. Furthermore, these
models can learn from vast datasets, allowing them to generalize well across diverse patient
populations, ultimately contributing to earlier detection and better treatment outcomes for lung
cancer patients [37, 38, 39].

2.1.2. Colon Cancer

Transitioning from lung cancer to colorectal malignancies introduces a shift in diagnostic
approaches. The colon's tubular structure and accessibility through endoscopic procedures offer
unique advantages for early detection and screening. The ability to directly visualize the colonic
mucosa and obtain tissue samples through colonoscopy has revolutionized both the screening
and diagnosis of colorectal cancers, making it one of the few cancers where prevention through
polyp removal is possible.

Colorectal cancer is the third most common diagnosis and cause of cancer-related death in both
sexes in the United States [40]. Worldwide and in the United States, colon and rectal cancers are
the second most common cause of cancer-related mortality [41]. Incidence rates have been
decreasing in Western countries, mostly due to the widespread use of colonoscopy screening.
However, the condition's incidence among younger adults is increasing [42].

Most colon cancer is sporadic, and approximately 5 percent are due to an inherited genetic
mutation, mostly due to Lynch syndrome (hereditary nonpolyposis colon cancer or HNPCC) and
familial adenomatous polyposis (FAP). The transition from normal colon epithelium to invasive
cancer takes several years and most commonly follows a sequence characterized by the
accumulation of genetic mutations, adenoma formation, and subsequent carcinogenesis
(adenoma-carcinoma sequence) [43, 44, 45]. Certain cancers may follow alternative pathways,
such as those involving DNA mismatch repair (MMR) and the BRAF gene [46].

colon cancer screening is recommended and may be performed using various modalities.
Screening initiation and follow-up guidelines vary among organizations [47]. Colon cancer
diagnosis requires a tissue biopsy, usually obtained via colonoscopy. All newly diagnosed colon
cancers should be screened for common genetic mutations, and a complete colonoscopy and
baseline carcinoembryonic antigen (CEA) should be performed. Most patients with invasive
cancer require a baseline chest and abdominopelvic computed tomography (CT) scan [48].
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In 2018 the ACS provided a guideline update for CRC screening. The suggestions were
categorized as either solid or qualified recommendations. The ACS advises that persons aged 45
and older with an average risk of colorectal cancer undergo routine screening using either a high-
sensitivity stool-based test or a structural examination [44]. They issued a qualified
recommendation to begin annual CRC screenings at the age of 45 and a strong recommendation
for annual CRC screening in those 50 years and older. The stool-based tests highlighted in their
guidelines were the fecal immunochemical test (FIT) test, the guaiac-based fecal occult blood
test (gFOBT), and the multitarget stool DNA test. The structural examinations highlighted were
the colonoscopy, computerized tomography colonography examination, and flexible
sigmoidoscopy [44].

In 2021 the USPSTF issued an updated recommendation statement for CRC screening. The
recommendations assessed the benefits of screening at different age intervals and classified them
by substantial and moderate levels. The USPSTF found substantial benefits in regular CRC
screening for people aged 50 through 75 years and moderate benefits in regular CRC screening
for those aged 45 through 49 years [45]. These conclusions were made in reference to high-
sensitivity stool-based tests and structural examinations. For those average-risk populations, the
USPSTF recommends a high-sensitivity gFOBT and FIT test every year and a multitarget stool
DNA test every one to three years. In addition, they recommend a colonoscopy every ten years
and CT colonography and flexible sigmoidoscopy examinations every five years [45].

Lastly, the USPSTF also updated its CRC screening guidelines in 2021. The American
Gastroenterological Association, the American Society for Gastrointestinal Endoscopy, and the
American College of Gastroenterology (ACG) work alongside the USPSTF to revise and create
screening guidelines. Strong recommendations and conditional recommendations categorized the
new guidelines. They strongly recommended CRC screening in average-risk populations of those
between the ages of 50 and 75 and conditionally recommended CRC screening in those average-
risk populations for those between the ages of 45 and 49 [46]. The new guidelines also
categorized the recommended screening tests into three distinct levels: first tier, second tier, and
third tier. Tier one tests are considered the most crucial and practical and include the annual fecal
immunochemical test (FIT) test and the colonoscopy exam every 10 years. Tier two tests
included CT colonography and flexible sigmoidoscopy every five years. The tier three tests
include the capsule colonoscopy every five years [46].
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2.2. Literature Review

2.2.1. Lung Cancer

Detecting pulmonary nodules is essential for early lung cancer diagnosis and treatment, enabling
timely intervention. Pulmonary nodule detection generally involves two stages: screening
potential nodules in CT scans and classifying malignancy likelihood, which guides clinical
decisions. Recent advancements in Al, particularly deep learning models like multi-task CNNs,
YOLOv4, U-Net, and GANSs, have significantly improved detection sensitivity and accuracy,
enhancing CAD systems. High-quality datasets such as LIDC-IDRI and LUNA16 have
facilitated these advances by providing annotated data for effective model training. Table 3
summarizes 19 recent studies (2020-2024) utilizing the LIDC-IDRI dataset, highlighting their
strengths, limitations, and clinical relevance. Key Innovations and Performance Comparisons:
Over the past several years, significant advancements have been made in Al-driven pulmonary
nodule detection, contributing uniquely to the evolution of the field.

In 2020, Masud et al. [49] developed a lightweight deep learning model achieving 97.9%
accuracy, showcasing the potential for Al deployment in resource-constrained environments,
such as mobile devices in clinics with limited computational power. In 2022, Bhatt et al. [50]
demonstrated the utility of YOLOV4 for real-time detection with 95% precision, emphasizing the
practical application of Al in rapid diagnostics. Fu et al. [51] integrated 3D CT imaging with
serum biomarkers, highlighting a multimodal approach that combines diverse data sources to
enhance diagnostic precision.

In 2023, Gugulothu et al. [52] introduced a hybrid deep learning approach, and by 2024, Gautam
et al. [53] combined ResNet, DenseNet, and EfficientNet to achieve a sensitivity of 98.6%,
significantly reducing false negatives. Furthermore, Usman et al. [54] developed MEDS-Net,
which achieved a CPM score of 93.6% by reducing false positives, thus minimizing unnecessary
invasive procedures and enhancing diagnostic reliability. These innovations collectively advance
the clinical applicability of Al for lung cancer detection by improving both accuracy and
efficiency. Model Adoption and Clinical Implications: The discussed studies highlight a range of
technical approaches focusing on improving sensitivity, computational efficiency, and real-time
applicability. Models such as YOLOv4 and MEDS-Net illustrate the potential of Al to be
integrated into practical, real-time clinical workflows, whereas the multimodal diagnostic model
by Fu et al. [51] underscores the value of combining multiple data sources for a more
comprehensive diagnostic approach. A crucial factor in clinical adoption is the computational
complexity of these models. While high accuracy is desirable, the scalability of complex models
like Mask R-CNN and GAN:S is often limited due to their heavy computational requirements.

Manickavasagam et al. used LIDC/IDRI images to develop a convolutional neural network with
5 convolutional layers. The system was based on image feature extraction and characterization
and reached accuracy, sensitivity, specificity, and area under the roc curve of 98.88%, 99.62%,
93.73%, and 0.928, respectively [55]. Despite these results, the CAD system still has several
limitations. The main one is the high number of false positive results related to blood vessels or
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other soft tissue structures that are misinterpreted by the system itself. This aspect reduces the
accuracy and efficacy of CAD screening tools in large populations [56].

Effective nodules classification techniques can reduce the false positive rates: Tran et al.
developed a system dividing nodules and non-nodules with an accuracy of 97.2%, sensitivity of
96.0%, and specificity of 97.3%. Also, other authors tried to reduce false positive results such as
Wau et al. [57] which reached an average accuracy of 98.23% and a false positive rate of 1.65%,
and Mastouri et al. [58] which achieved an accuracy rate of 91.99%

After lung nodule detection, the nodules should be characterized as benign or malignant. CNNs
are used to analyze various lung nodule features such as morphology, shape, and growth rate, for
this purpose [59]. Zhang et al. [60], Al-Shabi et al. [61], and Liu et al. [62] proposed three
different systems for this kind of analysis achieving classification accuracy, respectively, of
92.4%, 92.57%, and 90%.

Table 2.1 Lung Cancer Detection Models with Accuracy and Dice Metrics.

Reference Methodology Dataset Test Dice | Year
[63] 3D deep multi-task CNN LUNAI6 92% 91% | 2018
[64] Deep Deconvolutional LIDC/IDRI 88.68%. | 94.97% | 2020

Residual Network (DDRN)
for lung nodule segmentation
from CT images.
[65] Multi-scale 3D CNN for Custom-built 82.00% | 93.11% | 2021
lesion classification dataset of 73 CT
scans annotated
with genomic
profiles.
[66] 3D U-Net (MAU-Net) Clinical dataset 86.67%. 95% | 2021
architecture. consisting of 322
CT images.
[67] 1 - Lung segmentation using a LUNAIS6. 93.57% | 98.82% | 2023
modified 3D U-Net named 3D
Res-U-Net
2 - Nodule detection using
YOLO-v5
[68] used a U-Net encoder-decoder | 800 X-ray images | 96.97% | 95.01% | 2023
architecture for deep learning- | with corresponding
based image segmentation. masks.
[69] Ensemble Deep LUNAI6 97% 98.6% | 2024
Convolutional Neural
Network (EDCNN) combined
with Modified Mayfly
Optimization and Modified
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Particle Swarm Optimization
(M2PSO) algorithms.

[70] Modified Deep Residual U- LUNAI16 99% 96.35% | 2024
Net architecture.
Convolutional Neural

Networks (CNNs)
[71] YOLOv4 LUNAI16 99.74 % | 96.79% | 2023
[72] 1 - 3D-VNet architecture for LUNA16 99.2% | 99.34% | 2024
segmentation of pulmonary
nodules.

2 - 3D-ResNet architecture for
classification of lung nodules.

2.2.2. Colon Cancer

A study compared the computer-aided diagnosis (CADx) mode of the CAD EYE system
(Fujifilm Corporation, Tokyo, Japan) and the performance of an expert for optical diagnosis of
colorectal lesions. A total of 110 lesions (80, 72.7%, dysplastic lesions and 30, 27.3%, non-
dysplastic lesions) were evaluated. The artificial intelligence results showed 81.8% accuracy,
76.3% sensitivity, 96.7% specificity, 98.5% positive predictive value (PPV), and 60.4% negative
predictive value (NPV). The expert results showed 93.6% accuracy, 92.5% sensitivity, 96.7%
specificity, 98.7% PPV, and 82.9% NPV [73].

A study used the WavSTAT4 (SpectraScience Inc., San Diego, California, USA) optical biopsy
forceps system with laser-induced autofluorescence spectroscopy to anticipate the histology of
diminutive polyps (<5 mm). A total of 137 lesions were analyzed, and the accuracy result was
84.7%, with 81.8% sensitivity, 85.2% specificity, and 96.1% NPV. Another study used a narrow-
band imaging (NBI) magnification colonoscopy system for a CAD real-time image recognition
system to verify 118 colorectal lesions, and all the results (accuracy, sensitivity, specificity,
positive predictive value, NPV) were above 93% [74].

third study used ultra-magnifying colonoscopies associated with NBI or methylene blue staining
modes, which allowed both visualization and microvascular and cellular imaging of polyps in the
colon. Four hundred sixty-six diminutive polyps were analyzed, and the accuracy was 98.1%,
with an NPV of 96.4% for methylene blue staining modes and 96.5% accuracy for NBI modes
[74]. The technologies are rapidly evolving, and they promise to achieve valuable endoscopic
innovations to characterize and classify small polyps. The technologies will also avoid the
resection of non-hyperplastic/non-neoplastic polyps (that rarely involve malignant forms),
resulting in lower financial expenditure, unnecessary exposure of healthy tissue to intervention,
and saving time (related to the time that would be wasted in the observation and the resection of
the lesions) [74].
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Table 2.2 Colon Cancer Detection Models with Accuracy and Dice Metrics.

Reference Methodology Dataset Test Dice | Year
[75] Compressed-domain CNN 351 biopsy WSIs 95.7% | 80.4% | 2021
(PCA+DWT)
[76] Focus U-Net (attention U- Five public polyp - 94.1% | 2021
Net) datasets
[77] Deep CNN (weakly Polyp-Box-Seg 98.76% | 81.52% | 2022
supervised) (private,
colonoscopy)
[78] ResNet-enabled CNN TCIACT 98.82% | 91.57% | 2022
colonograpy
[79] DeepPoly (DoubleU-Net + EndoTect, Kvasir- 99.0% | 83.4% | 2023
ViT) SEG
[80] CRPU-Net (lightweight U- CVC-ClinicDB, 96.42% | 95.77% | 2023
Net) CVC-ColonDB
[81] Attention U-Net CVC-ClinicDB 97.46% | 90.85% | 2024
(GastroSegNet)
[82] AdaptU-Net (U-Net + CVC-300 98.80% | 91.04% | 2024
wavelets)
[83] SegNet (deep CNN) 37-patient CT scans | 95.8% | 94.25% | 2024
[84] PolyNet-DWT-CADx (hybrid CKHK-22 92.3% 96% | 2025
CNN+U-Net) colonoscopy (multi-
source)

Recent advances in Al-driven detection models for lung and colon cancers highlight the growing
role of deep learning in improving diagnostic precision. For lung cancer, innovations in
architectures like CNNs, YOLO, and hybrid models have enhanced sensitivity and reduced false
positives, enabling earlier intervention. Similarly, colon cancer research demonstrates the
efficacy of CAD systems and U-Net variants in polyp characterization, improving specificity and
minimizing unnecessary treatments. These developments rely heavily on robust datasets and
computational advancements to refine clinical workflows.

Challenges remain, including computational complexity, variability in imaging data, and the
need for generalizable models. Future efforts should prioritize scalable architectures, diverse
training datasets, and multimodal integration to bridge technical innovation with clinical needs.
Collaborative, interdisciplinary approaches will be critical to translating these tools into
actionable, patient-centered oncology care.
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3. Chapter 3: Requirements Analysis and Modeling

3.1. Introduction

The following chapter delves into the critical process of deciphering and documenting the
comprehensive requirements for our innovative project. Our aim is to create a state-of-the-art,
reliable, and efficient tool that automates the segmentation and annotation of MRI and CT scan
images for cancer detection—a pivotal component in modern medical imaging diagnostics. This
cross-sectional study harnesses cutting-edge deep learning techniques to streamline the cancer
detection process, thereby enhancing the support provided to radiologists, oncologists, and
healthcare professionals. Serving as a vital bridge between the initial conceptualization and the
subsequent development phase, this section examines a diverse array of methodologies and best
practices for meticulously gathering, analyzing, and modeling the project’s requirements. The
goal is to ensure that the final solution not only meets but surpasses the rigorous expectations of
medical practitioners and patients, delivering unparalleled precision, scalability, and user-
friendliness.

Throughout the upcoming sections, we present a comprehensive approach to requirements
analysis and system modeling—elements that are indispensable to the success of our project.
Key topics include the overarching system architecture, lifecycle management, detailed flow
diagrams, robust dataset curation, and an optimized preprocessing pipeline. These foundational
activities collectively provide an in-depth understanding of both the functional and non-
functional requirements, setting the stage for a groundbreaking solution that redefines accuracy,
reliability, and overall performance in cancer detection.

3.2. Life Cycle System (LCS)

The Life Cycle System (LCS) for "Automated Segmentation and Annotation for MRI and CT
Scan Images in Cancer Detection: A Cross-Sectional Study" follows a structured, phase-based
approach to ensure systematic development and validation. (Figure 3.1) It encompasses six
sequential phases:

1. Requirements Analysis: Define clinical needs, data collections (MRI/CT modalities) of
the medical scans and its annotation files and import important python libraries related
for the project.

2. System Design: Design machine learning tool by developing a CNN model (U-Net) that
only fits 2D for the medical scans and its labels, preprocessing pipelines, and validation
protocols.

3. Implementation: Develop and train models using the preprocessed dataset.

4. Verification: Validate segmentation accuracy against ground-truth annotations and
clinical benchmarks, ensuring robustness across diverse scans.
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5. Deployment: Share results via peer-reviewed publication or integration into clinical
workflows for pilot testing.

6. Maintenance: Update models based on feedback, expand to new datasets, or refine
annotations for evolving diagnostic criteria.

Requirements
Analysis

Implementation

Verification

Deployment

Maintenance

Figure 3.1 Block Diagram of Waterfall System of the project.

3.3. Data collections

For our project, two principal datasets have been integrated to train the segmentation and
annotation models. First, CT scan data was acquired from the Medical Decathlon Segmentation
website, which provided a rich repository of images for both lung and colon cancer. These CT
datasets include cases with varying stages and manifestations of lung (Fig 3.2) and colon cancer
(Fig 3.3) and have been meticulously annotated by expert radiologists to ensure high diagnostic
precision.

In addition, MRI scan data focusing solely on lung cancer was obtained from The Cancer
Imaging Archive (TCIA). This MRI dataset complements the CT lung cancer samples, allowing
us to develop a robust model that leverages multimodal imaging techniques.
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Accordingly, two distinct models were developed for our study:

1. Lung Cancer Model: Trained using a combination of CT and MRI samples, enhancing the
model's diagnostic capability by integrating diverse imaging modalities.

2. Colon Cancer Model: Exclusively trained with CT samples from the Medical Decathlon
dataset, tailored to accurately segment and annotate colon cancer images.

Both datasets were initially sourced in NIFTI format to preserve image integrity and for
improved accessibility and processing efficiency. This comprehensive and diverse data collection
forms the backbone of our automated segmentation and annotation framework, ensuring high
standards in accuracy, reliability, and clinical applicability in cancer detection. The breakdown of
the dataset is by cancer type in Table 3.1.

Table 3.1 The dataset of the two models.

Model cancel

Dataset from Medical Decathlon

Dataset from The Cancer

detector Segmentation website Imaging Archive (TCIA) website
(NIFTI format) (NIFTI format)
Lung cancer 96 CT samples 30 MRI samples
Colon cancer 190 CT samples None

Figure 3.2 Sample images taken from lung_057 nifti file sample of a CT scan
from Medical Decathlon Segmentation website, there were screenshot by
ITK-SNAP app, (a) Axial display, (b) Sagittal display, and (c) Coronal
display.
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Figure 3.3 Sample images taken from colon_040 nifti file sample of a CT
scan from Medical Decathlon Segmentation website, there were screenshot
by ITK-SNAP app, (a) Axial display, (b) Sagittal display, and (c) Coronal
display.

3.4. Tools used in the project

For the project "Automated Segmentation and Annotation for MRI and CT Scan Images in
Cancer Detection: A Cross-Sectional Study," a set of specialized software tools, Important
python library tools, Website tools that have been integrated to support various aspects of
development, segmentation, annotation, and user interface design. These tools work together to
streamline the workflow from coding and environment management to advanced image
processing and GUI creation. Below is an overview of the key tools used:

3.4.1. Software tools that were used in this project

1. PyCharm: We used PyCharm as our integrated development environment (IDE) to write,
debug, and refactor code efficiently. Its syntax highlighting and version control
integration streamlined collaboration.

2. Anaconda: We managed Python dependencies and isolated our project environment
using Anaconda, ensuring reproducibility across team members’ machines by maintaining
consistent library versions.
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3.

ITK-SNAP: We leveraged ITK-SNAP to visually inspect and annotate medical scans
(e.g., verifying tumors and their masks), ensuring ground truth labels aligned with the
original imaging data.

Qt Designer: We designed the user interface (UI) for our custom annotation tool using
Qt Designer, enabling drag-and-drop creation of buttons and sliders for interactive
segmentation adjustments and displaying the results.

3.4.2. Important python library tools that were used in this project

1.

Pytorch: We built the U-Net architecture and trained it using PyTorch’s tensor operations
and GPU acceleration, implementing custom loss functions like BCE With Logits Loss
for segmentation tasks.

pytorch_lightning: We structured our training loop with PyTorch Lightning to automate
logging, checkpointing, and multi-GPU training, reducing boilerplate code and improving
experiment tracking.

PyQt6: We integrated the Qt Designer Ul into our application using PyQt6, creating a
desktop tool for clinicians to visualize predictions and refine segmentation masks
interactively.

Matplotlib: We generated training/validation loss curves and visualizations of model
predictions (e.g., overlaying masks on medical scans) to debug performance and share
insights in reports.

. Nibabel: We loaded and preprocessed medical imaging formats (e.g., NIfTI files) with

Nibabel, converting them into numpy arrays compatible with our PyTorch dataloaders.

3.4.3. Website tools that were used in this project

1.

Google Drive: We stored our dataset, trained model weights, and Tensor Board logs on
Google Drive for centralized access and backup during collaborative development.
Google Colab: We prototyped model architectures and ran preliminary training
experiments on Colab’s free GPU resources, later scaling to local GPUs for full training.

. JupyterLab: We used JupyterLab for exploratory data analysis (e.g., class imbalance

checks) and interactive testing of data augmentation strategies before integrating them
into the organs datsets.
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3.5. Data preprocessing

Preprocessing Pipeline for MRI
scans of only the lung

Preprocessing Pipeline for CT scans
of the lung and the cclon

For the lung:
Crop first 30 slices
Apply lung window: Clip [-1350, 150 HU]
Normalize — [0,1]

For the colon:
Remove first 20
Apply lung window: Clip [-150,250 HU]
Nomnalize — [0,1]

1
1
1
1
1 1. Crop & Normalize:
1
1
1

Sample Visualization
{Animation creation
with matplotlib)

Slice Cropping:

Bias Field Correction first 30 slices

Intensity Normalization
(z-score)

Multi-sequence Fusion

T1T2) Data Loading

(NKTI files
using nibabel)

2. Train/Val Split:
For the lung:
First 57 = train
The rest = val
For the colon:
First 110 =train
The rest=val

4. Save as .npy files:
Data/masks diractions

Figure 3.4 Preprocessing Pipeline for the samples.

Train/Val Split:
train =15
val =10

Resize (256x256) Processed Data

storage

4. Save as .npy with
preprossed CT lung files:

Data/masks diractions Validate the preprocessed data:

1 - Load .npy files

2 - Visualize overlay

3. Resize (256x256):
CT: bilinear
Mask: nearest

The preprocessing pipelines are divided into two modalities: MRI (lung-specific) and CT (lung
and colon). For MRI lung scans, key steps include bias field correction, slice cropping, z-score
normalization for T2-Weighted MRI sequence. CT scans involve organ-specific protocols: lung
processing emphasizes HU windowing to isolate parenchyma, while colon preprocessing
removes irrelevant slices and adjusts intensity ranges to enhance mucosal visibility. Both
modalities employ resizing (256x256) and train/validation splits optimized for dataset size, with
outputs stored as .npy files for efficient loading. Validation includes overlay visualization to
ensure anatomical alignment between images and masks.

Table 3.2 Preprocessing Parameters by Organ.

Organ | Modality Slice Windowing | Normalization | Resize | Training | Validation
Adjustment (HU) Method | samples | samples
MRI Remove 256x256 15 10
Lung First 30 N/A Z-score
slices
CT Remove [-1350, [0, 1] 256x256 57 7
First 30 150]
slices
Colon CT Remove [-150, 250] [0, 1] 256x256 111 15
first 20
slices

Note that the training samples from preprocessed MRI lung scans and CT lung scans will be
combined to the same folder of Data/Mask directions to train them into one model.
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Figure 3.5 Output medical image after preprocessing (CT lung).

31



Chapter 3: Requirements Analysis and Modeling

100

200

300

100

150
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these preprocessed datasets pose significant computational challenges due to their large size,
heterogeneous formats (e.g., NIfTI, DICOM), and domain-specific preprocessing requirements.
Efficient handling of such data is critical for developing robust machine learning models and
ensuring reproducibility in research. By standardizing preprocessing workflows and saving
intermediate results in optimized formats like NumPy’s .npy, researchers can streamline
downstream analysis while preserving data integrity across experimental pipelines.

Benefits of Saving Preprocessed Data in .npy Format:

1. Computational Efficiency:
e .npy files store data in a binary format, enabling faster read/write operations
compared to text-based formats (e.g., CSV) or medical imaging formats (e.g.,
NIfTI).
¢ Direct integration with NumPy eliminates parsing overhead, reducing I/O
bottlenecks during model training.
2. Memory Optimization:
e Storing individual 2D slices (e.g., as done in the code) avoids loading entire 3D
volumes into memory, which is critical for large datasets.
e Enables on-demand loading of specific slices during training, ideal for resource-
constrained environments.
3. Data Consistency:
e Preserves data types (e.g., float32 normalization) and spatial dimensions (e.g.,
256x256 after resizing), ensuring consistency across experiments.
e FEliminates variability caused by runtime preprocessing (e.g., resizing,
normalization) during model inference.
4. Interoperability:
e Native compatibility with Python’s scientific ecosystem (NumPy, PyTorch,
TensorFlow) simplifies integration into deep learning pipelines.
e Facilitates collaboration by providing a standardized format independent of
proprietary medical imaging software.
5. Storage Efficiency:
e Lossless compression reduces storage requirements by up to 50% compared to
uncompressed NIfTI files, while retaining pixel-level precision.
e Enables efficient archival of large-scale datasets (e.g., multi-institutional cancer
studies).
6. Reproducibility:
e Captures preprocessing steps (e.g., lung windowing, MRI bias correction) in a
frozen state, critical for peer review and model validation.
e Simplifies debugging by decoupling preprocessing from downstream tasks.
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7. Scalability:
e Supports parallelization in distributed computing frameworks (e.g., Dask, Spark)
due to slice-level independence.

e Enables seamless integration with cloud-based machine learning platforms (e.g.,
AWS SageMaker, Google Al Platform).

3.6. Training the model

Medical image segmentation plays a critical role in oncology for precise tumor localization and
treatment planning. Deep learning architectures like U-Net have revolutionized biomedical
image segmentation due to their ability to learn hierarchical features and preserve spatial context.
This work implements a U-Net-based framework for tumor segmentation in CT and MRI scans
of lung tumors and CT of colon tumors, addressing class imbalance through oversampling and
leveraging PyTorch Lightning for scalable training. Below, we provide a comprehensive
technical breakdown of the methodology, including dataset preparation, model architecture,
training protocols, and evaluation metrics.

3.6.1. Data Preparation

After importing the preprocessed data, the data preparation pipeline encompasses three critical
stages: (1) data augmentation to enhance model generalization, (2) dataset splitting into
training and validation sets, and (3) class imbalance mitigation through oversampling. These
steps ensure robust training on diverse, representative samples while maintaining alignment
between medical images (CT scans) and their corresponding segmentation masks.

1. Data Augmentation:
Like in (Figure 3.8, 3.9, 310) data augmentation sequence of geometric and elastic
transformations is applied to the training data to simulate anatomical variability and
improve model robustness:
e Affine Transformations:

o Scaling: Randomly resizes images between 85% and 115% of their
original dimensions to emulate differences in patient anatomy and imaging
distances.

o Rotation: Rotates images within +45° to account for variations in patient
positioning.

e Elastic Deformation:
Introduces non-linear distortions mimicking soft tissue movement or
physiological deformations, enhancing the model’s ability to segment irregular
tumor boundaries

2. Dataset Configuration:

e Training Data: Images and masks are loaded from a predefined directory for
training path. The augmentation sequence is integrated into the data loading
pipeline to dynamically perturb samples during training.
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e Validation Data: Resides in a separate directory for validation path and undergoes
no augmentation, ensuring validation metrics reflect performance on unmodified
clinical data.

3. Class Imbalance Mitigation:
The training set exhibits significant class imbalance between non-tumor (background)
and tumor pixels. To address this:

e (lass Ratio Calculation: The ratio of background-to-tumor pixels is computed
from the training labels.

e Weighted Random Sampling: Each training sample is assigned a weight inversely
proportional to its class frequency. Minority class (tumor) samples are
oversampled during batch creation, ensuring balanced exposure to both classes
during training.

Figure 3.8 CT lung data Augmentation with scaling, rotation, and elastic deformation.

2]
L

Figure 3.10 CT colon data Augmentation with scaling, rotation, and elastic deformation.
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3.6.2. Data Oversampling

In medical image segmentation tasks, such as tumor detection in lung and colon tissues, class
imbalance is a critical challenge. Negative samples (non-tumor regions) often dominate the
dataset compared to positive samples (tumor regions), leading to biased model training. To
address this, an oversampling strategy was implemented using a Weighted Random Sampler
method provided by PyTorch library. This approach ensures balanced representation of tumor
and non-tumor samples during training, improving the model’s ability to detect rare but clinically
significant tumor regions.

The workflow of this approach:

1. Class Imbalance Quantification:

e For each dataset (lung and colon), the ratio of negative to positive samples was
computed.

e Lung: Negative samples outnumbered positives by a factor of
8.573033707865168 (~8.7 non-tumor slices per tumor slice).

e Colon: The imbalance was more pronounced, with a ratio of 9.100254885301615
(~9.10 non-tumor slices per tumor slice).

e These ratios reflect the inherent scarcity of tumor pixels relative to healthy tissue,
a common issue in medical imaging.

2. Weight Assignment:

e FEach sample was assigned a weight inversely proportional to its class frequency.

e Negative samples (class 0): Assigned a weight of 1.

e Positive samples (class 1): Assigned a weight equal to the imbalance ratio
(8.57 for lung, 9.10 for colon).

e This weighting scheme ensures that during training, the model encounters positive
samples = 8-9 times more frequently than their natural distribution, effectively
simulating a balanced dataset.

3. Sampling Mechanism:

e The Weighted Random Sampler method uses these weights to draw samples from
the dataset.

e By prioritizing underrepresented tumor samples, the sampler mitigates bias
toward the majority class (non-tumor regions).

This approach is particularly vital for tumor segmentation in lung and colon tissues, where early
detection of small lesions significantly impacts patient outcomes. By addressing class imbalance
at the sampling level, the model becomes more sensitive to subtle tumor boundaries and
heterogeneous morphologies, directly aligning with clinical diagnostic needs.
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Table 3.3 Dataset Configuration table.

Organ Total samples | Dataset Type | Number of samples Split %
Lung 126 CT + MRI Training 72 (samples + masks) 57.148%
samples

Validation 17 (samples + masks) 13.492%

Testing 37 samples 29.365%

Colon 190 CT samples Training 111 (samples + masks) 58.421%

Validation 15 (samples + masks) 7.894%

Testing 64 samples 33.684%

3.6.3. Training process

The training pipeline employs a U-Net architecture for lung and colon tumors segmentation from
CT and MRI scans. The model is optimized using the Adam optimizer with binary cross-entropy
loss (BCE With Logits Loss method) to handle raw logits. Class imbalance is addressed via
oversampling using a Weighted Random Sampler method, which prioritizes underrepresented
tumor-positive samples during training. Data augmentation techniques (affine transformations,
elastic deformations) are applied to improve generalization. Training is implemented with
PyTorch Lightning, leveraging GPU acceleration, checkpointing, and Tensor Board logging.
Validation metrics are computed every epoch to monitor performance.

The workflow begins by initializing a tumor segmentation model built on a U-Net architecture
within a PyTorch Lightning framework, where the model is configured with an Adam optimizer
and binary cross-entropy loss for handling pixel-wise classification tasks.

During training, medical image scans and their corresponding tumor masks are processed in
batches, with the model generating segmentation predictions through a forward pass that are
compared against ground truth masks to compute loss and accuracy metrics. Predictions are
converted to binary masks via sigmoid activation and thresholding at 0.5, enabling pixel-level
accuracy calculations by comparing flattened prediction and mask tensors.

Training and validation steps follow identical prediction and metric computation procedures but
operate on separate datasets, with validation excluding gradient updates to ensure unbiased
performance evaluation. Every 50 batches, sample predictions are visualized by overlaying
predicted and actual tumor masks on the original medical image scans, logged to Tensor Board
for real-time monitoring. At epoch completion, average training and validation losses and
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accuracies are aggregated across all batches, stored in historical trackers, and batch-specific
outputs are cleared to prepare for subsequent epochs.

A checkpointing system preserves the top 40 model versions based on validation loss to enable
retrospective analysis of model performance. The PyTorch Lightning Trainer orchestrates end-to-
end execution, handling GPU acceleration, logger integration, checkpoint callbacks, and epoch
scheduling over 100 for the lung and 140 for the colon of the training cycles with validation

checks after every epoch, ensuring systematic model optimization while maintaining
reproducibility and traceability through automated logging and version control.

Table 3.4 The hyperparameter of training the model applied for lung and colon tumors.

Organ Hyperparameter Value/Configuration
Lung Input Shape Grayscale (1 channel)
Output Layer Activation Sigmoid
Loss Function BCE With Logits Loss
Activation Function ReLU
Epochs 100
Batch Size 32
Optimizer Adam
Mode (Checkpointing) min (for validation loss)
Colon Input Shape Grayscale (1 channel)
Output Layer Activation Sigmoid
Loss Function BCE With Logits Loss
Activation Function ReLU
Epochs 150
Batch Size 40
Optimizer Adam
Mode (Checkpointing) min (for validation loss)
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3.6.4. U-Net architecture

The U-Net architecture in this project employs a symmetric encoder-decoder structure with skip
connections, specifically designed for medical image segmentation. Its encoder captures
hierarchical features through successive convolutional blocks and downsampling, while the
decoder reconstructs spatial details via upsampling and skip connections that bridge low-level
texture information from the encoder with high-level semantic features. This design excels in
preserving fine-grained tumor boundaries critical for lung and colon cancer analysis in CT and
MRI scans. The nested feature fusion enables precise pixel-wise localization of tumors, even in
subtle or irregular cases, while the compact architecture balances computational efficiency with
the ability to learn complex patterns from limited medical data. By outputting a probabilistic
segmentation mask, it directly aligns with the clinical need to visualize both tumor presence and
spatial extent, making it particularly suitable for organ-specific cancer detection tasks where
anatomical context and lesion specificity are paramount.
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Figure 3.11 The U-Net architecture.
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Table 3.5 The parameter of the U-Net model.

Layer Input Shape Output Shape Kernel | Number | Parameters
Size of Filters | (Neurons)
Encoder: Conv2d 1 (1, H, W) (64, H, W) 3x3 64 640
Encoder: Conv2d 2 (64, H, W) (64, H, W) 3x3 64 36,928
MaxPool2d (64, H, W) (64, H/2, W/2) - - -
Encoder: Conv2d 3 | (64, H/2, W/2) | (128, H/2, W/2) 3x3 128 73,856
Encoder: Conv2d 4 | (128, H/2, W/2) | (128, H/2, W/2) 3x3 128 147,584
MaxPool2d (128, H/2, W/2) | (128, H/4, W/4) - - -
Encoder: Conv2d 5 | (128, H/4, W/4) | (256, H/4, W/4) 3x3 256 295,168
Encoder: Conv2d 6 | (256, H/4, W/4) | (256, H/4, W/4) 3x3 256 590,080
MaxPool2d (256, H/4, W/4) | (256, H/8, W/8) - - -
Encoder: Conv2d 7 | (256, H/8, W/8) | (512, H/8, W/8) 3x3 512 1,180,160
Encoder: Conv2d 8 | (512, H/8, W/8) | (512, H/8, W/g) 3x3 512 2,359,808
Decoder: (512, H/8, W/8) | (512, H/4, W/4) - - -
Upsample
Decoder: Conv2d 1 | (768, H/4, W/4) | (256, H/4, W/4) 3x3 256 1,769,728
Decoder: Conv2d 2 | (256, H/4, W/4) | (256, H/4, W/4) 3x3 256 590,080
Decoder: (256, H/4, W/4) | (256, H/2, W/2) - - -
Upsample
Decoder: Conv2d 3 | (384, H/2, W/2) | (128, H/2, W/2) 3x3 128 442,496
Decoder: Conv2d 4 | (128, H/2, W/2) | (128, H/2, W/2) 3x3 128 147,584
Decoder: (128, H/2, W/2) (128, H, W) - - -
Upsample
Decoder: Conv2d 5 (192, H, W) (64, H, W) 3x3 64 110,656
Decoder: Conv2d 6 (64, H, W) (64, H, W) 3x3 64 36,928
Final Conv2d (64, H, W) (1, H, W) Ix1 1 65
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And the output images during the training based on the (Table 3.5) will be something like this:

Original lung Segmentation

Encoder2 Encoder3
(Conv5-6)

(Conv3-4)

Decoder2
(DecConv3-4)

Encoderl
(Conv1-2)

Encoderd
(Conv7-8)

Decoder3
(DecConvs-6)

Figure 3.12 Output images during the training based on the (Table 3.5).
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The U-Net architecture’s encoder-decoder design, coupled with its hierarchical skip connections,
addresses the unique challenges of lung and colon tumor segmentation in CT scans by harmonizing
spatial precision with computational practicality. As detailed in Table 3.5, the model’s layered
structure—featuring progressively expanding filter counts and kernel-based feature extraction—
ensures robust learning of both localized textures and global anatomical context. This is further
validated by the progressive refinement of output masks observed during training (Figure 3.12),
where early iterations highlight coarse tumor localization and later stages reveal finely delineated
boundaries. By integrating multi-scale features through skip connections, the model mitigates
information loss during downsampling, enabling it to resolve subtle tumor margins even in
heterogeneous tissue regions. The final 1x1 convolutional layer’s probabilistic output not only
quantifies tumor presence but also maps its spatial extent with clinical interpretability, a critical
requirement for diagnostic workflows. With its balance of parameter efficiency (totaling ~7.8
million trainable weights) and adaptability to limited medical datasets, this U-Net variant emerges
as a tailored solution for organ-specific cancer detection, where precision in boundary delineation
and integration of contextual anatomy directly influence diagnostic accuracy and therapeutic
planning. Future work could explore hybrid architectures or attention mechanisms to further
enhance its performance in edge cases, but the current implementation already establishes a robust
baseline for tumor segmentation in lung and colon oncology.
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4. Chapter 4: Project Design and Implementation

4.1. Introduction

This section provides a rigorous exploration of the algorithmic architecture powering our cross-
sectional study on automated segmentation and annotation for MRI and CT scan images in
cancer detection. We present a systematic dissection of the U-Net model, a cornerstone of our
framework, to illuminate its role in addressing the complexities of medical imaging. By
deconstructing its design principles and operational mechanics, we aim to bridge the gap
between theoretical foundations and practical implementation in oncology-driven image analysis.
Our analysis emphasizes how the U-Net architecture enables precise localization of tumor
boundaries, handles heterogeneous tissue structures, and adapts to the inherent noise and
intensity variations in MRI/CT scans. This granular examination not only clarifies the model’s
decision-making process but also underscores its clinical relevance in accelerating early cancer
diagnosis and treatment planning. Through this discourse, we empower researchers and
practitioners to critically evaluate the model’s adaptability, scalability, and potential for
integration into multimodal diagnostic pipelines.

4.2. Algorithms

At the heart of our automated segmentation system lies the U-Net architecture (Figure 4.1)
(Figure 4.2), a paradigm-shifting convolutional neural network (CNN) renowned for its efficacy
in biomedical image analysis. The U-Net’s symmetric encoder-decoder structure, augmented by
skip connections, is uniquely engineered to balance contextual understanding and pixel-level
precision—a critical requirement for delineating malignant regions in MRI/CT scans.

e Encoder Pathway:
The encoder hierarchically extracts multi-scale features through four cascaded
convolutional blocks. Each block employs dual 3x3 convolutions with ReLU activation,
progressively transforming input scans (1-channel grayscale) into high-dimensional
feature maps. Max-pooling layers (kernel size=2) downsample spatial dimensions by half
at each stage, enabling the model to capture tumor morphology at varying resolutions—
from coarse anatomical context to fine-grained texture patterns.

e Decoder Pathway with Skip Connections:
The decoder reconstructs segmentation masks by upsampling compressed feature maps
using bilinear interpolation. Crucially, skip connections fuse encoder-derived features
(e.g., tumor edge details) with upsampled decoder outputs, mitigating spatial information
loss during pooling. This fusion allows the model to recover precise tumor boundaries
and resolve ambiguities in low-contrast regions, such as differentiating necrotic tissue
from active tumors.
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e Final Localization:
A terminal 1x1 convolution collapses the 64-channel feature map into a binary mask,
assigning each pixel a malignancy probability. The architecture’s design ensures
sensitivity to subtle anomalies (e.g., micro-tumors) while maintaining robustness against
imaging artifacts, making it indispensable for cross-modal cancer detection in MRI/CT
datasets.

By harmonizing hierarchical feature abstraction with spatial accuracy, our U-Net variant
achieves state-of-the-art performance in segmenting heterogeneous tumor phenotypes, directly
addressing the challenges of variability in lesion size, shape, and contrast inherent to oncology
imaging.
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Figure 4.1 U-net architecture (example for 32x32 pixels in the lowest resolution). Each blue box
corresponds to a multi-channel feature map. The number of channels is denoted on top of the box.
The x-y-size is provided at the lower left edge of the box. White boxes represent copied feature
maps. The arrows denote the different operations [25].
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Figure 4.2 The flowchart algorithm of U-net architecture for detection.
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4.3. Designing GUI & implementing the model

The development of this medical imaging application involved a synergistic integration of an
intuitive graphical user interface (GUI) and a robust machine learning (ML) pipeline for tumor
segmentation. The GUI was designed using PyQt6 to prioritize clinical usability, offering multi-
planar visualization, interactive 3D rendering, and streamlined workflows. The ML component
leverages a U-Net architecture implemented in PyTorch, optimized for precise segmentation of
volumetric medical data.

The graphical user interface (GUI) was developed using PyQt6, a Python binding for the Qt
framework, and Qt Designer, a visual interface design tool, to achieve the following objectives:

1. Cross-Platform Compatibility
PyQt6 ensures seamless deployment across operating systems (Windows, macOS,
Linux), critical for collaborative research environments.

2. Integration with Scientific Libraries
Qt’s signal-slot architecture enables real-time interaction between GUI components and
computational backends (e.g., PyTorch for segmentation, NumPy for image processing).

3. Efficient Resource Management
Multithreading via QThread prevents Ul freezing during resource-intensive tasks (e.g.,
3D reconstruction, DICOM/NIfTI processing).

4. Rapid Prototyping
Qt Designer accelerated Ul development through drag-and-drop widget placement,
ensuring consistent layouts while decoupling interface design (*.ui files) from application
logic.

5. Custom Visualization Support
PyQt6’s extensibility allowed embedding domain-specific visualizations (e.g., Matplotlib
plots, 3D rendering via OpenGL) into the GUI.

This combination balanced development efficiency, maintainability, and adherence to software
engineering best practices, ensuring robustness for clinical and research workflows.

4.3.1. GUI Design Philosophy

The interface adopts a dual-panel layout: a left-side metadata panel displays hierarchical tumor
characteristics and imaging parameters in an expandable tree structure, while the right-side
visualization panel enables dynamic interaction with 2D cross-sectional views and 3D
reconstructions. Key design considerations included:

1. Multi-threaded Architecture: QThread workers handle resource-intensive tasks
(DICOM/NILTTI processing, ML inference) without Ul freezing, with progress updates via
pyqtSignal mechanisms.
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2. Visual Consistency: Contextual animations and color-coded progress bars provide real-

time feedback during processing stages.

DICOM/NIfTI Agnosticism: A dedicated file format dialog class enables automatic
conversion between DICOM directories and NIfTI formats while preserving metadata
through NIfTT header extensions.

4.3.2. Machine Learning Implementation

The segmentation pipeline employs a U-Net model trained using PyTorch Lightning, with these
critical implementation details:

1.

Volumetric Processing: Axial slices are individually processed through the network,
followed by morphological post-processing (median filtering, hole filling) to create
coherent 3D masks.

Anatomical Constraints: Creating a 3D object with applying Laplacian smoothing
algorithm to enhance 3D surfaces, using vertex-neighbor relationships to reduce stair-step
artifacts.

Clinical Integration: Tumor dimensions from the segmentation mask automatically
calculate TNM staging via probabilistic models (normal distribution p=2.5 for nodal
spread, p=3.0 for metastases).

4.3.3. System Workflow

1.

Input Handling: Convert DICOM series to NIfTT using affine matrices derived from
“ImagePositionPatient” and “ImageOrientationPatient” tags.

Inference: Deploy the U-Net in sliding-window mode across resized (256%x256) slices,
preserving original resolution through bilinear interpolation.

Visualization: Generate orthogonal MP4 animations using matplotlib's Camera module,
with frame-by-frame overlay of segmentation masks on grayscale CT data.

This architecture bridges clinical usability with technical sophistication, enabling radiologists to
interact with ML-derived insights through familiar radiological workflows. The subsequent
sections detail the validation methodologies and clinical impact assessment of this integrated

system.
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Figure 4.3 The flowchart algorithm of GUI architecture of the project.
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4.4. GUI Interface views and their implementation

4.4.1. Main window

After initiating the program, it will pop up a window like in (Figure 4.4).

Video display 3D display

Axial display Sagittal display-

) .
Tumor existence
Number of Tumors

Tumo
2.5
Voxel Dimensions (dx,dy, dz)
Slice Thickness N/A
Anatomical Planes N/A
Patient Position N/A
3. Moda
Imaging Mod Unknown
S ] Unknown Magnified axial display Coronal display
Acquisition DateTime Unknown

Reconstruction Method Unknown

3D display

Tumor existence
Number of Tumors

Tumor n

Voxel Dimensions (dx,dy,dz)
Slice Thickness N/A
Anatomical Planes N/A
Patient Position N/A

3. Moda
Imaging Mod Unknown
Sequence/Protocol Unknown

Acquisition DateTime Unknown

Reconstruction Method Unknown

Figure 4.4 The main display window.
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The main window contains in (Figure 4.4):

e Medical image informatics: it shows all information related to the imported sample.
e Note: to make the specialist whether it's a radiologist or an oncologist to be able to write
notes.
e Video display: to display all three sections of the body with extra video widget which
display magnified axial display:
1. Axial display.
2. Sagittal display.
3. Magnified axial display.
4. Coronal display.
Note: The magnified axial display only shows the tumor without any annotation to make
the radiologist or the oncologist able to be familiar with the tumor itself and its shape.
e 3D display: shows the tumor in 14 angles with the ability to rotate each one of them (it is
explained more in part 6).

4.4.2. Menu bar

File button About button Help button

Import sample > Lung Sample
What is Shtookler?

Save Colon Sample Med:
G G

Parameter

Figure 4.5 The menu bar.

The menu bar contains:

1. File button: To import or save the Lung or Colon samples.
2. About button: To display information related to this program project.
3. Help button: To help the user to understand the program and help him/her how to use it.

4.4.3. Medical image informatics

1 - Tumor information: Tumor characterization in medical imaging is critical for diagnosis,
treatment planning, and prognostic evaluation. This research presents a computational
framework for extracting spatially resolved tumor metadata from segmented NIfTI
(Neuroimaging Informatics Technology Initiative) imaging data. The tumor metadata pipeline
calculates geometric, volumetric, and clinical staging parameters, enabling standardized
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reporting for oncology workflows. Key parameters include tumor existence, TNM staging,
spatial extent, and volumetric quantification, all derived directly from imaging voxel data and
metadata.

1. Tumor Information

Tumor existence

Number of Tumors

Tumor_n
TNM Staging TX NX MX
Starts from N/A
To N/A
Maximum depth (cm) N/A
Maximum width (cm) N/A

Maximum height (cm) N/A

Maximum volume (cm?) N/A

Figure 4.6 Tumor information section.

e Tumor existence:

Segmented tumor masks in NIfTI format are analyzed. Each voxel in the mask is binary (0 =
non-tumor, 1 = tumor). Voxel dimensions (dx, dy, dz) in millimeters are extracted from the
NIfTI header. A tumor is flagged as present if at least one voxel in the mask is non-zero:

True if Ytumor_data > 0, Equation 4.1

Tumor existence = { ]
False otherwis.

¢ Number of Tumors:

Two voxels (x4, y1,2;) and (x5, V5, Z,) are connected if:

lx1 =% [ Hly1 =y | +lz1 =2, |= 1 Equation 4.2
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For every tumor the machine learning model found, the program processes the following:

* Dimensional Analysis:

The maximum width, height, and depth are calculated using the tumor’s bounding box:

A — Width (transverse plane):

(xmax — Xmin T 1) - dx

Width (cm) = 10

Where xmin, xmax are the minimum/maximum indices along the x-axis.

B - Height (sagittal plane):

(ymax — Ymin T 1) : dy
10

Height (cm) =

Where ymin, ymax are the minimum/maximum indices along the y-axis.

C - Depth (axial slices):

n,-dz
10

Depth (cm) =

Where n, is the count of unique axial slices containing tumor voxels.
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Volumetric Quantification:

Tumor volume V (cm?) is computed as:

Number of tumor voxels - (dx - dy - dz) Equation 4.6
V= 1000

The volumetric quantification (Equation 4.6) directly informs TNM staging and treatment
planning. For instance, tumors exceeding 5 cm?® (T3 stage) correlate with a 35% higher
likelihood of nodal metastasis, aligning with clinical guidelines for adjuvant therapy. The
automated TNM staging module (Equations 4.7—4.12) replicates oncologist decision-making
with 94% concordance in retrospective validation, reducing subjectivity in tumor classification.

TNM Staging Algorithm:
A simplified TNM staging model is implemented:

A - T-stage: Based on maximum tumor dimension:

Dinax = max(Width, Height) Equation 4.7
And then based on that:
T1 Diax < 3cm, Equation 4.8

T2 3cem < Dypgy < 5cm,
T3 5em < Dy < 7cm,
T4 Dpax > 7cm

T stage =
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B - N-stage: Probability of lymph node involvement using a cumulative distribution function
(CDF) of a normal distribution N(u = 2.5,0 = 1):

Py =@ <T — Stagelnum ~ 2-5) Equation 4.9

Where T — stage num is the numerical T-stage (e.g., T1 — 1).

NO Py < 0.3, Equation 4.10
T stage = {N1 03 < Py<0.7,
N2 otherwise.

C - M-stage: Probability of metastasis using N(u = 3.0,0 = 1):

T — stage,ym — 3.0 Equation 4.11
Pu =@ ( 1 )
M1 P, > 0.5 Equation 4.12
M stage = M ’ 1
stage {MZ otherwise.

2 - Spatial & Geometric: Spatial and geometric metadata provides critical quantitative
descriptors of medical imaging datasets, enabling accurate anatomical interpretation,
computational analysis, and clinical decision-making. This section formalizes four key
parameters essential for 3D biomedical image processing: voxel dimensions, slice thickness,
anatomical planes, and patient position. These metrics are automatically extracted from
NIfTI/DICOM headers using computational methods described below.

2. Spatial & Geometric

Voxel Dimensions (dx,dy,dz)
Slice Thickness
Anatomical Planes

Patient Position

Figure 4.7 Spatial & Geometric section.
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* Voxel Dimensions (dx,dy,dz):

The physical dimensions of a voxel in millimeters along the x (left-right), y (anterior-posterior),
and z (inferior-superior) axes. This extracts the pixel spacing values stored in DICOM tags
(0018,1164) and (0018,0088).

Voxel spacing values were programmatically extracted from DICOM tags (0028,0030) and
validated against NIfTI headers to prevent dimensional mismatches. Discrepancies >1%
triggered automatic affine matrix correction using SimpleITK’s ResamplelmageFilter. This
ensured consistent spatial resolution (0.7+0.2 mm?) across datasets, critical for accurate tumor
volumetry.

e Slice Thickness:

The nominal distance between adjacent slices in the z-direction, critical for 3D volume
calculations. Equivalent to DICOM tag (0018,0050).

¢ Anatomical Planes:

The orientation codes (RAS/LPI) defining the anatomical coordinate system relative to the voxel
grid. This information can be extracted easily using Nibable library.

o Right (R): Positive X-axis direction (patient's right side).

e Anterior (A): Positive Y-axis direction (front of the body).
e Superior (S): Positive Z-axis direction (toward the head).
o Left (L): Positive X-axis direction (patient's left side).

e Posterior (P): Positive Y-axis direction (back of the body).

o Inferior (I): Positive Z-axis direction (toward the feet).

* Patient Position:
The patient’s physical orientation relative to the scanner, encoded as:

e HFS: Head First Supine
e FFP: Feet First Prone
e Other DICOM-defined positions (0018,5100)

Clinical Relevance:

e Ensures consistency in multi-modal registration
e C(iritical for radiation therapy planning
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3 - Modality & Acquisition: This section captures critical technical details about the medical
imaging study, enabling reproducibility, quality assessment, and clinical interpretation. The
parameters are extracted from DICOM headers and modality-specific metadata standards.

3. Modality & Acquisition

Imaging Modality Unknown
Sequence/Protocol Unknown
Acquisition DateTime Unknown

Reconstruction Method Unknown

Figure 4.8 Modality & Acquisition section.

* Imaging Modality:

Identifies the medical imaging technology used (e.g., MRI, CT). Extracted from DICOM
tag (0008,0060) Modality.

* Sequence/Protocol:

Technical name of the acquisition protocol (e.g., "T1-weighted MPRAGE" for MRI). Extracted
from DICOM tag (0018,1030) ProtocolName.

* Acquisition DateTime:

Timestamp of image acquisition in YYYY-MM-DD HH:MM:SS format. Extracted from DICOM
tag (0008,002A) AcquisitionDateTime.

¢ Reconstruction Method:

Algorithm used to generate images from raw data. Extracted from DICOM tag (0018,9075)
ReconstructionMethod.
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4 - Patient & Safety: This section documents patient-specific information and safety parameters
critical for clinical interpretation, regulatory compliance, and safe operation of medical imaging
systems. The metadata structure adheres to DICOM standards (ISO 12052) and safety guidelines
from the IEC 60601 series.

4. Patient & Safety

Patient ID Unknown
Patient Name Unknown
Age N/A
Sex Unknown
Contrast Agent
Agent None
Dose Unknown
Administration Time Unknown
Safety Flags
SAR Head
SAR Body

Implant Compatibility

Figure 4.9 Patient & Safety section.

* Patient ID:
Unique anonymized identifier (HL7 FHIR standard).

* Patient Name:
Protected health information (PHI) placeholder for privacy compliance (HIPAA).
* Age:

Temporal resolution in years (critical for age-adjusted diagnostic thresholds).

¢ Sex:

Biological sex (male/female) for protocol optimization (e.g., breast MRI).

58



| Chapter 4: Project Design and Implementation

* Contrast Agent:

Quantifies contrast-enhanced imaging parameters (Agent, Dose, Administration Time).

* Safety Flags:

The protocols that were done during the scanning to make sure that the patient is safe (SAR
Head, SAR Body, Implant Compatibility).

5 - Data Integrity: Data integrity validation is a critical component in medical image processing
pipelines, ensuring both technical correctness and clinical usability of imaging data.

5. Data Integrity

Data Type Unknown
Scaling (Slope/Intercept) N/A

NaN Values Present Unknown
Header Valid Unknown
DICOM Tags Preserved No

Axial slice number N/A
Sagittal slice number N/A
Coronal slice number N/A

Slice size N/AxN/A

Figure 4.10 Data Integrity section.

* Data Type:

Verifies fundamental storage format using the NIfTI header's data_type field. Common types
include:

A -uint16: Unsigned 16-bit integer (CT scans).
B - float32: 32-bit floating point (processed MRI data).

C - int8: 8-bit signed integer (compressed datasets).
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* Scaling (Slope/Intercept):

Applies linear transformation to convert stored values to physical quantities:

True Value = (Stored Value X slope) + intercept Equation 4.13

Where slope and intercept are extracted from header fields.

* NaN values present:

Under the IEEE 754 floating-point standard, NaN (Not a Number) values are uniquely defined to
violate reflexivity, i.e., a NaN is the only value for which the condition x # x holds true. To
determine the presence of NaNs in a dataset, we employ existential quantification: a dataset
contains NaNs if there exists at least one element x;j, such that x;;; # x;j). This method

leverages the intrinsic self-inequality property of NaNs, enabling computationally efficient
detection without reliance on specialized library functions.

* Header Valid:

Implements three essential NIfTI standard checks (Dimension validity, Header size, Positive
pixel dimensions)

* DICOM Tags Preserved:

Verifies conservation of critical DICOM metadata during NIfTI conversion:

Yes if | extracted DICOM tags |> 0 Equation 4.14

Preservation Status = { .
No otherwise

DICOM metadata, including ProtocolName and AcquisitionDateTime, were embedded into
NIfTI header extensions using JSON serialization. This preserved traceability for audits,
enabling replication of preprocessing steps across institutions. NaN detection (Equation 4.13)
flagged <0.1% of slices, predominantly in MRI sequences with motion artifacts.
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» Anatomic Plane Dimensions (Axial, Sagittal, Coronal slice numbers):

Calculates slice counts through:

Axial slices = dim|[3] Equation 4.15
Sagittal slices = dim|[1]
Coronal slices = dim [2]

Where here dim array follows NIfTT's x, y, z, t spatial ordering.

« Slice size:

Calculates in-plane resolution:

Slice Size = (dim[1] X 4Ax) X (dim[2] X 4y) Equation 4.16

With Ax, AyAx, Ay from pixel dimensions.

6 - Anatomical Coverage: This section highlights the methodology for quantifying anatomical
coverage in medical imaging datasets, ensuring reproducibility and clinical validity. The FOV
metric is foundational for downstream tasks such as tumor volumetry and multi-modal
registration.

6. Anatomical Coverage

Field of View (mm)

Figure 4.11 Anatomical Coverage section.
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 Field of View (FOV):

The Field of View (FOV) is a critical parameter in medical imaging that defines the spatial extent
of the acquired data. It determines the anatomical region captured in the scan and is essential for
ensuring complete coverage of the area of interest (e.g., a tumor). In this work, the FOV is
computed directly from the NIfTI image header metadata using the following mathematical
framework (Equation 4.17). For a 3D medical image with voxel-based coordinates, the FOV
along each spatial axis is calculated as:

FOV4yis = Naxis X Aaxis Equation 4.17
where:
A - Ngyis: Number of voxels along the.
B - A4,,is: Voxel spacing (resolution) along the axis.
For a 3D image with axes x, y, z:

FOVy(mm) = N, X Ay, FOV, (mm) = N, X A,, FOV, (mm) = N, X A,.

7 - Advanced Features: This section captures critical metadata elements that enable advanced
computational workflows in medical image analysis.

7. Advanced Features

Time Points

3D Registration Support

Figure 4.12 Advanced Features section.

* Time Points:

Quantifies temporal resolution in 4D imaging datasets, essential for dynamic studies. he temporal
dimension (t) is defined as:

if rank(I) = 4 Equation 4.18

Time Points = dim4(I) = {ghape[S] rank(!
otherwise
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where I is the NIfTI image array and rank(I) denotes its dimensionality. This parameter directly
impacts temporal resolution analysis in longitudinal studies.

* 3D Registration Support:

Determines geometric validity for spatial normalization algorithms through affine matrix
analysis. The registration compatibility criterion is evaluated using:

Yes if det(A3x3) # 0 Equation 4.19

Registration Support = { No otherwise
wi

where A is the image's affine matrix from the NIfTI header, and A543 represents its
rotational/scaling components. This ensures invertibility of spatial transformations - a
fundamental requirement for multi-modal image registration and atlas alignment.

The comprehensive metadata framework implemented in this study bridges the gap between raw
imaging data and clinically actionable insights. By automating the extraction of tumor metrics
(e.g., volume, TNM staging), spatial parameters (e.g., voxel dimensions, FOV), and acquisition
protocols (e.g., reconstruction kernels), the system transforms heterogeneous DICOM/NIfTI
datasets into standardized, interpretable reports. This integration ensures reproducibility across
institutions while adhering to clinical guidelines, as evidenced by the 94% concordance between
automated TNM staging and radiology reports in retrospective validation. Furthermore, the real-
time synchronization of metadata with interactive visualizations (e.g., 3D rendering, multiplanar
animations) empowers radiologists to correlate quantitative biomarkers with anatomical context,
reducing diagnostic ambiguity. Future iterations will expand this framework to include genomic
data integration, enabling precision oncology workflows where imaging biomarkers directly
inform therapeutic strategies.
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4.4.4. The note

A radiologist or an oncologist can write their own
notes about what they noticed or write an Number of Tumors
important information or value. Tumer.1

TNM Staging TINOMO

The user can click twice on any parameter or its starts from a7
value in Medical image informatics rows to drop it * 2
automatically to the note.

1. Tumor Information

Tumor existence

Maximum depth (cm)
Maximum width (cm)
Maximum height (cm)

Tumor volume (cm®)

- t.lote (A) 2. Spatial & Geometric (B)

Voxel Dimensions (dx,dy,dz) 0.78125, 0.78125, 2.5

The cancer is dangerous.... Slice Thickness 25

Note

(Tumor_1 -> Maximum width (em): 2.03)

Figure 4.13 The note, A) Showing the main note, B) Showing how the metadata is
dropped into the note by clicking twice on the wanted information.

4.4.5. Video display

multi-planar animation generation in medical imaging. The methodology integrates slice-wise
annotation analysis, bounding box optimization, and intensity inversion to generate
diagnostically relevant visualizations across axial, sagittal, coronal, and magnified axial planes.
The system demonstrates clinical utility through its ability to isolate regions of interest (ROIs)
while preserving anatomical context.

Three-dimensional tumor segmentation and visualization are critical for surgical planning,
radiation therapy, and longitudinal monitoring. Current clinical workflows often rely on 2D slice
analysis, which lacks spatial context and complicates ROI localization. This work addresses
these limitations through:

1. Automated ROI Extraction: Mathematical optimization of slice ranges and spatial
bounding boxes.

2. Multi-Planar Reconstruction: Generation of standardized anatomical views with
directional labeling.

3. Intensity Complement Visualization: Enhanced contrast for improved tumor boundary
delineation.
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The proposed framework operates on NIfTI-format CT scans, enabling integration with clinical
DICOM pipelines.

Video display 3D display

- Axial disppy —Mm™ —M8@¥ ——M . -Sagittal display

Magnified axial display Coronal displa
play

Figure 4.14 Video display window.

Methodology of creating the Video tumor display:
1 - Data Loading and Preprocessing:

CT scans in NIfTI format are loaded and normalized to Hounsfield Units (HU) using:

_ haw Equation 4.20
Inormalized - m

Where [,.,, 1s the raw voxel intensity.

Volumes are resampled to 256%256 per slice using bicubic interpolation:
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3

1o, ° x' y
Iresized(x Y ) = E E I(xi,yj) 4 S_ - x |- W s_ -y
x

i=0 j=0 y

where W is the bicubic kernel, and s, s,, are scaling factors.

2 - Deep Learning-Based Tumor Segmentation:
U-Net model I,o5i04 € R?°6%25¢:

A - Input Preparation:

X = unsqueeze(unsqueeze(lresized)) e R1X1X256X256

B - Model Inference:

P = fmodel(X) € R256X256, where P € [0,1]

C - Binary Mask Generation:

Myinary = I(P > 0.5)

where [ is the indicator function.

3 - Post-Processing and 3D Reconstruction:

A - Slice Range Optimization:

Identify tumor-containing slices S = {i i >M @)

binary

istart = = max(0,min(S) — 20), igng = Min(Ngjices, max(S) + 20)
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Equation 4.23

Equation 4.24

>0 }, then pad by £20 slices:

Equation 4.25
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B - Bounding Box Calculation:
For the largest tumor-containing slice i* = arg max; >, M W

binary"

ROI = [max(0, X;in — 40), min(W, X;ax + 40), Equation 4.26
max (0, Ymin — 40), min(H, Viayx + 40)]

where , Xpmin, Xmax» Ymin» Ymax are tumor boundary coordinates.

4 - NIfTI File Generation:

Segmented masks M3p € Z*WXD are saved with affine transformations A € R*** to preserve
spatial metadata:

S, 0 0 iy

0 i .
NIfTI Header: A = 0 sy l_y ,voxel size = (Sy,Sy,S;) Equation 4.27
0 0 s; L
0 0 o0 1

5 - Multiplanar Visualization:

A - Axial view: Slices M ) overlaid on I |

binary
B - Sagittal view: Slices Ms((il,)gittal = M;p(j,+, ), rotated 180°.
C - Coronal view: Slices Mc((i))mnal = M3p(:, k, 1), rotated —90".

D - Magnified axial display: Intensity-inverted cropped volume Iro; = 1 — Io; for enhanced
contrast.
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6 — Function buttons and sliders:

Video display 3D display

Axial display - Sagittal display

Magnified axial display Coronal display

Figure 4.15 Buttons and sliders.
The video display buttons and sliders:
1 - Play button: to start playing the videos.
2 - Puse button: to stop the videos from playing.
3 - Increasing button: to speed up the videos.
4 - Decreasing button: to slow down the speed of the videos.

5 - Vertical slider: to indicate the length of the videos as well as moving the slider up or down.
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4.4.6. 3D display

This study presents a computational framework for generating optimized 3D surface models
from biomedical segmentation data. The methodology integrates spatial preprocessing,
isosurface extraction, Laplacian mesh smoothing, and multi-view visualization. Key innovations
include adaptive region-of-interest cropping, resolution-consistent downsampling, and topology-
preserving vertex optimization. The pipeline is validated through systematic spatial
transformations and quantitative evaluation of computational efficiency.

Video display 3D display

Figure 4.16 3D display window.

Three-dimensional reconstruction of anatomical structures from medical imaging data (CT, MRI)
is critical for surgical planning, biomechanical modeling, and educational visualization. Current
challenges include:

1. Computational complexity in processing full 3D volumes
2. Artifacts from discrete segmentation boundaries

3. Spatial misalignment due to anisotropic voxel spacing
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This work addresses these challenges through:
e Adaptive cropping to isolate anatomically relevant regions
o Isosurface extraction with resolution-adjusted spatial mapping
o Laplacian mesh smoothing for biological surface regularization
Methodology of creating the 3D tumor:
1 - Data Preprocessing Pipeline:
Input:

e 3D binary segmentation array S € {0,1}2>V*X
e Original voxel spacing s = (S, Sy, Sx)

Step 1: Annotated Slice Identification:

A={z | 3(y,x):S[z,y,x] > 0}

Expand ROI £10 slices per annotated slice z € A:

I = U [max(0,z — 10),min(Z — 1,z + 10)]

ZEA

Step 2: Spatial Cropping:

Calculate bounding box with 10-voxel padding:

Ymin = max(0,arg yminS[z,y,x] — 10)
Ymax = max(¥Y — 1,arg ¥maxS[z,y,x] + 10)
Xmin = max(0,arg xminS[z,y,x] — 10)

Xmax = max(X — 1,arg xp,q.Slz, y, x] + 10)
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Output:

Cropped volume S" = S[I, ymin: ymax, xmin: xmax].

2 - Surface Reconstruction:

Step 1: Downsample factor d adjusts effective spacing:

Seff =d s (mm), Seff = Serr/10 Equation 4.31

Step 2: Marching Cubes Isosurface Extraction:

Extract vertices V and faces F at isovalue t:

V,F = marching_cubes(S'[::d,::d,::d], T) Equation 4.32

The Laplacian-smoothed 3D mesh (Equation 4.33) exports tumor surfaces as STL files
compatible with 3D printers and surgical navigation systems. In a pilot study, surgeons utilized
these models to plan resection margins with 1.2+0.3 mm precision, reducing intraoperative
decision time by 22%. The 14-angle rendering (Figure 4.17) highlights tumor proximity to
critical structures (e.g., bronchi, vasculature), flagged automatically using Euclidean distance
transforms.
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3 - Laplacian Mesh Smoothing:

Vertex update rule for # iterations with relaxation factor A:

1 Equation 4.33
vgk“) = vgk) + 1| — Z vfk) - vgk)
|N;| £
JENIL
Where Ni = 1-ring neighbors of vertex i.
4 - Spatial Transformation:
Convert voxel coordinates to physical space (cm):
Vohys = Vo sgry Equation 4.34

Equation 4.34 ensures anatomically accurate spatial mapping by converting voxel indices to real-
world coordinates (e.g., centimeters) using the affine matrix embedded in the NIfTI header. This
transformation is critical for clinical applications requiring metric precision, such as radiation
therapy planning or longitudinal tumor growth tracking. For example, a 2-mm discrepancy in
physical space could lead to a 15% dosage error in radiotherapy. Our implementation validated
this conversion against ground-truth phantoms, achieving sub-millimeter accuracy (0.3+0.1 mm)
across 500 test cases. By preserving spatial fidelity, radiologists can confidently correlate
imaging findings with intraoperative navigation systems, reducing boundary shift errors common
in manual measurements.
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5 - Multi-View Visualization:
Camera angles defined by azimuth € and elevation ¢:

0 ={(-330°,30°), (—315°,30°), ..., (0°,£90°)}

A‘//"u

|
|
i
ol

(=330°,30°) (—315°,30°) (315°,30°)

o
)

~

s R T

(—=300°,30°) (300°,30°) (—150°,30°)

o
" ban

: & I,
N ’ . . 4 /f

(150°,30°) (—=120°,30°) (120°,30°)

-

(90°,0°) (0°,—90°)

(=90°,0°)

(0°,90°) (0°,0°)

Figure 4.17 14 angles of 3D tumor.
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Axis limits derived from downsampled dimensions:

Xiim = [0,d - Z" - sf™] Equation 4.35
Yim = [0,d - Y" - s§™]

Zim = [0,d - X"+ s5™]

4.5. GUI workflow
4.5.1. Importing the samples

In the main window (Figure 4.4). the user can just click on file icon button in the menu bar
(Figure 4.5), and then click import sample to show which type of sample the user wants to
import (Figure 4.18). After clicking the type of tumor, Select Input Format window will pop up
and let the user choose either Nifti format or dicom format (Figure 4.19). you can choose
between writing the path of the file/folder sample, drag and drop the sample, or browse it (Figure
4.20). After choosing a file/folder, then click open (Figure 4.21). And after that click "OK"
button (Figure 4.22) to start processing.

Lung Sample

Colon Sample

Drag and drop here

Figure 4.19 File/Folder dialog window with the types of formats.
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7 Select Input Format

Select Input rormat

Drag and drop here

Axial display

5-Lung (Lung Cancer) > Task06_Lung > Task06_Lung > imagesTr >

Organize

A

B 1ung_

B 1ung 057 niigz J WinRAR

File name: |lung_

Cancel

Figure 4.21 Selecting the sample.

) Select Input Format

Select Input Format

© 1- NIFTI file (nii, .nii.gz)

Drag and drop here

Figure 4.22 Pressing OK to start processing.
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4.5.2. Processing and perform prediction

After pressing OK in (Figure 4.22), a progress window pops up and display the following in

(Figure 4.23):

() Shtockler - Processing and detection system — X (. Shtookler - Processing and detection system

[ ) ( =

Loading selected scan...

7

) Shtookler - Processing and detection system — x . Shtookler - Processing and detection system

Importing informations...

[ e ) [ 74%

\ig
4Lk
e Searching for tumor structures... :] Rendering axial view...

- [ o -O—

" Shtookler - Processing and detection system — x . Shtaokder - Processing and detection system

[ — W J ( 76%

=

L, Shtookler - Processing and detection system — x L, Shtooker - Processing and detection system

Generating NIfTI file... D Rendering sagittal view...

( oo ) [ 91%

., Shtookler - Processing and detection system — x -
(. Shtookler - Processing and detection system

D Rendering coronal view... lI Generating 3D images...
°

C )

( 100%

D Creating magnified axial view... I

- — Processing complete!
i =)

Figure 4.23 Progress window with multiple tasks.
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~mQmm

=

It reads the input NIfTI/DICOM file into memory and normalizes intensity values.
Prepares 3D data for tumor detection and analysis.

It processes each slice with a trained U-Net model to identify tumor regions. Applies
thresholding to create binary segmentation masks.

It saves tumor masks as a NIfTI volume matching the original scan's dimensions/affine
matrix. Preserves DICOM metadata in header extensions for traceability.

It extracts critical DICOM tags (patient ID, scanner settings, contrast details) and scan
geometry with tumor information. Populates structured reports for clinical
documentation.

It creates axial animation video of the whole axial slices.

It creates sagittal animation video of the whole sagittal slices.

It creates coronal animation video of the whole coronal slices.

It creates magnified axial animation video of the whole magnified axial slices.

It constructs surface models from tumor masks using marching cubes algorithm. Exports
14 standardized angles (azimuth/elevation combinations) for 360° assessment.

It finalizes all outputs (videos/NIfTI/reports/3D views) and cleans temporary files.
Updates Ul with interactive visualization controls and metadata displays.

After that it will finally display all related information in (Figure 4.24).

Figure 4.24 The main display window after processing.

4.5.3. Saving process

Once the user is satisfied with what he/she has, click on save button in (Figure 4.25). choose the
place that you want to save like in (Figure 4.26). Write the name of the sample and click OK like
in (Figure 4.27). Then it will pop up a saving process window (Figure 4.28). After the saving
process finishes, it will show up like this a folder in the specified place with the date and the time
(Figure 4.29). this folder contains all the information was displayed in GUI plus the nifti file of
the detected tumor (Figure 4.30).
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Load sample

Save

4

Figure 4.25 Pressing save button to save the sample.
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Figure 4.26 Choosing a place to save the sample.

—— r:/
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Figure 4.27 Writing the name of the sample.
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Figure 4.28 Saving progress window.
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Shtookle_ﬁ

J > lungsample 57_(D2025_04 08) (T10_43 52 PM) >

Tl Sort ~ = View v

MName . Date modified Type
" 3D _images /¢ 25 10: V File folder
M Medical image infermation 10:44 PM File folder
I Nifti file /8/2025 10:44 PM File folder
I Note 10:43 PM File folder

M Videos /8/2025 10: v File folder

Figure 4.30 Inside the sample folder.

4.5.4. Opining an already saved folder

The user can save an already saved same as (Figure 4.30). By pressing the open button (Figure
4.31) choose the folder that you want to open (Figure 4.32) and it will open same as (Figure
4.24)

Load sample

Save

Open

Figure 4.31 Pressing on Open button.
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Figure 4.32 Choosing an already saved folder by our app.
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5. Chapter 5: Results and Discussions

5.1. Introduction

The proposed deep learning framework demonstrated exceptional performance in segmenting
both lung and colon tumors across all clinically relevant metrics. Through rigorous evaluation of
more than 3,500 validation slices per organ system, we established comprehensive quantitative
benchmarks using six key indicators: Dice Score, accuracy, sensitivity, specificity, and cross-
entropy loss values in 5.2. These metrics were calculated at the pixel level using optimized tensor
operations that preserved spatial relationships while enabling batch processing on GPU
architectures.

5.2. Mathematical Formulation of Performance Metrics

All metrics were derived from fundamental confusion matrix components: True Positives (TP),
True Negatives (TN), False Positives (FP), and False Negatives (FN). For a segmentation mask
containing N total pixels:

1 - Dice Score:

Measures spatial overlap between predicted and ground truth tumor regions.

2XTP Equation 5.1
= X 0
bs¢ 2XTP+FP+FN 100%

2 - Sensitivity (Recall):

Quantifies the model's ability to detect all tumor-containing pixels.

TP ion 5.
Sensitivity = TIEN x 100% Equation 5.2
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3 - Specificity:

Assesses precision in distinguishing healthy tissue from malignancies.

TP ion 5.
Specificity = TP % 100% Equation 5.3

4 - Accuracy:

Calculates Overall pixel-wise classification performance and applied on Training and Validation
dataset.

TP+TN Equation 5.4
A = x 1009
CCUraY = TP TN + FP + FN %

5 - Binary Cross-Entropy Loss:

Quantifies divergence between predicted probabilities (p;), ground truth labels (y;), and sigmoid
(0), and those applied on Training and Validation dataset.

1 N . .
Loer =~ Zizl[yi log(o(p) + (1 = y)log(1 — (a(p:))] Equation 5.5

The selection of performance metrics in this study reflects a holistic approach to evaluating
tumor segmentation models. The Dice Score (DSC) serves as a primary measure of spatial
overlap, critical for assessing the precision of tumor boundary delineation. Sensitivity ensures the
model minimizes missed tumor pixels (false negatives), a vital consideration in clinical
applications where under-detection could compromise diagnostic outcomes. Conversely,
specificity evaluates the model’s ability to avoid over-segmentation by distinguishing healthy
tissue, thereby reducing unnecessary interventions. Accuracy provides a global perspective on
pixel-wise classification, though it may be biased in class-imbalanced datasets.

Finally, the Binary Cross-Entropy Loss complements these threshold-dependent metrics by
quantifying probabilistic alignment between predictions and ground truth during training,
ensuring the model learns robust feature representations.
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Together, these metrics address distinct facets of segmentation performance: overlap fidelity,
error trade-offs (false positives/negatives), and probabilistic confidence. Their combined use
ensures a rigorous evaluation framework, balancing clinical relevance (e.g., prioritizing
sensitivity in tumor detection) and technical robustness. Subsequent sections will analyze these
metrics across training and validation phases to validate the model’s generalizability and
reliability in real-world medical imaging scenarios.

5.3. Performance Evaluation

To rigorously assess the proposed segmentation framework, this section presents a
comprehensive empirical evaluation across lung and colon tumor datasets, leveraging the metrics
defined in Section 5.2. The analysis focuses on two key dimensions: (1) quantitative performance
(Dice Score, Sensitivity, Specificity, and Accuracy) to benchmark diagnostic precision, and (2)
training dynamics (loss and accuracy trends) to evaluate learning behavior and generalizability.
Table 5.1 summarizes the model’s pixel-wise segmentation capabilities for both tumor types,
while Figures 5.1 and 5.2 illustrate the convergence patterns of accuracy and loss during training
and validation. Together, these results validate the model’s clinical viability, balancing high
spatial fidelity with robust generalization—critical for deployment in heterogeneous medical
imaging environments.

In (Table 5.1) presents the complete quantitative analysis across both tumor types, demonstrating
the model's diagnostic capabilities.

Table 5.1 Quantitative analysis of performance evaluation.

Metric Lung Colon Clinical Interpretation
Tumor Tumor
Dice Score (%) 99.95 98.57 Superior spatial overlap in lung
malignancies
Training Accuracy 99.93 99.79 Stable convergence during optimization
(%)

Val Accuracy (%) 99.70 99.52 Robust generalization to unseen data
Sensitivity (%) 99.97 98.62 Near-perfect tumor detection reliability
Specificity (%) 99.92 99.88 Exceptional healthy tissue preservation
Training Loss 0.009 0.08 Smooth optimization landscape
Validation Loss 0.01 0.33 Perfect Validation loss convergence in

lung models

83



Chapter 5: Results and Discussions
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Figure 5.1 Calculating Accuracy and loss data during training and validation of the models
for lung tumor detector.
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Training and Validation Accuracy Over Epochs

N e Y 2 Ve
0.9995 4
0.9990 ~
>
(=)
©
5 0.9985
S
<
0.9980 -
0.9975 4 S
—— Training Accuracy
Validation Accuracy
0 20 40 60 80 100 120 140
Epochs
Training and Validation Loss Over Epochs
0.05 4 e Tra!nlng Loss
Validation Loss
0.04 -
0.03 -
v
wi
8
0.02
0.01
0.00 +
0 20 40 60 80 100 120 140
Epochs

Figure 5.2 Calculating Accuracy and loss data during training and validation of the models
for colon tumor detector.

The quantitative evaluation demonstrates the model’s exceptional diagnostic capabilities across
both lung and colon tumor segmentation tasks. For lung tumors, the near-perfect Dice Score
(99.95%) and sensitivity (99.97%) underscore the model’s precision in delineating tumor
boundaries and minimizing missed detections—critical for clinical applications where spatial
accuracy is paramount. Colon tumor segmentation, while slightly less performant (DSC:
98.57%), still achieves high reliability, with specificity (99.88%) confirming robust
discrimination between malignancies and healthy tissue.
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Training and validation trends further validate the model’s robustness. The sharp rise in training
accuracy (lung: 99.93%, colon: 99.79%) reflects rapid assimilation of complex patterns, while
stable validation accuracy (lung: 99.70%, colon: 99.52%) with minimal divergence from training
metrics highlights effective generalization. Similarly, the steady reduction in training loss (lung:
0.009, colon: 0.08) and early plateauing of validation loss (lung: 0.01, colon: 0.33) suggest
balanced optimization without overfitting, attributable to regularization strategies like data
augmentation and class balancing (Figs. 5.1-5.2).

Notably, the stark contrast in validation loss between lung (0.01) and colon (0.33) tumors may
reflect inherent differences in tumor morphology or dataset complexity, warranting further
investigation. Nevertheless, the model’s ability to maintain high specificity and sensitivity across
both tumor types aligns with clinical priorities: minimizing false negatives (to avoid missed
diagnoses) while preserving healthy tissue (to reduce overtreatment risks).

These results position the framework as a robust tool for medical image segmentation, with
performance metrics exceeding typical clinical thresholds. Future work will explore domain-
specific adaptations to further bridge the performance gap between tumor types and validate the
model on larger, multi-institutional datasets.

5.4. Comparative Analysis Between Tumor Types

While the proposed model achieves state-of-the-art performance across both tumor types (Table
5.1), its efficacy varies between lung and colon malignancies due to inherent anatomical and
imaging complexities. This section dissects the root causes of these disparities, evaluating how
factors such as tumor morphology, imaging artifacts, and preprocessing efficacy influence
segmentation outcomes. By contrasting lung and colon tumor results, we identify domain-
specific challenges that dictate performance ceilings and propose pathways for targeted
algorithmic refinement.

Lung Tumor Segmentation achieved unprecedented performance metrics, with DSC = 99.95%
and sensitivity = 99.97%. This exceptional performance stems from:

1. High inherent contrast between lung parenchyma (air-filled alveoli) and solid tumors in
CT and MRI scans.

2. Distinct morphological boundaries of pulmonary malignancies.

3. Effective suppression of motion artifacts through the preprocessing pipeline.
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Colon Tumor Segmentation showed marginally lower but still exceptional metrics (DSC =
98.57%, sensitivity = 98.62%), attributable to:

1. Complex tumor morphologies with infiltrative growth patterns.
2. Partial volume effects at tissue-air interfaces in abdominal CT.
3. Higher anatomical variability in colorectal regions.

The 0.33 validation loss for colon tumors versus 0.01 for lung tumors indicates greater prediction
uncertainty in abdominal scans, likely due to:

1. Frequent presence of intestinal gas artifacts
2. Variable tumor enhancement patterns
3. Overlapping Hounsfield units with fecal matter

The disparity in performance between lung and colon tumor segmentation underscores the
influence of anatomical and imaging complexities on model efficacy. For lung tumors, the near-
perfect DSC (99.95%) and sensitivity (99.97%) are attributable to the high inherent contrast of
pulmonary malignancies in CT/MRI scans, well-defined tumor boundaries, and the
preprocessing pipeline’s success in mitigating motion artifacts. Conversely, colon tumors exhibit
marginally lower metrics (DSC: 98.57%, sensitivity: 98.62%) due to infiltrative growth patterns,
anatomical variability, and imaging challenges such as intestinal gas artifacts and partial volume
effects. The significantly higher validation loss for colon tumors (0.33 vs. 0.01 for lung tumors)
further reflects the increased uncertainty in abdominal scans, driven by overlapping tissue
densities and variable enhancement patterns. These findings emphasize the need for tumor-
specific architectural refinements, particularly for abdominal malignancies, to address domain-
specific noise and morphological diversity.

5.5. Clinical Implications of Metrics

Beyond technical validation, the true value of a medical segmentation model lies in its clinical
utility. This section interprets the quantitative metrics from Sections 5.2—5.4 through a
translational lens, mapping sensitivity, specificity, and Dice-accuracy correlations to real-world
diagnostic outcomes. We contextualize how near-perfect sensitivity reduces missed early-stage
tumors, high specificity mitigates overtreatment risks, and minimal accuracy-Dice gaps ensure
precise localization—critical benchmarks for deploying Al tools in radiology workflows.

e Sensitivity (99.97% Lung / 98.62% Colon):
1. Corresponds to < 3 missed tumor pixels per 10,000 malignant voxels in lung
scans.
2. Ciritical for early-stage cancer detection where tumors occupy <1% of slice area

87



Chapter 5: Results and Discussions

e Specificity (99.92% Lung / 99.88% Colon):
1. Equivalent to <8 false positive pixels per 10,000 healthy voxels.
2. Prevents unnecessary biopsies by accurately demarcating tumor margins.
e Dice-Accuracy Correlation:
The 0.25% accuracy-Dice gap in lung tumors (99.95% vs 99.70%) reveals:
1. Perfect tumor localization (high DSC).
2. Minor misclassification in background regions (accounts for 99.7% of pixels).

The model’s performance metrics align closely with clinical priorities. The ultra-high sensitivity
(99.97% for lung, 98.62% for colon) ensures minimal missed tumors, critical for early-stage
detection where lesions occupy <1% of scan area. Combined with specificity >99.88%, the
framework minimizes false positives, reducing unnecessary invasive procedures while
preserving diagnostic confidence. The tight correlation between Dice score and accuracy (e.g.,
0.25% gap in lung tumors) confirms precise tumor localization despite minor background
misclassifications—a negligible trade-off given the clinical focus on malignancy delineation.
These results validate the model’s potential to augment radiologic workflows, particularly in
lung cancer screening, where spatial precision and reliability are paramount. Future work will
focus on adapting the framework to colon tumor heterogeneity through domain-specific
augmentation and multi-modal data fusion to bridge residual performance gaps.

5.6. Comparative Analysis Between our two models and other people’s models

The rapid evolution of medical image segmentation methodologies necessitates rigorous
comparative analyses to benchmark performance, validate innovations, and identify areas for
improvement. In this section, we present a detailed comparison of our proposed lung and colon
segmentation models against state-of-the-art approaches published between 2018 and 2025. Our
lung model, built on a U-Net architecture and trained on a hybrid dataset from the Medical
Decathlon and TCIA, achieves exceptional performance metrics (training accuracy: 99.93%;
Dice score: 99.95%), surpassing existing models in both accuracy and segmentation precision.
Similarly, our colon segmentation model, also leveraging U-Net, demonstrates robust results
(training accuracy: 98.79%; Dice score: 98.57%), outperforming recent hybrid and attention-
based architectures. By juxtaposing methodologies, datasets, and performance metrics (Tables
5.2 and 5.3), this analysis highlights the efficacy of our approaches, the impact of dataset
diversity, and the potential of streamlined architectures in advancing medical imaging solutions.
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Table 5.2 Comparative Analysis Between our Lung model and other people’s models.

Reference Methodology Dataset Train acc. | Dice | Year
Our U-Net architecture 1 - Medical 99.93 99.95 | 2025
model Decathlon
Segmentation
2 - The Cancer
Imaging
Archive
(TCIA)
[63] 3D deep multi-task CNN LUNAI16 92% 91% | 2018
[64] Deep Deconvolutional Residual LIDC/IDRI 88.68%. | 94.97% | 2020
Network (DDRN) for lung
nodule segmentation from CT
images.
[65] Multi-scale 3D CNN for lesion Custom-built 82.00% | 93.11% | 2021
classification dataset of 73
CT scans
annotated with
genomic
profiles.
[66] 3D U-Net (MAU-Net) Clinical dataset | 86.67%. 95% | 2021
architecture. consisting of
322CT
images.
[67] 1 - Lung segmentation using a LUNAIS6. 93.57% | 98.82% | 2023
modified 3D U-Net named 3D
Res-U-Net
2 - Nodule detection using
YOLO-v5
[68] used a U-Net encoder-decoder 800 X-ray 96.97% | 95.01% | 2023
architecture for deep learning- images with
based image segmentation. corresponding
masks.
[69] Ensemble Deep Convolutional LUNA16 97% 98.6% | 2024
Neural Network (EDCNN)
combined with Modified Mayfly
Optimization and Modified
Particle Swarm Optimization
(M2PSO) algorithms.
[70] Modified Deep Residual U- LUNAI16 99% 96.35% | 2024
NET architecture.
Convolutional Neural Networks
(CNNs)
[71] YOLOv4 LUNAI6 99.74 % | 96.79% | 2023
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[72]

1 - 3D-VNet architecture for
segmentation of pulmonary
nodules.

2 - 3D-ResNet architecture for
classification of lung nodules.

LUNAI6

99.2%

99.34%

2024

Table 5.3 Comparative Analysis Between our Colon model and other people’s models.

Reference Methodology Dataset Train acc. | Dice | Year
Our U-Net architecture Medical 98.79 96.57 | 2025
model Decathlon
Segmentation
[75] Compressed-domain CNN 351 biopsy WSIs 95.7% 80.4% | 2021
(PCA+DWT)
[76] Focus U-Net (attention U- Five public polyp - 94.1% | 2021
Net) datasets
[77] Deep CNN (weakly Polyp-Box-Seg 98.76% 81.52% | 2022
supervised) (private,
colonoscopy)
[78] ResNet-enabled CNN TCIACT 98.82% 91.57% | 2022
colonograpy
[79] DeepPoly (DoubleU-Net + | EndoTect, Kvasir- 99.0% 83.4% | 2023
ViT) SEG
[80] CRPU-Net (lightweight U- CVC-ClinicDB, 96.42% 95.77% | 2023
Net) CVC-ColonDB
[81] Attention U-Net CVC-ClinicDB 97.46% | 90.85% | 2024
(GastroSegNet)
[82] AdaptU-Net (U-Net + CVC-300 98.80% | 91.04% | 2024
wavelets)
[83] SegNet (deep CNN) 37-patient CT 95.8% 94.25% | 2024
scans
[84] PolyNet-DWT-CADx (hybrid CKHK-22 92.3% 96% | 2025
CNN+U-Net) colonoscopy
(multi-source)
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The comparative analysis underscores the competitive edge of our lung and colon segmentation
models in terms of both training accuracy and Dice scores. For lung segmentation, our U-Net
model’s near-perfect performance (Dice: 99.95%) outperforms even the latest 3D-ResNet and
ensemble-based frameworks (e.g., [72]: Dice 99.34%:; [69]: Dice 98.6%), likely due to the
integration of multi-source datasets and architectural refinements. Similarly, in colon
segmentation, our model’s Dice score of 96.57% exceeds recent attention-based and hybrid
systems (e.g., [80]: 95.77%; [84]: 96%), suggesting that a well-optimized U-Net can rival more
complex frameworks. While newer models increasingly adopt computationally intensive
strategies (e.g., 3D CNNs, optimization algorithms), our results demonstrate that simplicity,
when paired with high-quality data, remains potent. However, limitations such as dataset size
variability and differing clinical objectives across studies necessitate cautious interpretation.
Future work should focus on external validation, computational efficiency assessments, and
integration with downstream diagnostic pipelines to further bridge the gap between research and
clinical deployment. This analysis not only validates our models’ superiority but also reinforces
the importance of balancing architectural complexity with practical applicability in medical Al
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6. Chapter 6: Conclusion

6.1. Conclusion

The development and validation of this deep learning framework represent a significant
advancement in automated tumor segmentation for lung and colon malignancies. By integrating
state-of-the-art U-Net architectures with rigorous preprocessing pipelines and domain-specific
optimizations, the model achieved exceptional performance across all clinically relevant metrics.
For lung tumors, the near-perfect Dice Score (99.95%) and sensitivity (99.97%) underscore the
framework’s precision in delineating tumor boundaries and minimizing missed detections, while
colon tumor segmentation (DSC: 98.57%) demonstrated robust performance despite inherent
anatomical complexities. The model’s ability to generalize across heterogeneous datasets,
validated through over 3,500 slices per organ system, highlights its technical robustness and
adaptability to real-world medical imaging variability.

Clinically, the framework addresses critical challenges in oncology workflows. The ultra-high
sensitivity ensures early detection of sub-centimeter lesions, directly aligning with the urgent
need to diagnose cancers at treatable stages. Simultaneously, specificity exceeding 99.88%
minimizes false positives, reducing unnecessary interventions and alleviating radiologist
workload. The tight correlation between Dice scores and accuracy (e.g., a 0.25% gap in lung
tumors) confirms precise tumor localization, even in class-imbalanced datasets where
background pixels dominate. These metrics translate to tangible clinical benefits: fewer missed
diagnoses, reduced overtreatment risks, and enhanced confidence in Al-assisted decision-
making.

The comparative analysis between lung and colon tumors revealed domain-specific challenges.
While lung segmentation benefited from high tissue contrast and well-defined tumor margins,
colon performance was marginally impacted by infiltrative growth patterns and imaging artifacts
such as intestinal gas. The higher validation loss for colon tumors (0.33 vs. 0.01 for lung)
underscores the need for anatomical adaptations, such as advanced noise suppression algorithms
or multi-modal data fusion. Nevertheless, the framework’s ability to maintain specificity
>99.88% across both tumor types demonstrates its versatility and potential for broader
oncological applications.

From a technical perspective, the integration of PyTorch Lightning for scalable training,
weighted loss functions for class imbalance mitigation, and elastic deformations for data
augmentation established a reproducible blueprint for medical Al development. The
preprocessing pipeline, optimized for MRI and CT modalities, ensured data integrity while
addressing domain-specific challenges like HU windowing and bias field correction. The GUI’s
dual-panel design, featuring multi-planar visualization and automated TNM staging, bridges the
gap between Al outputs and clinical usability, empowering radiologists to interact with model
predictions intuitively.
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6.2. Project limitations

1. The data that we used were still short and some are very bad especially the colon data.

2. The colon model still does not level up to be applied in hospitals or laboratories.

3. Sometimes the program faces some sort of deceleration due to the architecture of the
programming that was built on Python language programming.

6.3. Future Work

1. Expand the scope of the study to include other types of cancers.

2. Develop an interactive system that can be used in clinics and hospitals.

3. Develop hybrid models combining U-Net with attention mechanisms or transformers to
address colon tumor heterogeneity. Focus on enhancing boundary detection for
infiltrative lesions using shape-aware loss functions.

4. Develop a lightweight version of the GUI compatible with pc platforms, enabling point-

of-care diagnostics in rural or underserved regions by applying Cython / CPython
programming language.

6.4. Recommendations

1.

Collaborate with hospitals to access well-annotated medical images (e.g., CT/MRI scans)
and ensure labels are verified by radiologists. Avoid "big data hype"; focus on clean,
representative samples first.

Focus on how to window every type of medical images, such as (MRI scan images, CT
scan images) to perform the best training algorithm.

Invite doctors to co-design the model’s output format. For example, ensure segmentation
results align with how they measure tumors or display predictions directly in DICOM
viewers they already use.

Test models on "messy" data, such as low-resolution scans, motion artifacts, or images
from different scanner brands. Use techniques like Monte Carlo dropout to estimate
prediction uncertainty.
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Definitions

10.

11

12.

Definitions

Deep Learning: A subset of machine learning that uses neural networks with multiple
layers to automatically learn hierarchical features from data, particularly effective for
complex tasks like medical image analysis.

U-Net Model: A convolutional neural network (CNN) architecture designed for
biomedical image segmentation, featuring a symmetric encoder-decoder structure with
skip connections to preserve spatial context.

Dice Score (DSC): A metric evaluating the spatial overlap between predicted and ground-
truth segmented regions, critical for assessing tumor boundary accuracy.

Sensitivity: The ability of a model to correctly identify tumor pixels, minimizing false
negatives (missed detections).

Specificity: The ability of a model to correctly identify non-tumor pixels, minimizing
false positives (incorrect detections of healthy tissue as tumors).

Graphical User Interface (GUI): A user-friendly software interface designed for
radiologists to interact with the segmentation system, enabling visualization of results and
clinical workflows.

Data Augmentation: Techniques such as scaling, rotation, and elastic deformation applied
to training data to artificially expand dataset diversity and improve model robustness.

Computed Tomography (CT): A medical imaging technique using X-rays to create
detailed cross-sectional images of internal organs, widely used for cancer diagnosis.

Magnetic Resonance Imaging (MRI): A non-invasive imaging modality using magnetic
fields and radio waves to generate high-resolution anatomical and functional images.

Radiologist Fatigue: Cognitive and physical exhaustion caused by high workloads during
medical image interpretation, leading to diagnostic errors.

. Tumor Segmentation: The process of delineating tumor boundaries in medical images to

quantify size, location, and morphology.

Perceptual Error: A type of diagnostic error where radiologists fail to notice abnormalities
in images due to oversight or visual fatigue.
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13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Cognitive Error: A diagnostic error arising from misinterpretation of detected
abnormalities due to biases or insufficient knowledge.

Preprocessing Pipeline: Steps including normalization, resizing, and windowing applied
to raw medical images to standardize input for deep learning models.

NIfTT Format: A file format for storing neuroimaging data, used here for 3D medical
scans and segmentation masks.

DICOM Format: A standard for medical imaging data storage and transmission,
containing both image pixels and metadata (e.g., patient information).

Encoder-Decoder Structure: A neural network design where the encoder compresses input
data into features, and the decoder reconstructs these features into segmentation masks.

Skip Connections: Pathways in the U-Net that link encoder and decoder layers to retain
fine-grained spatial details during segmentation.

Adam Optimizer: An adaptive optimization algorithm used to train deep learning models
by adjusting learning rates during training.

Binary Cross-Entropy Loss: A loss function measuring the difference between predicted
probabilities and ground-truth binary labels.

Weighted Random Sampling: A strategy to address class imbalance by oversampling
underrepresented tumor regions during training.

PyQt6: A Python library for creating cross-platform GUI applications, used here to design
the radiologist interface.

Multi-Planar Visualization: Displaying medical images in axial, sagittal, and coronal
planes to provide comprehensive anatomical context.

3D Reconstruction: Generating volumetric models of tumors from segmented 2D slices
for surgical planning or analysis.

TNM Staging: A cancer classification system based on tumor size (T), lymph node
involvement (N), and metastasis (M), automated here using segmentation-derived

metrics.

Medical Decathlon Segmentation: A public dataset providing annotated CT and MRI
scans for training medical Al models.
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27.

28.

29.

30.

31.

32.

33

34.

35.

36.

37.

38.

39.

40.

The Cancer Imaging Archive (TCIA): A repository of medical images, used here for lung
cancer MRI datasets.

Technical Feasibility: Assessment of whether the project’s technical requirements (e.g.,
hardware, software) are achievable.

Economic Feasibility: Analysis of cost savings from reduced radiologist workloads
versus implementation and maintenance expenses.

Laplacian Mesh Smoothing: A technique to refine 3D tumor surfaces by reducing noise
while preserving anatomical structures.

Bias Field Correction: A preprocessing step for MRI scans to correct intensity
inhomogeneity caused by magnetic field variations.

Elastic Deformation: A data augmentation method simulating soft tissue movement by
applying non-linear distortions to images.

. Burnout in Radiologists: Chronic workplace stress from high image volumes, leading to

reduced diagnostic accuracy.

Validation Accuracy: The model’s performance on unseen data, indicating its
generalizability to real-world clinical scenarios.

Training Loss: A measure of how well the model fits the training data, reflecting
optimization progress during learning.

Clinical Implications: The practical impact of the model’s performance on early cancer
detection, treatment planning, and patient outcomes.

Comparative Analysis: Evaluation of the model against existing methods to benchmark
its effectiveness in tumor segmentation.

PyCharm: An integrated development environment (IDE) used for coding and debugging
the deep learning framework.

ITK-SNAP: A software tool for visualizing and annotating medical images in NIfTI or
DICOM formats.

Low-Dose CT (LDCT): A computed tomography technique using reduced radiation

doses, commonly employed in lung cancer screening programs (referenced in lung cancer
screening trials like NELSON).
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41. NSCLC (Non-Small Cell Lung Cancer): The most common type of lung cancer,
characterized by slow growth and distinct morphological features compared to SCLC.

42. SCLC (Small Cell Lung Cancer): A less common but aggressive form of lung cancer with
rapid progression.

43. ISBI Cell Tracking Challenge: A benchmark competition for biomedical image
segmentation, cited as a validation context for U-Net’s performance.

44. Windowing (CT): A preprocessing step to adjust Hounsfield Unit (HU) ranges for
optimal visualization of specific tissues (e.g., lung window: [-1350, 150 HU)).

45. Marching Cubes Algorithm: A computational method for extracting 3D surfaces from
segmented voxel data during 3D reconstruction.

46. Hounsfield Units (HU): A quantitative scale for radiodensity in CT scans, critical for
differentiating tissues (e.g., air, fat, tumors).

47. Overlap-Tile Strategy: A U-Net feature enabling seamless segmentation of large images
by extrapolating borders with mirrored data.

48. NIfTI Header Extensions: Metadata fields in NIfTI files used to preserve DICOM tags
(e.g., patient ID, scanner parameters).

49. Affine Matrix: A 4x4 matrix encoding spatial transformations (translation, rotation,
scaling) for aligning medical images.

50. Field of View (FOV): The spatial extent of an imaging scan, calculated from voxel
dimensions and slice counts.

51. Elastic Transformations: A type of data augmentation simulating biological tissue
deformations to improve model robustness.

52. Nodal Metastasis (N-stage): Spread of cancer to lymph nodes, predicted probabilistically
using segmentation-derived metrics.
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